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Abstract

In this thesis, our focus has been on enhancing the applicability and reliability of
the truncated Euler-Maruyama (EM) numerical method for stochastic differential
equations (SDEs) and stochastic delay differential equations (SDDEs), initially in-
troduced by Mao [21]. Building upon this method, our contributions span several
chapters. In Chapter 3, we pointed out its limitations in determining the conver-
gence rate over a finite time interval and established a new result for SDEs whose
diffusion coefficients may not satisfy the global Lipschitz condition. We extended
our exploration to include time delays in Chapter 4, allowing for varying delays
over time. The chapter also introduces additional lemmas to ensure the conver-
gence rates of the method to the solution at specific time points and over finite
intervals. However, the global Lipschitz condition on the diffusion coefficient is
currently required. In Chapter 5, we focused on the Lotka-Volterra model, intro-
ducing modifications such as the Positive Preserving Truncated EM (PPTEM) and
Nonnegative Preserving Truncated EM (NPTEM) methods to handle instances
where the truncated EM method generated nonsensical negative solutions. The
proposed adjustments, guided by Assumption 5.1.1, ensure that the numerical so-
lutions remain meaningful and interpretable. Chapter 6 extends these concepts to
the stochastic delay Lotka-Volterra model with a variable time delay, demonstrat-
ing the adaptability and applicability of our methods. Despite we also assume the
stronger condition 6.1.1 to prove the convergence of numerical solutions, future
research aims to explore relaxed conditions, broadening the applicability of these
numerical methods. Overall, this thesis contributes to establishing convergence
rates for SDEs under local Lipschitz diffusion coefficients, extending the method-
ology to address time delays and modifying the truncated EM method to ensure
positive and nonnegative numerical solutions. These advancements are demon-
strated through applications to the stochastic variable time delay Lotka-Volterra

model, emphasizing the meaningfulness and interpretability of the solutions.
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Notations

positive
nonpositive
negative
nonnegative

a.s.

traceA
Al
C(D;R%)

O™ (D;RY)

> 0.

<0.

< 0.

> 0.

almost surely, or with probaility 1.

A is defined by B or A is denoted by B.

A(z) and B(x) are indentically equal, i.e. A(z) = B(x) for all z.

the empty set.

the indicator function of a set A i.e. 14(x) =1if 2 € A or

otherwise 0.

the complement of A in €2, i.e. A°=Q — A.

min {a, b}.

max {a, b}.

the mapping f from A to B.

the real line.

the set of all nonnegative real numbers, i.e. Ry = [0, 00).

the d-dimensional Euclidean space.

={zeR?:z;> 0,1 <i<d},ie. the positive cone.

={zeR?:2;>0,1<i<d}.

the Euclidean norm of a vector x.

the transpose of a vector or matrix A.

the trace of a square matrix A = (a; j)axa, i.e. traceAd =, ., ;.
trace (AT A), i.e. the trace norm of a matrix A. o

the family of continuous R%valued

functions defined on D.

the family of continuous m—times differentiable

R?-valued functions defined on D.
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£7([a, b]; RY)
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LP(R,;RY)

MP(R1;RY)

the family of functions in C™(D;R?) with compact
support in D.

the family of all real-valued functions V'(z,t) defined on
D x R, which are continuously twice differentiable in

x € D and once differentiable in ¢t € R,..

ov ov
= (Voo V) = (8_xl a—xd)
— — (_2*v
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the family of R%valued random variables ¢ with E £’ < oco.

the family of R%valued F;-measurable random variables &
with E [£[’ < oc.

the space of all continuous Ré-valued functions ¢

defined on [—7, 0] with a norm ||¢|| = sup_,<y<q |2(0)|.
the family of all C'([—7, 0]; RY)-valued random variables ¢
such that E|[¢[|? < occ.

the family of all F;-measurable C'([—7, 0]; R?)-valued
random variables ¢ such that E||¢||” < oco.

the family of all F;-measurable bounded C([—7,0]; R%)
-valued random variables.

the family of Borel measurable functions h : [a, b] — R?
such that fab |h(t)[Pdt < oc.

the family of R%valued Fi-adapted processes {f(¢)},<,<p
such that f: |f(t)|Pdt < oc. o
the family of processes {f(t)},<,<, € L£P([a,b]; R?) such
that E | f(£)[Pdt < oo. o

the family of processes {f(t)},5, such that for every
T>0, {f(t)}ogth e L£r([0,T}; RY).

the family of processes {f(t)},., such that for every

T >0, {f(t)}ozper € MP([0,T;RY).

Additional notations will be clarified when they first appear.
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Chapter 1
Introduction

A stochastic differential equation (SDE) is a mathematical framework used to
model systems affected by both deterministic and random factors. It extends
the principles of ordinary differential equations (ODEs) to encompass elements
of chance and is employed in fields like physics, finance, biology, and engineering
where randomness and unpredictable variations are significant.

A standard SDE is usually expressed as follows:
dX(t) = f(X(t),t)dt + g(X (1), t)dB(t)

In this equation, X (¢) is the stochastic process and represents the system’s chang-
ing state at time t > 0. f(X(¢),t) characterizes the deterministic drift, signify-
ing the system’s expected behaviour, while g(X(t),t) describes stochastic diffu-
sion, modelling random fluctuations. And dB(t) denotes the incremental change
of a Wiener process or Brownian motion, capturing the inherent uncertainty,
[15, 19, 30]

If the drift and diffusion are complex, determining the explicit solutions of
SDEs is difficult. Numerical methods for SDEs have become a focal point of
research in this area. Until 2002, most of the existing strong convergence theory
in this area necessitated global Lipschitz continuous coefficients for SDEs (see,
e.g., [15, 19, 29]). In 2002, Higham, Mao, and Stuart’s publication [10] initiated a
new phase, focusing on the strong convergence issue for numerical approximations
under the local Lipschitz condition.

Given that the classical Euler-Maruyama (EM) method may struggle with

SDEs under the local Lipschitz condition but without the linear growth condition



(i.e., highly nonlinear SDEs) (see, e.g., [11, 13]), implicit methods have naturally
been employed to study numerical solutions for highly nonlinear SDEs (see, e.g.,
[26, 33, 34]). Despite this, the explicit EM method possesses a straightforward
algebraic structure, cost-effectiveness, and an acceptable convergence rate under
the global Lipschitz condition. Several modified EM methods have recently been
developed for the highly nonlinear SDEs. These include the tamed EM method
[14, 31, 32], the tamed Milstein method [35] and the stopped EM method [18].

In 2015, Mao introduced the modified EM approximate method for SDEs which
is called the truncated EM method, [21]. Using this method, he demonstrated
that the truncated EM solution converges in the LY norm to the exact solution
under both local Lipschitz and Khasminskii-type conditions. The following year,
Mao further presented the convergence rate at a finite time 7' > 0, see [22]. To
calculate the numerical solution with the rate of [22], unfortunately, the step size
is sometimes required very small, or we can say it is inapplicable.

In contrast, Hu, Li, and Mao (2018) asserted in [12] that the step size can be
flexible within the interval (0,1}, and the convergence rate at time 7" exhibits a
degree of similarity. In practical applications, a convergence rate at time 7T suffices
for scenarios, for example, requiring the approximation of European put or call
option values. Yet, for accurate estimations of path-dependent quantities, encom-
passing the entire lifespan of options like barrier options and bonds is essential,
for more information see [9)].

Mao (2016) [22] previously established the convergence rate of the truncated
EM method over a finite time interval. However, the challenge persists as the small
step size requirement remains. Additionally, the proof of convergence rate over
a finite time interval in [22] relied on assuming global Lipschitz continuity in the
diffusion coefficient. Despite the enhancement seen in the truncated EM method,
as demonstrated in [12], it effectively addresses the challenge associated with the
step size. Generally, numerous financial models exhibit diffusion coefficients, as
exemplified by the Ait-Sahalia model [5], that do not adhere to the global Lipschitz
condition. In Chapter 3, we aim to relax the requirement of global Lipschitz conti-
nuity for the diffusion coefficient to achieve the convergence rate of the truncated
EM method over a finite time interval.

A stochastic differential delay equation (SDDE) expands the SDE framework by
introducing both stochastic components and time delays in the system’s dynamics.

SDDEs are used to model systems where the current state depends not only on



past states and random influences but also on states at previous time points.

A general form of a stochastic differential delay equation is as follows:
AX (1) = FOX(1), X (t - 7), D)t + g(X (1), X (¢ — 7), )dB(L)

In this equation, X (¢) represents the state of the system at time ¢. The term
f(X(t), X(t — 7),t)dt captures the deterministic part of the evolution, represent-
ing how the system changes over time based on its current state and a delayed
state. The delayed term X (¢t — 7) introduces a time lag, reflecting the impact of
past states on the current dynamics. The term g(X (), X (t—7),t)dB(t) introduces
stochasticity to the system. The function g quantifies how random fluctuations
affect the system, and dB(t) represents the differential increment of a Brownian
motion. The stochastic component accounts for inherent uncertainties and ex-
ternal influences in the system. The inclusion of time delays in SDDEs can lead
to intricate and diverse dynamics, making them especially suitable for modelling
systems exhibiting phenomena like feedback loops, memory effects, or history-
dependent behaviour, see more [19].

Similarly to SDEs, early research of SDDEs focuses on the numerical solutions
under conditions that their coefficients satisfy the linear growth condition and the
global Lipschitz condition. Consequently, to reduce the global Lipschitz condi-
tion, many researchers developed the numerical solution under the linear growth
condition and the local Lipschitz condition, [2, 3, 4, 16]. To apply more SDDE
models, the generalized Khasminskii-type condition was applied to SDDEs instead
of the linear growth condition, [20]. In 2018, Guo, Mao and Yue modified the trun-
cated EM method for SDDEs with a constant time delay under the generalized
Khasminskii-type condition and the local Lipschtiz condition. Fei et. al., in 2020,
fixed the problem that the step size required [8] too very small and also provided
the rate of convergence both at a time 7" and over a finite time interval.

According to the result in [25], Mao and Sabanis applied the EM numerical
method for SDDEs with variable time delay. In Chapter 4, we aim to find the
convergence rate of the SDDEs, with a variable time delay under the generalized
Khasminskii-type condition and the local Lipschtiz condition, at a specific time T'
and over a finite time interval.

Although the truncated EM method is the new method that can be applied

to SDEs and SDDEs with the nonlinear coefficients as described above, on some



SDE models, the truncated EM method can generate negative numerical solutions
which are uninterpretable. For example, the stochastic Lotka—Volterra model for
interacting multi-species in ecology should have positive solutions (see, e.g., [1, 23,
19]). The SDE SIS model in epidemiology also has positive solutions (see, e.g.,
[7]). These SDE models are all highly nonlinear. Therefore a positive solution is
important to make the meaningfulness and interpretability of the solution.

Chapter 5 mainly focuses on the modification of the truncated EM method
to create a new positivity preserving truncated EM (PPTEM) for the well-known
stochastic Lotka—Volterra model for interacting multi-species in ecology. The rea-
son why we will concentrate on this model is because it has typical features: highly
nonlinear, positive solution and multi-dimensional. It is not worthless to note that
our approach is to establish a new nonnegative preserving truncated EM (NPTEM)
and then the more desired PPTEM since some other SDE models, in applications,
have their solutions taking nonnegative values. Furthermore, it would be natu-
ral based on mathematics to determine the nonnegative solutions and follow the
positive ones.

As a consequence, in SDDE models, the truncated EM numerical solutions also
take a negative value. The next aim is to modify the truncated EM method to
have the positive preserving or the nonnegative preserving properties by applying
the stochastic delay Lokta-Volterra model. Additionally, we combine the idea of a
variable time delay to this model and describe the methodology in Chapter 6.

To be more clear about this thesis, we organise this thesis as follows: We pro-
vide mathematical background such as Probability theory, 1t6 formula and other
useful inequalities in Chapter 2. Chapter 3 is our first aim which is the conver-
gence rate over a finite time interval of SDEs with a nonlinear diffusion coefficient.
In Chapter 4, we investigate the rate of convergence of SDDEs with a variable
time delay. Chapter 5 is extracted from the paper Positivity Preserving Truncated
Fuler-Maruyama Method for Stochastic Lotka-Volterra Competition Model, [27],
which I co-authored with Prof. Mao Xuerong and Prof. Wei Fengying. In this
chapter, we define the new methodologies PPTEN and NPTEM for the stochastic
Lokta-Volterra model. The last aim in Chapter 6 is an extension of PPTEM and
NPTEM to the stochastic delay Lokta-Volterra model with a variable time delay.
The thesis concludes by engaging in discussions that encompass the drawbacks,
limitations, potential further applications, and future extensions of the theoretical

discoveries outlined in Chapter 7.



Chapter 2
Preliminaries

In order to make this thesis self-sufficient, we will cover the fundamental math-
ematical tools. In this chapter, we will explore the basics of SDEs by starting
with some concepts from the probability theory. Afterwards, we will introduce
the stochastic processes and dive into the essential ideas of Brownian motion,
stochastic integrals and It6 calculus. We will also introduce stochastic differential
equations and SDDEs, and end up with the well-known mathematical inequalities.
Just so you know, we've drawn inspiration and content from references [19], [28],
and [30].

2.1 Basic probability concepts

Let us begin with the fundamental mathematical principles of probability theory.
Let Q be a given set. A family of subsets of () called as o-algebra, F, on € if it

satisfies the following properties:
(i). 0 e F;
(ii). if A € F then A° € F;
(iif). if {A;i};5, € F then U, A; € F.

The pair of (2, F) is called a measurable space, and the individual elements within
F are referred to as F-measurable sets or simply events. If C'is a family of subsets
of €, then there exists a smallest o-algebra o(C') on Q which contains C. The

o(C) is also called the o-algebra generated by C. For a specific case Q = R? and
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the family of all open sets C' in RY, B? = ¢(C) is called the Borel o-algebra and
the elements of B? are called the Borel sets.

A real-valued function X : Q — R is said to be F-measurable if
{w: X(w) <a} e Fforall aeR.

The function X can also be referred to as a real-valued (F-measurable) random
variable. An Ri-valued function X (w) = (X;(w), Xa(w), -+, Xq(w))7T is said to be
F-measurable if all the elements X, are F-measurable. Similarly, a d x m-matrix-
valued function X (w) = (X;;(w))axm is said to be F-measurable if all the elements
X;; are F-measurable.

The indicator function 14 of a set A C € is defined by

1 forwe A,
0 forw¢ A

]lA(w) =

The indicator function 14 is F-measurable if and only if A is an F-measurable
set, i.e. A € F. If the measurable space is (R?, B?), a B?-measurable function is
then called a Borel measurable function.

More generally, let (€', F’) be another measurable space. A mapping X : Q —
(Y is said to be (F, F')-measurable if

{w: X(w)e A} e Florall A € F.

The mapping X is then called an 2'-valued (F,F’)-measurable (or simply, F-
measurable) random variable.

For a given function X : Q — R the o-algebra o(X) generated by X is the
smallest o-algebra on  containing all the sets {w: X(w) € U},U C R? open.
That is

o(X)=oc({w: X(w) € U}: U C Ropen).

Clearly, in this case, X becomes o(X)-measurable and ¢(X) is the smallest o-
algebra with the property. If X is F-measurable, then o(X) C F, in other words,
X generates a sub-c-algebra of F. If {X;:i € I} is a collection of R-valued
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functions, define

o(X;:iel)=o (Ua(xi)>

which is called the o-algebra generated by {X; : i € I}. It is the smallest o-algebra
with respect to which every X; is measurable.

A probability measure P on a measurable space ({2, F) is a function P : F —
[0, 1] such that

(i). P(2) =1, and

(ii). if Ay, As, As, ... is a sequence in F such that 4; N A; = 0 for all i # j, then
P (U An) = P(4).
n=1 n=1

The triple (Q, F,P) is called a probability space.
If (Q, F,P) is a probability space, we set

F={AcQ: there exist B,C € F such that B C A C C,P(B) = P(0)}.

Then F is a o-algebra and is referred to as the completion of F. If F = F, the
probability space (€2, F,P) is said to be complete. In consequence, we refer to a
given complete probability space as (2, F,P).

A random variable X is an F-measurable function X : Q — R?. Every random

variable induces a probability measure jx on the Borel measurable space (R%, B),
defined by

px(B) =P{w: X(w) € B} for B € B,

and px is called the distribution of X.
If X is a real-valued random variable and is integrable with respect to the

probability measure P, then the number

BX = [ X(@)P(w) = [ adux(o)
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is called the expectation of X with respect to IP. The number
V(X) = E(X - E(X))?

is called the variance of X.
More generally, if f : R? — R™ is Borel measurable and [, | f(X (w))[dP(w) < oo,

then we have
BIX) = [ JX@)aPe) = [ f@inx (o)
Ry
The number E|X|? for p > 0 is called the pth moment of X ie. E|X|P =
Jo | X (w)|PdP(w). For p € (0,00), let LP = LP(Q;R?) be the family of R%-valued

random variables X with E|X|? < oo. In L', we have |EX| < E|X|. Moreover,

the following three inequalities hold true.

(i). Holder’s inequality : if p> 1, 1/p+1/g=1, X € L? and Y € L9, then
E(XTY)| < (E[X[P)VP(E[Y])HY
ii). Minkovski’s inequality : if p > 1 and X,Y € L?, then
(i) quality : if p , :
(BIX +YP)» < (BIXP)P + (BlY )
iii). Chebyshev’s inequality : if ¢ > 0, p > 0 and X € L?, then
(iif) y y
1
P{w: | X(w)| >c} < —pE|X|p.
c
A simple application of Holder’s inequality implies
(EIX|)Y" < (BIXP)P

if0<r<p<oo, X € LP.
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2.2 Stochastic processes

Let (Q, F,P) be a probability space. A filtration is a family {F},., of increasing
sub-o-algebras of F (ie. F; C F, C Fforall0 <t < s < oo)i The filtration
is said to be right continuous if F; = Ng=Fs for all ¢ > 0. When the probability
space is complete, the filtration is considered to satisfy the usual conditions if it is
both right continuous and Fy contains all P-null sets.

From now on, unless otherwise specified, we assume that (2, F,P) is a complete
probability space with a filtration {F}},., satisfying the usual conditions. We also
define Fioo = 0 (U,»q Ft), i-e. the a—algei)ra generated by (J,~, Fi-

A family {Xt}t_e ; of Ré-valued random variables is called a stochastic process
with parameter set or index set I and state space R?. The parameter set I is usually
the half-line Ry = [0, 00), but it may also be an interval [a,b], the non-negative

integers or even subsets of R?. For each fixed ¢ € I, we have a random variable
Q35w — Xy (w) e R?

On the other hand, for each fixed w € €2, we have a function
I>t— X, (w) eR?

which is called a sample path of the process, and we shall write X,(w) for the path.
For convenience, we often write X (t,w) instead of X;(w). The stochastic process
can be seen as a function of two variables (¢,w), mapping from I x © to R%. We
commonly represent the stochastic process {X;},., as simply {X;}, X; or X(t).
In this work, we use the variable x(t) to refer to a stochastic process.

Let {X;},-, be an R%-valued stochastic process. The stochastic process is said
to be continuous (resp. right continuous, left continuous) if for almost all w € Q,
the function X;(w) is continuous (resp. right continuous, left continuous) on ¢ > 0.
It is said to be cddldg (right continuous and left limit) if it is right continuous and
for almost all w € Q, the left limit limy; X (w) exists and is finite for all ¢ > 0.
It is said to be integrable if for every t > 0, X, is an integrable random variable.
It is said to be {F:}-adapted if for every t > 0, X, is Fi-measurable. It is said
to be measurable if the stochastic process regarded as a function of two random
variables (f,w) from Ry x Q to R? is B(R,) x F-measurable, where B(R,) is the

family of all Borel sub-sets of R, . The stochastic process is said to be progressively
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measurable or progressive it for every T" > 0, {Xt}ogth regarded as a function of
(t,w) from [0,7] x Q to R? is B([0,T]) x Fr-measurable, where B([0,T]) is the
family of all Borel sub-sets of [0, 7.

A random variable 7 : Q — [0,00] (it may take the value oo) is called {F;}
stopping time if {w : 7(w) < t} € F, for any ¢ > 0.

Theorem 2.2.1. If {Xt}tzo s a progressively measurable process and T is a stop-
ping time, then X; 1.y is Fr-measurable. In particular, if T is finite, then X,

1s F, measurable.

Theorem 2.2.2. Let {X;},, be an R%-valued cddlig {F;}-adapted process, and
D an open subset of R%. Define

T=inf{t >0: X, ¢ D},

where we use the convention inf ) = co. Then 7 is an {F;}-stopping time, and is

called the first exit time from D. Moreover, if p is a stopping time, then
6 =inf{t>p: X, ¢ D}

is also called {F;}-stopping time, and is called the first exit time from D after p.

An R%valued {F;}-adapted integrable process {M;},, is called a martingale
with respect to {F;} (or simply, martingale) if

E(M;|Fs) = My a.s. forall 0 < s <t < 0.

Keep in mind that every martingale has a cadlag modification because we
consistently assume that the filtration F; is right continuous.

If X = {X.},5, is a progressively measurable process and 7 is a stopping time,
then X, = {XT/\;}tZO is called a stopped process of X. The following is the well-

known Doob martingale stopping theorem.

Theorem 2.2.3. Let {My},., be an R*-valued martingale with respect to {F},
and let 6, p be two finite stopping times. Then

]E(Mg’.rp) = Mg/\p a.s.
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In particular, if T is a stopping time, then
]EI(MT/\tlFs) — M‘I‘/\S a.Ss.

holds for 0 < s < t < oco. That is, the stopped process M, = {M.n} is still

martingale with respect to the same filtration {F;}.

A stochastic process X = {X},5, is called square-integrable if it satisfies the
condition E|X;|? < oo for every ¢ 2_ 0. If M = {M,},-, is a real-valued square-
integrable continuous martingale, then there exists a ungque continuous integrable
adapted increasing process denoted by (M, M), such that {M? — (M, M),} is a
continuous martingale vanishing at ¢ = 0. The process {(M, M),} is called the

quadratic variation of M. In particular, for any finite stopping time 7,
EM? =E (M, M)_.

IfN = {Nt}tzo is another real-valued square-integrable continuous martingale, we
define

(M,N), = 5 ((M -+ N, M+ N), = (M, M), — (N, N),),

and call {(M,N),} the joint quadratic variation of M and N. It is useful to
know that {(M, N),} is the unique continuous integrable adapted process of finite
variation such that {M;N, — (M, N),} is a continuous martingale vanishing at

t = 0. In particular, for any finite stopping time 7,
EM,N, =E(M,N)_.

A right continuous adapted process M = {M,;},., is called a local martingale if
there exists a nondecreasing sequence 7j;>; of s‘;opping times such that 7, T oo
a.s. Furthermore, for each k& > 1 the process {M; . — My},5, is a martingale.
It’s worth noting that every martingale is also a local martiglgale, as indicated
by Theorem 2.2.3, but the converse is not necessary true. If M = {M,},., and
N = {N,},-, are two real-valued continuous local martingales, their joint qungmtz’c
variation {ZM ,N)},5 is the unique continuous adapted process of finite variation.
This process has the property that {M;N, — (M, N)
martingale vanishing at ¢ = 0. When M and N are equal, {(M, M)}, is known

t}tZO is a continuous local
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as the quadratic variation of M.

The next outcome is the valuable strong law of large numbers.

Theorem 2.2.4 (Strong law of large numbers). Let M = {M,},. be a real-valued

continuous local martingale varnishing at t = 0. Then

M,
Zf }i}g} <M7 M)t =00 a.s. then }i}g m =0 a.s.
and also
M, M M,
if lim supM < o0 a.s. then lim — =0 a.s.
t—00 t t—o0 t

More generally, if A = {A;},~q s a continuous adapted increasing process such
that

d{M,M
lim A, = oo and/ M<ooa.s.
t—oo 0 (1 + At)2

then

.M,
tli)rglo A 0 a.s.
A real-valued {F; }-adapted integrable process { M}, is called a supermartin-

gale (with respect to {F;}) if
E(M|Fy) < M,
and a submartingale (with respect to {F;}) if
E(M|Fs) > M as. forall 0 < s <t < 0.

Obviously, {M,} is submartingale if and only if {—M,;} is a supermartingale.
For a real-valued martingale {1}, both {M;" := max(},,0)} and
{M; :=max(0,—M;)} are submartingales. In the case of a supermartingale
(or submartingale), the expected value EM,; is monotonically decreasing (or in-
creasing). Furthermore, if p > 1 and {M,} is an R%valued martingale with
M; € LP(Q;R?), then {|M;|P} is a non-negative submartingale. It’s worth not-

ing that Doob’s stopping Theorem 2.2.3 can applies to supermartingales and sub-
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martingales as well.

2.3 Brownian motions

In 1828, the Scottish botanist Robert Brown made an observation that pollens
suspended in liquid exhibited irregular motion. This motion was later explained
as a result of random collisions with the molecules of the liquid. To mathematically
describe this motion, it is natural to employ the concept of a stochastic process
Bi(w), which can be interpreted as the position of the pollen grain w at a given
time ¢t. This stochastic process is known as Brownian motion and is one of the
fundamental continuous-time stochastic processes. It finds valuable applications
in several stochastic systems and lays the groundwork for stochastic analysis. Let

us now provide the mathematical definition of Brownian motion.

Definition 2.3.1. Let (Q,F,P) be a probability space with a filtration {F},-,-
A (standard) one-dimensional Brownian motion is a real-valued continuous JF;-

adapted process By~ with the following properties:
(i). Bo=0 a.s.;

(ii). for 0 <s <t < oo, the increment By — B is normally distributed with mean

zero and variance t — s;
(iii). for 0 < s <t < oo, the increment By — By is independent of Fs.
(iv). Almost surely, the sample path t — B(w) is continuous.

Let {Bi}oc;cp on [0, 7] for some T' > 0. If {B:},5, is Brownian motion and
1 <@ <k are

independent, and we say that the Brownian motion has independent increments.

0 <ty <ty <--- <t < oo, then the increments B;, — By, |,
Moreover, the distribution of B;, — By, , depends only on the difference t; — t;_;,
and we say that the Brownian motion has stationary increments. The filtration
{F:} is a part of the definition of Brownian motion.

The following are important properties of Brownian motion.
(i). {—B} is a Brownian motion with respect to the same filtration {F;}.

(ii). Let ¢ > 0. Define X, = % for ¢t > 0. The {X,} is a Brownian motion with
respect to the filtration {Fe.}.
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(iii). {B} is a continuous square-integrable martingale and its quadratic variation
(B,B), =t forallt >0.

(iv). The strong law of large numbers states that

B

lim — =0 a.s.

t—oo t

(v). For almost every w € Q, the Brownian sample path B.( ) is nowhere differen-
tiable.

(vi). For almost every w € €2, the Brownian sample path B,(w) is locally Holder
continuous with exponent ¢ if § € (0,1/2). However, for almost every w € €2,
the Brownian sample path B,(w) is nowhere Holder continuous with expo-
nent § > 1/2.

2.4 Stochastic integrals

In this section, we introduce the mathematical framework for stochastic integral.

Now, let us establish the definition of the stochastic integral

/ ' f(s)aB,

with respect to an m-dimensional Brownian motion {B;} for a class of d x m-
matrix-valued stochastic processes {f(t)}. Due to the fact that, for almost all
w € €, the sample path of Brownian motion B,(w) exhibits infinite variation and
is nowhere differentiable, the integral cannot be defined using the usual methods.
The concept of this integral was first defined by K. It"o in 1949 and is now known
as Ito stochastic integral.

Let (22, F,P) be a complete probability space with a filtration {F; },., satisfying
the usual conditions. Let B = {B;},, be a one-dimensional Brownian motion

defined on the probability space adapted to the filtration.

Definition 2.4.1. Let 0 < a < b < co. Denote by M?*([a,b];R) the space of all
real-valued measurable {F;} —adapted processes f = {f(t)},<,<; such that

b
If i,sz/ (1) 2dt < oo,
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We identify f and f in M?([a,b];R) if || f — f_“Zb = 0. In this case, we say that f

and f are equivalent and write f = f.

The stochastic processes f € M?([a, b]; R) would help define the It6 stochastic
integral. The approach is quite intuitive: first we define the integral f g(t)dB;, for
a class of simple processes g. Then, we demonstrate that each f € M?([a,b]; R) can
be approximated by such simple processes g s and we define the limit of f g(t)dB;

as the integral of fa f(t)dB;. Let us introduce the concept of simple processes.

Definition 2.4.2. A real-valued stochastic process g = {g(t)},<,<, 15 called a
simple (or step) process if there exists a partition a =ty < t; < --- <t = b of
[a,b], and bounded random variables &;, 0 < i < k—1 such that &; is F;,-measurable

and
k—1
g<t) = fo]l[to,tﬂ(t) + Z fi]l(ti,ti+1}<t)' (21)
i=1

Denote by My([a,b];R) the family of all such processes.

Evidently, My([a,b]; R) C M?([a,b];R). Now, we will proceed to present the

definition of It6 stochastic integral for these simple processes.

Definition 2.4.3. For a simple process g with the form of (2.1) in My([a,b]; R),
define

/b t)dB, = Zgl By, — By,) (2.2)

and name it the stochastic integral of g with respect to the Brownian motion { By}

or the Ito integral.

It’s evident that the stochastic integral f g(t)dB; is Fy-measurable. By ex-
tending the idea from Equation (2.2) into M?([a, b]; R), we arrive at the following

definition.

Definition 2.4.4. Let f € M?([a,b];R). The Ité integral of f with respect to
{B:} is defined by

b b
/ f(t)dB; = lim / gn(t)dB, in L*(; R),
a n—oo a



CHAPTER 2 16

where {g,} is a sequence of simple processes such that

limE/ () t)|*dt = 0.

n—00
Let present the following useful properties of Ito integral.

Theorem 2.4.5. Let f,g € M?*([a,b];R), and let o, B be two real numbers. Then
1. fabf(t)dBt is Fp-measurable;
2. E [ f(t)dB; = 0;

3. E| [ f0)dB] =B [ (0)Pat;

4o [Plaf(t) + Bg(t)]dB, = a [} f(t)dB, + B [} g(t)dB,.

The indefinite It6 integral is defined below.

Definition 2.4.6. Let f € M?*([a,b];R). Define
t
= / f(s)dBs for0 <t <T,
0
where, by definition, 1(0 fo s)dBs = 0. We call 1(t) the indefinite Ité integral

of f.

Obviously, {I(¢)} is {F:}-adapted. We now present the crucial martingale
property of the indefinite [t6 integral.

Theorem 2.4.7. Let f € M?([a,b];R), then the indefinite Ito integral {1(t)}o<,<r

is a square-integrable martingale with respect to the filtration {F;}. In particular,

/de

Theorem 2.4.8. If f € M?([a,b];R), then the indefinite Ito integral @) Yocr<r

has a continuous version.

sup
0<t<T

<4IE/ | (s)|2ds.

Theorem 2.4.9. Let f € M?([a,b;R). Then the indefinite Ito integral I =

{1(t)}geper is a square-integrable continuous martingale and its quadatic variation
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is given by

t
<I,I)t:/0 1f(s)]?ds, 0<t<T.

2.5 The ItOo formula

We employ the [t6 formula to evaluate the It6 integral, which allows us to simplify
stochastic integrals into Lebesgue integrals for easy evaluation. In this section, we
will begin by establishing the one-dimensional It"o formula and then generalise it
to the multi-dimensional case.

Let B = {B,},5, be a one-dimensional Brownian motion defined on the com-
plete probability SI;ace (92, F,P) and adapted to the filtration {F;},.,. Let £'(R;;RY)
denote the family of all R%-valued measurable {F;}-adapted process_es F={f®}0
such that )

T
/ |f(t)]|dt < oo a.s. for every T > 0.
0

To define the It6 formula, we first need the It6 process. Let’s proceed to define

the It0 process.

Definition 2.5.1. A d-dimensional It6 process is an R*-valued continuous adapted
process x(t) = (z1(t), - ,x4(t))T ont >0 of the form
t t
ot) =o0)+ [ f)ds+ [ gl)dBG),
0 0

where f = (f1, -+, fa)T € LR RY) and g = (gij)axm € L2(Ry; R>™). We shall
say that x(t) has stochastic differential dz(t) ont >0 given by

dr(t) = f(t)dt + g(t)dB(t).

Let C*1(R? x R, ;R) denote the family of all real-valued functions V(z,t)
defined on R? x R, such that these functions exhibit continuous second-order
differentiability in z and first-order differentiability in t. If V € C?}(R? x R,;R),
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we set
1% oV oV
‘/t = 5, ‘/CC = a_ oy
ot 0xy Oxg
and
o’v._ . o2V
< o2V ) 6151‘8901 8901‘8134
sz = = : i :
8xiaxj dxd 92V o 82V
O0x 011 0xy0xq

Theorem 2.5.2 (The multi-dimensional It6 formula). Let z(t) be a d-dimensional

It6 process on t > 0 with the stochastic differential
de(t) = F(O)dt + g()dB(2),

where f € LYR;RY) and g € L2R;R>™). Let V € C*1(RY x Ry ;R). Then
V(z(t),t) is again an Ito process with the stochastic differential given by

1
dV(x(t), ) = |Vi(z(t),t) + Va(x(t), 1) f(¢) + §trace(gT(t)%x(fC(t), t)g(t))| dt
+ Vi(z(t),t)g(t)dB(t) a.s.
Let us now present formally a multiplication table:

dtdt =0, dBdt =0,
dB;dB; = dt, dBidB; =0 ifi#j.

Then, for example,
de;(t)dz;(t) =) gin(t)gz(t)dt.
k=1

Moreover, the It6 formula can be written as

AV (x(t), t) = Vi((t), O)dt + Vu(a(t), )da(t) + %dwT(zﬁ)V;m(x(t), £)dx(t).
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2.6 Stochastic differential equations

Let (©, F,P) be a complete probability space with a filtration {F;},., satisfying
the usual conditions. Throughout this section, we let B(t) = (B (t), . , B ()T,
t > 0 be an m-dimensional Brownian motion defined on the space. Let 0 <
to < T < oo. Let xy be an F;,-measurable R¢valued random variable such that
Elzg|? < co. Let f: RY x [tg,T] — R? and g : R? x [ty,T] — R¥™ be both
Borel measurable. Consider the d-dimensional stochastic differential equation of

Ito type
dx(t) = f(x(t),t)dt + g(x(t),t)dB(t) on to <t < T, (2.3)

with initial value z(tg) = . By the definition of stochastic differential, this

equation is equivalent to the following integral equation:

z(t) = xo +/t f(z(s),s)ds +/ g(x(s),s)dB(s) on tg <t <T. (2.4)

to

Let us now provide the definition of the solution.

Definition 2.6.1. An R%-valued stochastic process {x(t)}, o, is called a solution

of equation (2.3) if it has the following properties:

(i). {z(t)} is continuous and Fi-adapted;

(ii). {f(x(t),t)} € L1([to, TI;R?) and {g(x(t),t)} € L2([to, T];R™™);
(7). equation (2.4) holds for every t € [to, T] with probability 1.

A solution {x(t)} is said to be unique if any other solution {Z(t)} is indistinguish-
able from {x(t)}, that is

P{x(t) =z(t) for allto <t <T} =1.

The following theorem provides conditions to guarantee existence and unique-
ness of the solution to SDE (2.3)

Theorem 2.6.2. Assume that there exist two positive constants K and K such
that
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(i). (Lipschitz condition) for all z,7 € R? and t € [ty, T
[fa,t) = f@ 0\ lg(z,t) — 9@ ) < K|z — 2% (2.5)

(ii). (Linear growth condition) for all (z,t) € R% x [ty, T]
[f (@ )P\ Jg(e, )] < K (1 +|af). (2.6)

Then there exists a unique solution x(t) to equation (2.3) and the solution belongs
M3?([to, T]; RY).

The Lipschitz condition described in equation (2.5) implies that the coefficients
f(z,t) and g(z,t) do not change rapidly than a linear function of x when x changes.
This implies the continuity of f(z,t) and g(z,t) in terms of = for all ¢t € [ty, T].
As a result, functions that are discontinuous with respect to x are excluded as
the coefficients. This shows that the Lipschitz condition is too restrictive. The
following theorem is the generalisation of Theorem 2.6.2 by replacing the (uniform)

Lipschitz condition with a local Lipschitz condition.

Theorem 2.6.3. Assume that the linear growth condition (2.6) holds. However,
instead of the Lipschitz condition (2.5), we apply the following local Lipschitz
condition: For every integer n > 1, there exists a positive constant K, such that,
for allt € [ty, T and all z,z € R? with |z| V |Z| <n

[f (@) = f@ )P\ Ng(x,1) = g(2.8)]° < Kolz — 2/ (2.7)

Then there exists a unique solution z(t) to equation (2.3) and the solution belongs
M?2([ty, T]; RY).

The local Lipschitz condition broadens the range of allowable functions signif-
icantly. Nonetheless, the linear growth condition still excludes some important

functions. The following result serves to enhance the situation.

Theorem 2.6.4. Assume that the local Lipschitz condition (2.7) holds. However,
insteasd of the linear growth condition (2.6), we replace the following monotone

condition: There exists a positive constant K such that for all (z,t) € R? x [to, T

ST f(at) + sl OF < K+ Jaf?). 2.3
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Then there exists a unique solution z(t) to equation (2.3) in M?([ty, T); R?).

2.7 Stochastic differential delay equations

In this section, we will start with the stochastic functional differential equations
and consider the stochastic differential delay equations as a special case. We
set the notation same as the previous section (SDEs) as follow: (2, F,P) is a
complete probability space with a filtration {F;},-, satisfying the usual conditions.
{B(t)},>o is an m-dimensional Brownian motion defined on the space. Now, let
7 > 0 and denote 0 < t5 < T < oo. Let f : RY x R? x [to, 7] — R? and
g : RIXRIX [ty, T] — R¥™ be both Borel measurable. Consider the d-dimensional

stochastic functional differential equation

dx(t) = f(a, t)dt + g(xe, t)dB(t) on tog <t < T, (2.9)
where 7; = {z(t +0) : —7 < 0 < 0} € C([—7,0]; R?) with the initial data

zy, =& ={6(0): —7 <0 <0} € C([~7,0];RY). (2.10)

Now, we provide the definition of the solution.

Definition 2.7.1. An R%-valued stochastic process (1), <<7 18 called a solution

to equation (2.9) with initial data (2.10) if it has the following properties:
(7). it is continuous and {x:}, o,p is F-measurable;
(ii). {f(ze,t)} € LY([to, TERY) and {g(ze, 1)} € L2([to, T, RT™);

(iii). x4, = & and for every to <t < T,

w(t)zf(())—i—/t f(:cs,s)d8+/ g(xs,8)dB(s)  a.s.

t
to

A solution {x(t)} is said to be unique if any other solution {Z(t)} is indistinguish-

able from {x(t)}, that is

P{x(t) =z(t) forallto—17 <t <T} =1.
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Similarly with the SDEs, the existance and uniqueness of (2.9) can be ob-
tained if its coefficients satisfy the local Lipschitz condition and the linear growth

condition as the following theorem.

Theorem 2.7.2. Assume that for every integer n > 1, there exists a positive
constant K, such that, for all t € [ty, T] and all ¢, € C([—7,0]; R?) with ||¢| Vv
lell <n

F(@,) = Fe, )\ N9(,1) — g, O < Knlld — Il

and there exists additionally a K > 0 such that for all (¢,t) € C([—7,0];RY) x
[tO7T];

F@, 1)\ lg(e, ) < K (1+]16]%).

Then there ezists a unique solution to equation (2.9) and the solution belongs to
Mz([to — T, OO]; Rd)

Now, we define the an important special case of a stochastic functional differ-

ential equations is the SDDEs. And equations are defined as follow:

on t € [tg, T] with initial data (2.10), where f : R? x R? x [ty,7] — R? and ¢ :
R x R x [tg, T] — R¥™. As you can see, if we define f(¢,t) = f(z(t), z(t—7),t)
and g1(¢,t) = g(z(t),z(t —7),t), the equation (2.11) can be transfered to equation
(2.9), so equation (2.11) can be applied the existance and uniqueness with this
equation. For example, let f and ¢ satisfy the local Lipschitz condition and the
linear growth condition. That means, for every integer n > 1, there exists a
positive constant K, such that, for all ¢t € [to,T] and all z,7,y,9 € R? with
2 V3l Vy Vg <n

and there exists additionally a K > 0 such that for all (z,y,t) € R? x R? x [to, T7,

[y, )P\ gy, )] < K (1+ |2 + |y?) -



CHAPTER 2 23

Then there exists a unique solution to the delay equation (2.11).
In realisticity, the time delay can be depended up on a time ¢. We, hence,
let 6 : [to,T] — [—T,to] be a Borel measurable function . Consider the stochastic

differential delay equation.
dx(t) = f(x(t),z(6(t)), t)dt + g(x(t), z(6(t)), t)dB(t) (2.12)

on t € [to, T] with intital data (2.10). By setting the fi(¢,t) = f(x(t),z(0(t)),t)
and g1 (¢, t) = g(x(t), x(5(t)),t), we obtain the existance and uniqueness property
of equation (2.12).

2.8 Mathematical inequalities

Let us also present some useful inequalities which are used frequently in this thesis.

Let us start with the simplest inequality

2ab < a® 4+ b2, for all a,b € R.
From this follows

2, 19

2ab < ea” 4+ —b°, for all a,b € R and all € > 0.
€
Let us also proceed to the Young inequality
a|?|b|?) < Bla| 4+ (1 — B)|b], for all a,b € R and all 3 € [0,1].

Theorem 2.8.1 (Jensen’s inequality). If ¢ : Q@ — R is a convex function while
¢ : R — R is a random varaible on a probability space (0, F,P) such that E|{| < oo,
then

p(EE) < E(p(€))-

Theorem 2.8.2 (Doob’s martingale inequalities). Let {M,;},-, be an R*-valued

martingale. Let [a,b] be a bounded interval in R
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(i). If p > 1 and M; € LP(S;RY), then
]P’{w: sup |My(w)| > ¢
a<t<b

holds for all ¢ > 0.

(ii). If p>1 and My € LP(Q;RY), then

p
E(sup |Mtlp) < (L) E|M, .
a<t<b p—1

Theorem 2.8.3. Let p > 2. Let g € M>([0,T]; R¥>™) such that
T
IE/ lg(s)Pds < 0.
0
Then

E

[ stopamts

In particular, for p = 2, there is equality.

Theorem 2.8.4. Let p > 2. Let g € M?*([0,T]; R>™) such that

T
E/ lg(s)[Pds < 0.
0

Then

(sup / lg(s |pds).
0<t<T

g - (p(p;D)ng;E/OT lg(s)|Pds.

24

Theorem 2.8.5 (Burkholder-Davis-Gundy inequality). Let g € L£2(R,;R>™).

Define, fort >0,

x(t):/otg(s)dB( and A(t /yg )|ds.

Then for every p > 0, there exist universal positive constants c¢,, C, (depending on
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only p), such that

0<s<t

GBIAWIE < B ( s o)) < GBI

for allt > 0. In particular, one may take

b
Cp:(g)p7 Cp:<%2>2 if 0<p<2;
cp =1, C,=4 ) if p=2;
_P —+1 2 .
¢ = (2p)7%, Cy =[]’ i p>2

Theorem 2.8.6 (Gronwall’s inequality). Let T > 0 and ¢ > 0. Let u(e) be a Borel

measurable bounded non-negative function on [0,T], and let v(e) be a non-negative
integrable function on [0,T]. If

¢
u(t) < c+/ v(s)u(s)ds  forall 0 <t<T,
0

then

u(t) < cexp (/tv(s)ds) forall 0 <t<T.
0
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Truncated Euler-Maruyama for
Stochastic Differential Equations

with non-linear coefficients

3.1 Introduction

In 2015, Mao introduced a modified method for approximating SDEs called the
truncated Euler-Maruyama approximate method, see [21]. With this method, he
proved that the truncated EM solution is L? convergent to the exact solution for
q > 2 under the local Lipschitz and Khasminskii-type conditions. The year after,
he also determined the rate of convergence at a finite time 7" > 0, see [22]. To
calculate the numerical solution with the rate of Mao (2016), unfortunately, the
step size is sometime required very small, or we can say it is inapplicable. Hu,
Li and Mao (2018), [12], showed the step size can be flexible in (0, 1] and the
convergence rate at the time 7' is slightly similar.

In application, the convergence rate at a time 7T is sufficient for applications
that need to approximate the European put or call option value. We, nevertheless,
need to approximate the path-dependent quantities that have to take all parts of
life of the option such as a barrier option, and a bond, see [9]. Mao (2016), [22],
established the convergence rate of the truncated EM method over a finite time
interval, but the result also got the problem that the step size is required very
small. Moreover, to prove the rate of convergence over a finite time interval, he

assumed the global Lipschitz on the diffusion coefficient. Even though there is an

26
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improvement for the truncated EM method, like [12], they just solved the step
size problem. There are, in general, many models in finance that the diffusion
coefficient does not satisfy the global Lipschitz such as the Ait-Sahalia model, see
[5]. In this research, we will relax the diffusion coefficient to not satisfy the global
Lipschitz for the strong convergence of the truncated EM method over a finite
time interval.

In this chapter, we consider a d-dimensional non-linear SDE,
da(t) = f(x(t))dt + g(x(1))dB(t), t=0, (3.1)

with the initial value z(0) = o € R, where f : R — R? and g : RY — R>™ are
Borel measurable. We assume two common assumptions for equation (3.1) which

are the local Lipschitz condition and the Khasminskii-type condition as follow.

Assumption 3.1.1 (Local Lipschitz condition). For every integer n > 1, there
exists a positive constant K, such that, for all x,y € R® with |z| V |y| < n,

(@) = FW)I* V lg(@) = 9 < Ko |z =yl (3.2)

Assumption 3.1.2 (Khasminskii-type condition). For any p > 2 there is K, > 0
such that for all x € R?

() + L o) < (1 Jaf?), (33

Lemma 3.1.3. Under Assumptions 3.1.1 and 3.1.2, the SDE (3.1) has a unique

global solution xz(t). Moreover,

sup Elz(t)]’ < o0, VT > 0. (3.4)
0<t<T
To introduce the truncated EM method which is defined in [21], let R be a set
of positive real numbers and p : [1,00) — R be a strictly increasing continuous

function such that p(u) — oo as u — oo and

sup (|f(2)| V]g(@)]) < p(u), Vu>1. (3.5)

|z|<u

Denote the ;! is an inverse function of p which is a strictly increasing continuous

function from [;1(1),00). We also choose a constant h > 1V u(1) and a strictly
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increasing function A : (0, 1] — [x(1),00) such that

lim h(A) =oo and AY4R(A) < h, VA e (0,1]. (3.6)

A—0

For a given step size A € (0, 1], define the truncated mapping 7a : R? — R? by

male) = (el A~ (A) 1 (3.7)

where we set 2/ |x| = 0 if x = 0. That means, ma truncates x to u~'(h(A))(z/|z|)
if |x] > p~'(h(A)). Define the truncated functions

fa(z) = f(ma(z)) and  ga(z) = g(ma(x)), (3.8)

for all z € R% Hence, |fa(z)] V [ga(z)] < p(p=t(h(A))) = h(A) for all z € R%
The discrete time truncated EM solutions Xa (tx) =~ z(t) for ¢, = kA are formed
by setting Xa(0) = xg and computing

Xallrer) = Xalte) + fa(Xa(tk))A + ga(Xa(tn)) ABy

for k = 0,1,..., where AB, = By, — By;,. There are two versions of the

continuous-time truncated EM solution. The first one is defined by

ket

Za(t) = Xa(ti) s, (), fort>0.

k=0

This is a simple step process so its sample paths are not continuous. We will refer

to it as the continuous-time step-process truncated EM solution. The other one is

defined by

ralt) = / fa(Ea(s))ds + / 9a(Z(s))dB(s) (3.9)

for t > 0. We will refer to it as the continuous-time continuous-sample truncated
EM solution. Notice that za(tx) = Za(tx) = Xa(tx) for all & > 0. Moreover,

za(t) is an It process with its 1t6 differential

dra(t) = fa(@a(D)dt + ga(@a(t)dB(1)



CHAPTER 3 29

The following lemma confirms that the truncated functions satisfy Assumption
3.1.2, see the proof in [12, 21]:

Lemma 3.1.4. Assume Assumption 3.1.2 hold. Then, for A € (0,1], for any
p > 2 there is l/(;, > 0 such that for all x € R?

o ae) + B s () < B (141

Then, we can recall the useful lemmas in [21] as the following:

Lemma 3.1.5. For any A € (0,1] and p > 0. Then, for allt > 0,

Elza(t) — za®)” < CAPPR(A),

~1)\?
o1 1+(p(p—> =2
where C), = < 2 I

2P if p € (0,2).
Lemma 3.1.6. Let Assumptions 3.1.1 and 3.1.2 hold. Then,

sup (sup IE]a:A(t)V’) <,

0<A<1 \0<t<T

— _9)\ 1
E |zo|” + 2°PTK, + 22 (1 + (M) >T

p+17c
where C), = 2’ Ky,

8

Lemma 3.1.7. Let p > 2, A € (0,1] and ¢ € (O, ﬂ be given. For a sufficiently

large interger n for which

2n P p 1
m < - )
(2n—1> (T'+1) _Qandn<5, (3.10)
we obtain
. ( sup_|za(t) - mw’) < CART (h(A)) (3.11)
0<t<T

p
where C, = 2PT1nz,

Recall from [12], they assumed the following conditions to their main result,
which is Theorem 3.1.10. Moreover, this result plays a significant roll to prove our

main theorem.
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Assumption 3.1.8. Assume that there is a pair of constants ¢ > 2 and K; > 0
such that for all x € R?

(e =) (F(2) = F) + Lo o) — g)* < Ka(1+ af?)

Assumption 3.1.9. Assume that there is a pair of constants p and Ky > 0 such
that for all z,y € R?

1f(2) = F)] V]g(x) — g)* < KoL+ |2 + |y]”) | — g

Theorem 3.1.10. Let Assumptions 3.1.1, 3.1.2, 3.1.8 and 3.1.9 hold and assume
that 2p > (2 + p)q. Then, for any q € [2,q) and A € (0,1],

2p—(2+p)q

Ele(t) — 2a(0)7 < G, ((u‘l(h(A)))z ¥ N‘/Qh(A)q) ,

and

2p—(2+p)q
2

Ele(t) — 22(0|7 < G, ((u1<h<A>>)‘ n Mh(A)q) |

for all0 <t <T and C, is a constant independence with A.

3.2 Convergence over a finite time interval

Recall, in the introduction part, the convergence over a time interval is very im-
portant when it is applied with a barrier option or a bond. To point out our main
result, according to [22], Mao proved the convergence over a finite time interval

by assuming condition as follow.

Assumption 3.2.1. Assume there exists a pair of constants Hy, vy > 0 such that

for any z,y € R,

(z—y)"(f(x) — f(y) < Holz —y|? (3.12)
1f(z) = f(y)]* < Ho(L+ || + |y|°) |z — y|? (3.13)
l9(z) — g(y)|* < Ho |z —y[*. (3.14)

The inequality (3.14) implies that the diffusion coefficient satisfies the global
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Lipschitz condition. There are, however, a lot of SDEs with non global Lipschitz
diffusion coefficient. Our main result will prove the convergence over a finite time

interval for non global Lipschitz SDEs by modifying some conditions from 3.2.1.

Assumption 3.2.2. Assume there exist constants H,~v, 3 > 0 and q > 2 such that
for all z,y € RY

(z—y)"(flx) = fly) + a1 l9(z) — g(y)|” < H |z —y|? (3.15)
1f(@) = fF)P < HA+ [z + |y[") [z — y* (3.16)

9(x) — gW))> < HL+ |27 + |y|”) |2 — y|*.
(3.17)

On inequality (3.17), we allow the diffusion coefficient can be polynomials

such as 23/2

which is not global Lipschitz, in detail see in section Examples with
Simulations. So, we state the main result in the next theorem. Throughout this
thesis, we will further use C' and C, to stand for generic positive real constants
independent of the step size A, this means in each step the constants may be

different. Moreover, we also assume C), is dependent on p whlie C' is not.

Theorem 3.2.3. Let Assumptions 3.1.2 and 3.2.2 hold. For each q € [2,q), choose
a positive number p such that p > (2+(72VB))‘1 \% (q;_q;ﬂ. Then, for any A € (0,1] and
e € (0,3],

_ 4pg—(2+(vVvB)(a+Dq

E ( sup |z(u) — xA(u)|q) < Cp< (1~ (h(A))) 2(a+a) + AQ/Qh(A)q>,

0<u<lT

(3.18)

_ 4pg—(2+(yVvB))(a+D)q

E ( sup | (u) — M(U)Iq) < Cp< (1™ (h(A))) Ao + A‘7(1_6)/%(&)‘7)'

0<u<lT

(3.19)

Proof. Fix q € [2,q), and let p > (2+("’2Vﬁ))g V (q+z)£§+1) and A € (0,1]. For any

n > |zg|, define 6, = inf{t > 0: |z(t)| V |za(t)] > n}. Let ea(t) = x(t) — za(t)
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for t > 0. By Itd’s formula,

dlea(s)
< glea(s)" [e£<s><f<x<s>> ~ fa(zals) + T g(r(s) — ga@a()I? |ds
+aleals) " e ()(9(2(5)) - ga(2a(5)dB(s)

Then, for 0 <t < T,

E( sup |6A(u)|q>
0<u<tAly,

< E(p [ alea@ 2 Ao - fama(s)
+ u l9(x(s)) — QA(fA(S))IZ]ds)

PE( sw [ alea(l™ B ala(s) - aaloal9)aB ()

0<u<tAnG, JO

§E< sup [ alea()"2 [A)(/0(s)) ~ Fra(s))

0<u<tAd, JO
+ 2 lg(a(s) —g(m(s»ﬂds)

B (s [ aleal@l (A (a(o) ~ a(eals))] )

0<u<tAl,

ve(f ("5 ”@q) Y lealo) g(ea(e) ~ ga@a(s) s

+E ({ sup |ea(u i’ {326_1 |€A ()% [g(x(s)) — ga(@a(s))]” ds}

0<u<tAl,

D=

)
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E ( sp |eA<u>|q)
0<u<tAbO,

(o,
([ (T DY s otra(s) - s s
#5E( sw jesol’)

([s2 [ s loasio) ~ astostonas]

([s2 [ eaton atoto - seatonas]

1 _
= 5]E( sup |eA(u)y‘1> +Ji 4 o+ Js + Jy,
<tAOn

Su<tAOn

0<u<tAG, JO

(
=g [ (M52 0 ) fes ()2l (6) — aa(a(o)F s
(
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By Assumption 3.2.2,
J= E<p [ aleat) (B ) = feals)

+ L Jg(a(s) —gm(s))ﬁ]ds),

A0, i
< GHE </ leals )|st)
<qH/ < sup lea(u |qu),
0<u<sAb,

Jo = E( sup / qlea(s)|"” [6%(8)(1“(%(8))—fa(f%(s))ﬂds)

0<u<tAO,

<& o [Canies >|—1\f<ms>>—fA<:zA<s>>|ds)

0<u<tAb,

Sup QH (lea(s)[* )171/(; (|f(zals)) —fA(xA(s))P)l/qu)

0<u<t/\9n

(
(
B s [TH (@ Dleal)! + 1(rals) — fateals))l s )
+[0

IN

E

IN

0<u<tAb, 0
tAO,

H 1) [ea(s)|?

IN

E
0

(1+ [za()]" + Ima(@a()[)F [2als) = ma@als)|7] )ds)

< (q—l)H/ Elea(s A 6,)|7ds
0

tAOn
+ 372-1HE ( /
0

X |za(s) — WA(jA(s))\q] ds)

o]

(1+za(s)|® + Jma(@a())] )

< (- H/E|6As/\9)| ds

o]
2

+ 372 1H/ (1+ [2a(5)| % + [ma(@a(s)|*) [2a(s) — 7a(@a(5)]7| ds



CHAPTER 3 35

By Holder’s inequality, Lemma 3.1.6 and the fact that |7a(x)[” < |z|”,

Jr < (q— H/]E|6A sA0,)|"ds

29

vy [ ( (1+Elas(e) +Elza(s))]”

X []E lza(s) — m(@(s»piﬁa} )ds

t
—1)H/]E( sup |6A(U)|q) ds
0 0<u<sAb,
qa_749 29 T
[ 20)%] [ [Elrats) - malea() 5
0

2p—~q

s, Noting that

Let consider the last integral fOT [E |za(s) — mA(ZA(S))]|2P—a
by the definition of ma, we obtain the inequality |7a(z) — Ta(y)]” < |z —y|",

T 2pq 2 2p
/ [Elra(s) — ma@a()| 5% 7 ds
0

< o3 / (B [lea(s) - malaa(o)/75]) ™ s

2p—vq

249 T 2pg 2p
+22p/ (E [Iralzals)) = ma(@a(s)|= 5] ) 7 ds
0
~q T 2pq 2p;pv§
= /0 (B | Feaoimuman lza()| 7% | ) 7 ds
v [T 2pg 2219
+22p/ (IE [p;A(s)—g:«A(s)ysz " ds
0
a [T 2-(242)0 o2\
<28 [ ([B{lea®)l > (@)} FF Blear77) 7 as

2p—v3q

+23§5/0T <E [m(s)—m(s)pﬁ%}) 7 s

2p—(244)q
a7 ([ Bl 175 L) o
=2 [/ (Lu—l(h(m»”] Blealf] )d

+ /OT (E [|xA(s) - fA(s)|2Pinf?]) i ds]




CHAPTER 3 36

2p—q
2pq

/OT [E[xA(s)—ﬂA(iA(s))Pp } 7 s

! 1 %:’Y)q 2p—~4q
/ ({W} Eloa(s)l] " >ds

By Lemma 3.1.5 and Lemma 3.1.6,

2pq : 2p
/ [E|xA —7A(ZA(s ))|2P—W] ds

2p—~q 2p—(2+7)q

<287 ()5 (nan) T ) aray|

Substituting this into Js,

t —
q— 1)H/ E ( sup |6A(U)|q) ds
0 0<u<sAbn

# Gy | (et hian) T arnay].

By Assumption 3.2.2, we can derive J3 similarly .Js, so

5= (MDD e ( e g(wa(s) — ga(Eals) )

2(q—q)
< C/OtIE <0§31§159n \eA(u)y‘7> ds + C, [(ul(h(A)))‘W + Aq/Zh(A)q] :

q+

Consider Jy, by Holder’s inequality, let ¢; = 7,

" Eleals)™) (EQ+ o) + loa@))77) T ds>

(E lea(s)|™)"" 3'#/7(1 + E |u(s)|” + E \xA(s)\p)’B/pds)
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T —
J, < 32q2H31—,3/p(1 + C«p)ﬁ/p (/ (E yeA(S)’ql)q/fh ds) ‘
0

By Theorem 3.1.10, let p =~V 8

_2p=C+p)ay a/a

Elealo)")"™ < G, (7 ((a)) sy

_ 2pG—(2+p)a1q

<6, (G man) " armay)

Then,

_ 2pG—(2+p)q1d

Ji < 32¢H3PP (1 4 C,)P/PTC, ((ﬂ‘l(h(A))) M 4 M%(A)q)

_ 4pd—(2+p)(¢+Daq

=C, <(M_l(h(A))) 2ata) 4 Aq/2h(A)‘1> '
Combine Jl, JQ, J3 and J4,

B( s el

0<u<tNOy,

<58 ( sw festwl’)

0<u<tAGy,

¢
—i—qH/ E( sup ]eA(u)\qu>
0 0<u<sAO,

+(7— 1)H/tE< sup |€A(U)’q) ds

0<u<sAb,

_2p—(2+v)q

+q{m (h(ay) +AWmmﬂ

+CAE( wp|mww)@+q{w*M@»>”?“+Awmmﬂ

0<u<sAbn

_ 4p3—(24+p)(@+3)q

Gy (et htay) I amnay)

t
< C’/ E < sup |eA(u)]q> ds + C,A7*h(A)7
0

0<u<sAb,

+ (7 (h(a))

2p—(2+p)q _ 4pG—(2+p)(9+D7 ]
2

+Cp | (7 (h(A)))
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Apg—(2+p)(q+D)q  2p=(2+p)q
- 2

By the Gronwall inequality and 50D

Y

_ 4pg—(24+p)(9+D7

E(mm\%ww)s@<mxmm»ﬁww+AWMMﬂ

0<u<tAO,

Using the Fatou lemma, we can let n — oo to get equation (3.18). Moreover,

equation (3.19) follows from lemma 3.1.7. O
Observing inequalities (3.16) and (3.17), |f(z)| V |g(z)| < HzZ+OVA)/2,

Corollary 3.2.4. Assume Assumptions 3.1.2 and 3.2.2 hold and ¢ € (0,1/4] be
arbitrary. Let p = vV 3. If u(w) = Hu®**"/2 for u > 0 and h(A) = A~ and
h > 1. Then, for any q € 12,q)

E ( sup |z(t) — xA(t)|q) ~0 (A§(1‘25)> (3.20)

0<t<T

E ( sup |z(t) — xA(t)|q) =0 (Ag(l_?’a)) (3.21)

0<t<T

Proof. By definition of u(u), we get the inverse p~!(h(A)) = C (A)W%TEP. It follows
from Theorem 3.2.3 that

_ 4p3—(24p)(¢+D)q

E(am|%ww)s@(wﬂmm» st +AWMMﬂ

0<u<tAby

e(4pg—(2+p)(a+@)q) q
<C, (A @@t 4 A3(1—25)>

Since p is arbitrary, we can choose

. (4 +q)(2+p)
8¢

We can assert equations (3.20) and get (3.21) as similar. O

3.3 Comparisons with known results

First of all, we will compare our result Theorem 3.2.3 with the result in [12],
namely Theorem 3.1.10. Recall that Assumptions 3.1.1, 3.1.8, and 3.1.9 are sim-

ilar with Assumption 3.2.2, which means that our contribution uses the common
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conditions same with the main result in [12]. Theorem 3.2.3, therefore, also keep
some properties which are the step size A can be arbitrary in (0, 1] and the rate
of convergence is almost similar with Theorem 3.1.10. There are, however, some

differences as follow:

e The key improvement of Theorem 3.2.3 is that the convergence over a finite

time interval under the slightly stronger conditions with Theorem 3.1.10.

e Theorem 3.2.3 needs to use the Khasminskii-type condition that holds for
any parameter p as defined in Assumption 3.1.2, while Theorem 3.1.10 can

hold for some p > (2 + pq)/2, see more [12].
Recall the result in [22],

Theorem 3.3.1. Let Assumption 3.2.1 hold. Let R > |xo| be a real number
and let A € (0,1) be sufficiently small such that p='(h(A)) > R. Let Oap =
inf{t >0:|z(t)| V|xa(t)|} > R. Let ¢ > 2 be arbitrary. Then,

E ( sup  |x(t) — xA(t)|q) < CAY2(h(A)?, YT > 0. (3.22)

0<u<TAOA R

Moreover, define ju(u) = Hu'™, u > 0 and h(A) = A~/2 A € (0, 1] be sufficiently
small. Then, for any e € (0,1/2)

E ( sup | (t) — xA(t)\q) ~0 (A%“*a)) , (3.23)

0<t<T

E ( sup |z(t) — iA(t)|q) =0 <A%(1’E)> : (3.24)
0<t<T

Now, let compare the convergence over a finite time interval, that means we
will compare Theorem 3.2.3 with Theorem 3.3.1. So, we let show the differences

as follow:

e Theorem 3.2.3 holds for non global Lipschitz diffusion coefficient while The-
orem 3.3.1 needs the diffusion coefficient to satisfy the global Lipschitz, as
you can see (3.17) and (3.14) respectively.

» The assertions of Theorem 3.2.3 hold for any A € (0, 1] while the assertions
of Theorem 3.3.1 hold for a sufficiently small A.
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e Theorem 3.2.3 needs a stronger condition on Khasminskii-type condition,

namely Khasminskii-type condition needs to satisfy for any parameter p.

o Even though the rate of convergence of Theorem 3.2.3 looks worse than
Theorem 3.3.1, if p is large enough then the rate of convergence of both

theorems is the same.

The key advantage of our Theorem 3.2.3 is that the diffusion coefficient is not
required to satisfy the global Lipschitz. That means we are allowed to apply more

functions with the SDEs, and we will show the example in the next section.

3.4 Examples with simulations

In this section, we will illustrate the example of the non global Lipschitz diffusion
coefficient SDE, which is the special case of the Ait-Sahalia model as the following

equation. Let a, b, c be positive constants,

dr(t) = ax(t) — bx®(t)dt + ca®*(t)dB(t) (3.25)

To apply with our Theorem 3.2.3, we write equation (3.25) as the SDE (3.1)
in R by defining

f(z) = ax — b, g(x) = ca®/? for x>0,

flz)=g(x)=0 for x <0.

(3.26)

We will show (3.26) satisfies Assumptions 3.1.2 and 3.2.2. For any p > 2
p—1 2 9 4, P—15 3 s pP—1, 2
2f() + 2 @) = ar® — bt + LR ol = (0 bo? 1 B ) o,

for all z € R. Since a —bz? + 1%102 |z| is bounded above by some positive constant
K,

D
p—1 2 2 2
zf(@) + =5 1g(@)|" < Kp |2]” < Kp(1+ |a[).

Then, equation (3.26) satisfies Assumption 3.1.2. Now, any z,y € R, By the Mean
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Value Theorem,

2
£(@) = S < (0 +3bJal? +3b[yf?) [« — )
< (3a® +270% x| + 2707 |y|") |z — y|* .
3¢ 2
96) = gl < (35 [l + b0 =31

9¢
< (2l +lyD |z - yl?.

Then, equation (3.26) satisfies inequalities (3.16) and (3.17). Therefore, we will
show equation (3.26) satisfies (3.15) by letting ¢ = 3, let z,y € R. If z,y < 0, it
is obvious. Then, assume x or y is negative, without loss of generality, we assume

r <0<y, so

(z—y)" (f(z) = f(y) +9(z) — g(y)|”
= (z —y) (—ay + by®) + *y°

A\? ' — 4dab
— —axy—i—b:cgf’ —by2 ((y— %> + T)

) <c4 — 4ab>
< —axy —vy

4b
c* — 4dab
4b

)|x—yl2-

(z—y)" (f(z) = f(y) +9(z) — g(y)|”

9¢2
< (z —y) (az = bx® — ay + by*) + =~ (|l + [y]) |z — y*

a
§§|ﬂf—y|{‘)+lﬂc—y|2

S\ 2

Assume z,y > 0, then

c* — dab
4b

9¢2
= a(z = y)* = bz —y)* (2* + 2y +¢*) + - (2| + Jy]) [z — o’
9¢2 9¢2
= |z — y\2 {a —0.50 (:v2 +y* 4+ (z +y)2) + 5 |z| + % Iy!]

9¢? 9¢?
<|z-— y\2 {a —0.5b (|3U|2 + \y!2) + > || + Y \yq )
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Since [a —0.50 (|=|* + |y[*) + % |z] + % |y|} is bounded, we can bound this term
by some constant H. Then, equation (3.25) satisfies Assumption 3.2.2. We apply
Theorem 3.2.3 to see what we get. Obvious that for each g € [2,3), we can choose
p such that p > %(3) % g%g. It’s follow from (3.26) that |f(x)| V |g(z)] < Hy2?
for all z > 1 and some positive constant H;. Now, we can let pu(u) = Hju® and

h(A) = A7Y/% and ¢ = 2, by Corollary 3.2.4, we get

E ( sup |z(t) — :z:A(t)\2> VE ( sup |z(t) — m(t)ﬁ) < CAi.

0<t<T 0<t<T
For numerical simulations, we compare our method with the numerical solution
by the backward Euler-Maruyama (BEM) and we let a = 10, b = 1, ¢ = 0.5 and
o = 3 and choose the step size A = 1072 for the left and A = 10~* for the
right in Figure 3.1. These show both sample paths generated by the truncated
EM method are very closed to the BEM. More precisely, these simulations are
desired to produce the squares of the maximum differences of solutions between
the truncated EM Xa () and the BEM Ya(x):

max | Xa(tr) — Ya(te)]> = 0.03853134

0<k<103

and max |Xa(tx) — Ya(te)]* = 0.002820902,

0<k<10%

where A = 1072 and A = 10~ respectively.
For wide application, we model another example in more than one-dimension

as the following:

dS(t) = (V(t) —4S3(t))dt + V(¢) sin(V (t))dB(t),

(3.27)
dV(t) = (3S(t) — 8V3(t))dt + S(t) cos(S(t))dB(t).

Therefore, we have the coefficients

f Ty _ |2 4x‘i’ and g T _ | 7?2 sin rg 0 ' (3.28)
To 3z, — 873 To 0 21 COS Tq

To apply with our Theorem 3.2.3, we will show (3.28) satisfies Assumptions 3.1.2
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35

Y_Delta(t)
30

X_Deltart),

25

o — TEM
- = — BEM
g
o
Dl —
>__
= o |
o e
o
0,
< e

=

o4 T T T T T T

00 02 04 06 08 10

Figure 3.1: The computer simulations of the sample paths of the solution of equa-
tion (3.25) by the BEM and the truncated EM. Left: A = 1073, Right: A =10~

and 3.2.2. For any z € R?,

— TEM
— BEM

06 08 1.0

Ty — 4a3
o' f(x) = [ml I‘2:| [ 2 ! ] = 2179 — 427 + 3w119 — 825 = 4a129 — 4] — 815,

3z, — 873

i
lg(x)|* = trace ([xz R

0

= x7 cos® z + x5 sin” 7y

2, ,2
<z + 5.

Therefore, for any p > 2,

X1 COS 1'1] )

—1
= (22 +22)

p_

-1
o' f(x) + 5 19(2)|* < 4zy20 — 42t — S8ah +

1
< 207 + 223 — 4o} — 85 + (x% + x%) .

Since 227 — 4ot + (552) 22 and 223 — 823 + (%51) 23 are bounded above, there is
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K, > 0 such that
—1
o' f(x) + —5— 9(2)* < Kpaf + Kpry = K, |2 < K, (14 [2f) .

Now before we show conditions (3.16) and (3.17) hold, define hy,hy : R — R by
hy (x) = xsinz and ho(x) = x cosx. Then, for any z € R, h(x) = zcosz + sinx
and hh(x) = cosx — xsinz. By the Mean Value Theorem, for any = < y there

exists a constant k € (x,y) such that

[ha(x) = ha()[* < [P (R)]* o = yI* = (kcosk + sink)* |z — y|?
< (L faf + [y))* o =y,

[ha(x) = ha(y)|* < [Wy()[* [& = y|* = (cosk — ksink)* |z — y|*
< (Lol +[y)* Jz =yl

Then, let consider

o) = ) = |72~
= ((z2 — 1) — 4 — u)))* + B(z1 — y1) — 8(23 — u3))?
< (2(w2 — y2)® + 8(x1 — y1)* (a7 + 2191 + 91)?)
(6(z1 — y1)* + 16(z2 — y2)* (25 + z2y2 + 13)°)
6(1 4 27 + y1) (21 — y1)? + T2(1 + 25 + y5) (22 — y2)°
(

<3
<721+ |z + |y[*) Jo — [

9 T SIN Tg — Yo SIN Yo 0
l9(x) — g(y)|” =
0 21 COS X1 — Y1 COSYp
= (zgsinxy — Yo sin y2)2 + (21 cosxy — y; cos y1)2
1+ |zo| + [y2])? (22 — 12)* + (L + 21| + [11])? (21 — 1)

<
<31+ |2 + [y |z — y)?

Then, equations (3.16) and (3.17) assert. To show equation (3.28) satisfies (3.15),
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let z,y € R2. Therefore,

(x—y)" (f(z) = f(y))
7| (w2 = y2) — 4(2F — o?)
3(331 - yl) —8(x3 — 43)
= ((a — 7)) (x1 = 1) + (321 — y1) — 8(x5 — 43)) (w2 — %2)
= 4z — yl)( ?J2) Ayt + ey + 23) (2 — p)?
— 8(y5 + Yoo + 73) (w2 — 3o)°
<2z —y1)? + 2(wg — 2)? = 2027 + 7)) (21 — y1)? — 4(2F + 3) (22 — y2)°
< (2 =2l = 20l (@1 — 11)* + (2 — 4| — 4]l (22 — 1)*.

=(z—y)

Now, we will show equation (3.27) satisfies condition (3.15), by letting ¢ = g, we

have

(o =) (@)~ ) + 5 o) — o)
< @20l = 2lP)er — )+ (2~ 4ll® — Algl) (e — 2)?
+ g 3
= 41— 1)’ + (4= 2|l = 2]gal*) (22 — )°

(14 2ol + |y2l*) (w2 — 12)* + 3(L + |21 |* + 1) (1 — 31)?]

Since 4 — 2 |25|* — 2|y2|” is bounded above, there exists a positive constant H such
that

(@ —y)" (f(2) —f(y))+§lg(ﬂf) —g()|* < H(awy — ) + H(ws —y2)* = Hlz —y*.

We compare our method with the numerical solution by the backward Euler-

Maruyama (BEM) of the equations

dX (1) = (Y(t) — 4X3(t))dt + Y (¢) sin(Y (£))dB(t),

. (3.29)
dY (t) = (3X(t) — 8Y3())dt + X () cos(X (£))dB(2).

We let 2y = —0.5 = sy and yg = 0.5 = v for the step size A = 1073 in Figure 3.2
and A = 10~* in Figure 3.3, respectively. These show the truncated EM numerical
solutions are very closed to the BEM numerical solutions. More precisely, these

simulations are desired to produce the squares of the maximum differences of solu-
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tions between the truncated EM Sa(tx) with the BEM Xa () and the truncated
EM Vi (t),) with the BEM Ya (t,):

max |Sa(tr) — Xa(tr)|? = 0.00204972

0<k<10%
and max |Va(tp) — Ya(ts)]® = 0.002800053,

0<k<10%

where A = 1073, and

max _|Sa(tr) — Xa(tr)]* = 0.0002813802

0<k<105
and max |Va(ty) — Ya(ts)|* = 0.0002510902,

0<k<105

where A = 107%.

3.5 Summary

In this chapter, we relaxed the global Lipschitz condition on the diffusion coefficient
over a finite time interval to be the local Lipschitz condition by using a bit stronger
Khasminskii-type condition. Moreover, we also showed the convergence rate of the
truncated Euler-Maruyama numerical solutions in L9 closed to ¢/2, a half of the

order.
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Figure 3.2: The computer simulations of the sample paths of the solution of equa-
tion (3.27) by the BEM and the truncated EM with A = 1073.
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Figure 3.3: The computer simulations of the sample paths of the solution of equa-
tion (3.27) by the BEM and the truncated EM with A = 107,



Chapter 4

Truncated Euler-Maruyama for
Stochastic Differential Delay
Equations with non-constant

delay

4.1 Introduction

In the previous chapter, we showed the result of stochastic differential equations.
Nevertheless, there are a lot of phenomena which have some delay of time before
their occurrence, i.e. the delay of illustrating an illness of infected patients. Fei,
W. et.al. (2020) studied the convergence rate of non-linear stochastic differential
delay equations (SDDEs) with a constant delay, as shown in equation (4.1), by

utilizing the truncated Euler-Maruyama numerical approach, [6].
dx(t) = f(x(t), 2(t — 7))dt + g(x(t), x(t — 7))dB(t) (4.1)

In realistic situations, however, the time-delay is not necessary to be constant
all the time. Mao, X. and Sabanis, S. (2003) studied the SDDEs with non-constant
time delay under the global Lipschitz coefficients by using the Euler-Maruyama
numerical method, see [25]. In this chapter, we get inspiration from [6, 8, 25].
We apply the truncated EM method with the variable time delay SDDEs. We,

moreover, find the convergence rate of the truncated numerical solutions at a time

48
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T and over a finite time interval.
Throughout this chapter, let 7 and T' be positive constants. We consider the

d-dimensional stochastic differential delay equation,
dx(t) = f(x(t), x(6(t)))dt + g(x(t), z(6(t))dB(t), =0, (4.2)

with the initial data {z(f): —7 <6 <0} = ¢ € C([-7,0];R?) and functions
f:RIxR?— R?and g : R x R? — R¥™_ As the standing hypothesis we always
assume that the Lipschitz continuous function § : [0,00) — R stands for the time

delay satisfying
—7<0(t)<t and |§(t) —o(s)| <~v|t—s], Vt,s>0 (4.3)

for some positive constant .
We also assume the following assumptions to guarantee the existence and

uniqueness of the solution.

Assumption 4.1.1 (Local Lipschitz condition). For every integer n > 1, there is

a positive constant K,, such that, for all z,y, %,y € R with |z| V |y| V |Z| V |y| < n,

f(z,y) — F@ )P Vigay) — 9@ < Ky (lo—zP+ly—9*) .  (4.4)

Assumption 4.1.2 (Khasminskii-type condition). For any p > 2 there is K, > 0
such that for all x,y € R?

7 f( )+ Do ol )P < Kyt o+ [P, (4.5

By the result of [24], we can state the following lemma.

Lemma 4.1.3. Under Assumptions 4.1.1 and 4.1.2, equation (4.2) has a unique

global solution z(t) ont € [—T,00). Moreover,

sup El|z(t)]’ < oo, VT >0. (4.6)

—7<t<T

To introduce the truncated EM method for SDDEs which defined in [6, 8], let

RT be a set of positive real numbers and p : [1,00) — R be a strictly increasing



CHAPTER 4 50

continuous function such that p(u) — oo as u — oo and

sup  (|f(z, )|V lg(z, y)l) < plu), Vu>1. (4.7)

|z V]y|<u

Therefore, an inverse function ;=1 of y is a strictly increasing continuous function
from [u(1),00). We, additionally, set a constant h > 1V u(1) and a strictly
increasing function h : (0, 1] — [u(1), 00) satistying

lim h(A) =00 and AY4R(A)<h, VA€ (0,1]. (4.8)

A—0

For a given step size A € (0, 1], define the truncated mapping 7 : R? — R? by

_ x

ma(z) = (Jz| A p (h(A))) ER (4.9)
where we set z/ |z| = 0 if z = 0. That means, x is restricted at u='(h(A)) (z/|z|)
if z > p~t(h(A)). Therefore, the truncated functions can be defined by

fa(z,y) = f(ra(x),maly)) and  ga(z,y) = g(ma(z), 7a(y)), (4.10)

for all x,y € R% Hence, |fa(z,y)| V lga(z,y)| < u(p=t(h(A))) = h(A) for all
x,y € R

From now on, we will define the step size A be a fraction of 7. That means,
A = 7/M for some positive integer M. Define t;, = kA for all k = —M, —(M —
1),---,0,1,2,---. Define the discrete time truncated EM solutions Xa(tx) = &(tx)
for k = —-M,—(M —1),---,0 and compute, for k =0,1,...,

Xa(ter1) = Xate) + fa(Xa(te), Xa(Ia0(te)]A))A
+ ga(Xa(tr), Xa(La[0(tx)]A))ABy,

where ABy, = By, ., — By, and Ix[u] is the largest integer less than or equal to u/A
for v in R. Then,

—T S IA[é(tk)]A S tk for k Z 0. (411)

Before defining the continuous-time truncated EM solution, let us define two step
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processes
Zl(t) = ZXA(tk)]l[tk,tk+1)(t)7
k=0

2(t) = Y XalIal6(t)]A) Ly b (8),
k=0

for t > 0. These are simple step processes so their sample paths are not continuous.
Now, we refer to the continuous-time (continuous process) truncated EM solution
defining by xza(t) = £(t) for t € [—7,0], and

alt) = £(0) + /0 Fa(er(s), 2a(s))ds + /0 ga(21(5), 2(5))dB(s) for £ > 0.
(4.12)

Notice that xa(ty) = Xa(tg) for all k > —M. Moreover, xa(t) is an 1td process
on t > 0 with its Ito differential

dra(t) = falz(t), 22(0)dt + ga (1 (), 22(6)dB(Q).

The following lemma is a result from [24] to confirm that the truncated func-
tions satisfy Assumption 4.1.2. The proof of this Lemma is straightforward similar
to Lemma 3.1.4.

Lemma 4.1.4. Assume Assumption 4.1.2 holds. Then, for each p > 2 there exists
l/(; > 0 such that for all z € R?

p—1 =
o7 fale,y) + = l9a(z, y)* < K, (1+ |2]* + |y[*) .

Recall the following notation and assumptions on both the initial data and the
coefficients which are required for illustrating the convergence rate of the numerical
solution, [6, §].

Assumption 4.1.5. There is a pair of constants Ky > 0 and 3 € (0, 1] such that
the initial data & satisfies

1E(u) —EW)| < Ky ju—o|°, for —7 <v<u<0. (4.13)

Let U be the family of continuous functions U : R® x R™ — R* such that for
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each b > 0, there is a positive constant K} for which
Uz, Z) < Ky|z —z|°, for z,Z € R" with |z| V |Z] < b. (4.14)

Assumption 4.1.6. There is a pair of constants o and Ky > 0 and a function

U € U such that for all x,y,%,7 € R? and positive constants A1, \a

(=2 (F.9) ~ 1@.9) + 5 lo(e.y) - 9(x.9)
< Ko(lz — 2" + |y — 9*) = MU (2, %) + XU (y, ). (4.15)

Assumption 4.1.7. There is a pair of constants p and K3 > 0 such that for all
v,y,7,7 € R?

<K (lz =2+ 1y —g°) L+ |z + |2)° + [y]” + 7)) (4.16)

By the definition of xa, we obtain three of the following lemmas which have

an important role to prove our main Theorems 4.2.1 and 4.3.2.

Lemma 4.1.8. There is a positive constant C, independent of A such that
E|za(t) — 21(0)]F < C,AP2 (R(A))? for p> 0 and t > 0. (4.17)

This C, may be different from the C, before but we use C, to stand for generic

constants dependent on p and they may change from place to place.
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Proof. For each t € [0,T], choose a k such that ¢ € [ty, tx1]. Then, let p > 2
Elza(t) — 21(0)]" = Elza(t) — Xalts)]”

/th(zl(s),zg(s))ds—i—/ ga(z1(s), 22(s))dB(s)

tk

p

<E

< or—t

AR / [ (z1(s), za(s)P ds
i (@) L AR / l9a(=1(5), zQ<s>>|pds]

AP (WA + (YM) " A% (WA

< op—1
= 2

< o1 (1 + (p(p; 1))§> A% (h(A))P.

For 0 < p < 2, by Holder’s inequality,

[NIiS]

Elza(t) — 21" < (E|za(t) — z1(8)]?)* < (4A (h(A))Q)g < A5 (h(A)).

By setting C), be the coefficient before A2 (h(A))?, (4.17) is done. O

Lemma 4.1.9. There is a positive constant Ca dependent of A such that
E|xa(8(t) — 2t < C, (M + A (h(A))p> forp>0andt>0. (4.18)
Proof. For each t € [0,T], choose a k such that ¢ € [ty,tg1]. Then,
za(0(t)) — z(t) = 2a(0(t)) — Xa(Ia[6(te)]A) = za(6(1)) — za(La[0(tx)]A)

Note that 0(tx) — A < IA[0(tk)]A < 0(tx). Let p > 2.
Case 1 : If §(t) > Ia[6(tx)]A > 0, then by the Lipschitz property of §

5(t) — Ia[0(tR)]A < 8(8) — 6(te) + A < Y[t — t| + A < (v + DA,
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Then,
Elza(0(t)) — ()"

5(t) 5(t)
/I fa(z1(s), 2a(s))ds + / 9a(21(5), 22(5))dB

Alo(tr)]A IA[5(tk)]A

=E

5(1)
<TG DAPIE [ (fa(als) a) ds

IAlS(tk)]A

N Lo [0
r2t (P (D) FE [ () o) ds

Alo(tx)]A

<27 ((y + DAY (h(A)) + 277 (@) L+ DAY (h(A)

IA

CLA% (R(A))P.

Case 2 : If 0 < 0(t) < Ia[0(tx)]A, then by the Lipschitz property of ¢,
IA[O(te)]A — 0(t) < 0(tk) — 0(t) + A < v |tx, — t| < YA.

Then,

E|za(3(t)) = 22(8)["

IA[6(t)]A IA[6(t5)]A
B[ faalm@st [ galals)ao)is
0

(t) 5(t)

IAf0(th)]A

< 2 (AP E / Faza(s), z2(s))P ds

5(t)

CINE . labeoa
4 op—1 (%) (’YA)zE/ |9a(21(5), 22(s))|” ds
a(t)

<rioarm@)y 2 () o

[N4S)

(R(A))*

< C, A% (R(A)).
Case 3: If 0> d(t) > Ia[0(tx)]A or 0 > IA[0(tr)]A > §(t), then

0 < 3(t) — Ia[5(t)]A < 6(t) — 8(t,) + A < (v + DA,
or 0 < In[6(t)]A — 6(t) < 8(t) — 8(t) < vA < (v + 1)A.
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Then,

Elza(d(t) — )" = Elva(d(t)) — za(Zalo(tr)] D)
< E[§(o(t) — E(ULalo(tr)]A)[
< KR [6(t) — Ta[6(t)] A
< Ky (v +1)A)7

Case 4 : If In[0(tx)]A > 0 > §(t), then

0 < IA[0(te)]A < (t)
and 0 < —4(1)

Then,

Elza(6(t)) — ()l

=E[£(5(t) — za(Ialo(tr)]A)

< 2PTEIEO() — 0)) + 27 E[£(0) — wa(Ta[d(t)] D))
<K, (’yA)pB

IA[6(tr)]A IA[6(ts)]
Lo IE / Fa(z1(s), 2a(s))ds + / ga(21(5), 22(s))dB
0 0

< PTG (VAP 4+ C, AT (R(A))P .

Case 5 : If §(t) > 0 > Ia[6(t)]A, then

and 0 < 6(t) < 6(t) — o(tk) < yA.
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Then,

E|za(5(t) — 22(t)
= E|za(d(t)) — Ea[0(t)]A) [
< 227 'Elza(3(1)) — £(O)1" + 2" E[£(0) — E(Ial6(t)]A)

8(t) a(t)
§2p—1E/0 fA(Zl(S)722<S))dS+/O ga(z1(s), 22())dB| + 277" Ky (v + 1)A)”

< C,A% (W(A) + 271K, (v 4+ 1) A7

By combining the above cases, (4.18) is claimed. For 0 < p < 2, (4.18) is held by
using the Holder inequality with the above result. O

Lemma 4.1.10. Let Assumptions 4.1.1 and 4.1.2 hold. Then,

sup ( sup nyA(t)\P> <0, (4.19)

0<A<1 \—7<t<T

Proof. Again we need only to prove for p > 2. Let A € (0,1] and T' > 0. By Itd’s

formula, we have, for 0 <t < T,

Elza(®)

<EOF +E [ pleal)l (556602060 + Lo aa(aals) 2l ) ds
B +E [ pleal? () a(ea(5) 206 + L s (o) ) ) s
+E [ plea)P ™ (rals) — 2" fa 1 (5) 225,
By Young’s inequality and Lemma 4.1.4,
Blra(0f <BIEOF +E [ pleal)? B (1+ 20 + fals)) ds
+E [ [0 lealo) + 2lea(s) — 2 () faas). ()P s
<EEO)P + KB [ 20— 2) sl + 3 +3 2P + ¥ aa(o)]ds

+2(h(A))p/2/0 E|za(s) — 21(s)|"/* ds
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E e (t)]

<EEOP + 5, [ 00— 2B jaa() + 3+ B + I (o)) ds
+ C, AP (R(A)YT

<EEOP +3TF, + K, (-2 V) [ Elas@)l +Ela (o) +E =)0
A (A

<G, /0 t ( sup E \mu)v’) ds + C, AP A(R(A))P.

0<u<s

Hence, by the definition of k which is AY4h(A) < 1,

t
sup E|za(u)]’ < C, + C, ( sup E |xA(u)]p) ds.
0

0<u<t

By Gronwall’s inequality,

For —7 <t < 0, by definition of za, E |za(¢)[" is bounded, so

sup E|za(uw)]” < C,.

—7<u<T

Since A is arbitrary on (0, 1] the right hand side is independence of A,

sup ( sup ElycA(t)\p) < C,. O

0<A<1 \—7<t<T

By Lemma 4.1.10, it can be implied that

sup <sup E|z1(t)]p) <C, (4.20)

0<A<1 \0<t<T

sup (sup E\ZQ@)V’) <C, (4.21)

0<A<1 \0<t<T
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4.2 Convergence rate at a finite time T

Now, we state the main theorem by assuming some conditions to fit with the

variable time delay, as shown.

Theorem 4.2.1. Let Assumptions 4.1.2, 4.1.5, 4.1.6 and 4.1.7 hold. Assume that

%(tt) > i—f forallt € [—7,T) and p > p+ 2. Then, for A € (0,1],

E|2(T) - 2a(T)* < cp< (™ (h(A) ™" v AR(A)? v M) L (42)
E[2(T) - (T < 0p< (™ (h(A) ™" v AR(A)? v A?ﬂ) . (42)

Proof. Let n > |xg|, define 6,, = inf{t > 0: |z(t)| V |za(t)| > n}. Let ea(t) =
x(t) —xa(t) for —7 <t < T. By Itd’s formula,

dlea(t)]” <2 leﬁ(t) (f(x(t), 2(6(2))) — falz1(t), 22(1)))

+ % lg(x(t), z(6(1))) — gA(Z1(t),z2(t))|2] di
+2eX () (g(z(t), 2(5(1))) — ga(z1(t), 22(t))) dB(2).
Then, for 0 <t < T,
Elea(t A6,)|?

tAOp,
- E{/o [zeg(s)(f(x(s),x(é(sn) — fa(z1(s), 22(s)))

+ |g(x(s),z(5(s))) — galz1(s), 22(5))|2}ds}
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Elea(t A 6,)[?
< E{ | Al a(6) = Flaals)aal(:)
+ (14 ) (), 2(5(5)) — glals). 2a(5(s)) | ds

tAOp
+ / (265 (5)(F(za(s), 2a(6(5))) — Fal21(s), 2a(5)))) ds
tAOy,
4 / (1+ a7 |g(zals), 2a(6(s))) — gA<zl<s>,zQ<s>>|2ds}
tAOy,
< E{ / 216, (|a(s) — 2a(5)P +[2(5(s) — 2a(5(5)))
—2MU(z(s),za(8)) + 22U (2(d(s)), xA((S(s)))}ds

+ / 2 ) 1 (ea(s), 2a(65)) — Faoa(s), ()] ds

T / (1 a7) la(ea(s), 2a(6(3))) — ga(21(s), 2(5) P ds}
< E{ / 26 (Jea(s) + ea(d(s)) + lea(s)]?

— oMU (a(s), wa(s)) + 20U (z(5(s)), xA((S(S)))} ds}

+E / T Faals) 2al606)) — falea(s), ()P ds

+E / (U 0 ) gra(s), 2a(5(5) — ga(a1(s), 22(5)) P s
< E{ / 216, (ea(s)” + eald()) + leals)]”

— 20U (a(s), wa(s)) + 20U (@(5(s)), 22 (6()))] ds}

tAOp
+ E/O (2+a™!) Ky (Joals) — malza(s)* + |2a(8(s)) = malz2(s))])

(L4 |za(s)” + [ma(z1(s)]” + [za(0(s)|” + [7a(z2(s))]”) ds
< Hy + Ho,
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where

;- E{ | K (esto) +1ealBo)) + ea(o)f
—2MU(z(s),za(s)) + 22U (z(0(s)), :cA(é(s)))] ds}

tAOy,
Hy=E / (2+a") Ky (Jza(s) — 7a(21(9) + lea(8(s)) — ma(za(s)]?)

X (L+[za(s)l” + [ralz1(s)]” + [2a(6(s)]” + |ma(z2(s))") ds.

Since fBT lea(s)|” ds = 0, we can derive by setting a = ()
tAOn 6(tNOr) ds(s
| leatétoras - lea(a)?da- < ! )
0 s

§ |€A ] ds( )
tAGn
= lea(s)[? ds( )

Note that U(z(s),za(s)) =0 for all s € [—7,0], then

S(tAO)

/Oman U(x(d(s)),za(0(s)))ds = /5(0) U(e(a), a(a))da (d(;is))_l

<(3) [ vt st
_ (i_;) /0 O Ua(s). 2a(s))ds.
<k [ (am (1432) 1) leatoPas
< (2[(2 (1+ L) +1)/0 E lea(s A 6,)]% ds.
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By Lemmas 4.1.8, 4.1.9, 4.1.10 and the fact that |7a(z)]” < |z,
Hy

tAOn,
= E/O (2+a™) Ky (lra(s) = malz(s) + lza(8(s)) — ma(22(s))%)

X (L+[za(s)l” + [ra(z1(s)]” + [2a(6(s)]” + |malz2(s))]") ds

tAOy,
<E / 2(2+ a7 K, [( 2a(s) — 7aleal(s) + [ra(ea(s)) — 7a(a(s)
T lea(8(s)) — ma(@aG()) + [ralza(6(s)) - m<22<s>>|2>
X (L+ s (@)l + [ralza () + [2a(6()]° + [ma(22(5) ") ] ds

T
§2(2+a—1)K3/ E
0

( za(s) — ma(za(s)]” + |ma(zals) — ma(z1(s)]
+|za(8(s)) — ma(za(3(s)* + Ima(za(6(s))) — WA(Zz(S))|2>

X (L4 [za(s)]” + [21(s)]” + [2a(0(s)]” + !zz(S)lp)]dS

T
gcp/
0
2p

+E|za(5(s)) — ma(za(8())|77 + E|ma(a(5(s))) — ma(za(s))|7 2 ) '

; (E [a(s) = ma(ma(s))|77 +E|ra(ra(s) — malar(s))77

X 57 (1+E|za(s)]” +E|z(s)]” + Elza((s))]” + E |22(S)’p)§ ] ds
<6 | (E'W) (a4 Elna(s) — 2(s)17%
+E|za(8(s) — 7a(2a(8(s))[77 +Elza(8(s)) — 2a(s)[77 ) ds

T
sop/
0

+ A (R(A)* + (A% + A (R(A))?)

2p \ =2 2p N\ E=2

(Elza(s) — mal@a()77) 7 + (Elza(d(s)) - maleaG()F7) ~

ds
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2p P—p

H, < Cp/o (E lza(s) — WA(xA(s))\H> 7 ds+ C, (Azﬁ +A (h(A))2)

+G, / ) (Bl2a(6(s)) — malza@s))F7) 7 ds.

. . T 2p P
Consider the integral | <IE lza(s) — WA(xA(S))‘P—p> ds,

2 7\ 5°
(E [[{m(s)bml(hm))} \M(SNHD s

By Lemma 4.1.10,

/OT <E [za(s) — WA(xA(S))V’%’) " ds < C, (,u_l(h(A)))_(p_”_z) ‘

Similarly, we can derive

[ (Rlaloten ~ malea))#) ™ ds < 6, (utnan) .
Hence,
Hy < Gy (7" ((A) ™7 4+ A% 4 A (h(A))%)
Now combine H; and Ha,

t
E |ea(t A 6,7 < 0,,/ E |ea(s A 0,)[ ds
0

+ Gy (7 (r(A)) P v A% v A(R(A))?).
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By the Gronwall inequality,
Elealt A 02) < Gy (7' (h(A)) ™72 v A% v A (h(2))*).

By letting n — oo, (4.22) is proved. Hence, (4.23) is done by Lemma 4.1.8. [

4.3 Convergence rate over a finite time interval

To find the rate of convergence over a finite time interval, we also need a strong

condition on the diffusion coefficient.

Assumption 4.3.1. There is a pair of constants p and Ky > 0 such that for all
,Y,7,7 € R?

f(z,9) — £(@,9)) < Ko (Jo =72+ |y = 91°) L+ [z + 13" + |y]” + |5]7)
and
9(z,y) — 9@, 9)> < Ky (Jo — 2 + |y — 91%) -

Theorem 4.3.2. Let Assumptions 4.1.2, 4.1.5, 4.1.6 and 4.5.1 hold. Assume that

%&t) > i—f forallt € [—7,T) and p > p+2. Then, for any A € (0,1],

0<u<T

E ( sup_|(u) - m(U)|2> < cp( (= (D))" v AR(A)? v A?p) .

(4.24)

Proof. For any n > |zg|, define 6, = inf {t > 0: |x(t)| V |za(t)| > n}. Let ea(t) =
z(t) — xa(t) for t > 0. By It6’s formula,

dlea(t)]” <2 leﬁ(t) (f(x(t), 2(5())) = fa(z1(t), 2a(1)))

5 (e (0), 2(5(6))) — 9 (aa(1), 22 ()P |t

+2ea(t) (g(x(t), 2(3(t))) — ga(z(t), 22(1))) dB(1)



CHAPTER 4 64

Then, for 0 <t < T,

E( sup |eA(u)|2) < Hs + Hy,

0<u<tAOy,

where,

Hy=E_sup { | A0, 60 - fater(s).2)

+ |g(z(s),z(4(s))) — gA(zl(s),zg(s))f}ds}

H4=E( sup /0“2e£<s><g<x<s>,x<a<t>>>—gA<z1<s>,z2<s>>>dB<s>).

0<u<tAOy

We now estimate Hs and Hy, respectively.

Hy<E sup { | Ao ). (6 - Fosts).2alsts))

0<u<tAl,

+ (14 a) lg(a(s), 2(3(5)) — glzals) za(d()* |ds

+ [ G al).aal6(9) ~ fa(a(9). () s

T / (14 a7 lg(wals), 2a(0(s)) - gA<zl<s>,zQ<s>>|2ds}

=B, {/0 1216 (|2(s) = wa(s)” + |2(3(5)) — 2a(3(5)))

=2\ U (x(s),za(8)) 4+ 22U (x(d(s)), xA(é(S)))] ds

+ /0u2 len(S)|(f(@a(s), 2a(5(s))) = fal(z1(s), z(s)))| ds

# [ 1 a ) K (joals) = mala) + loal6(9) - ma (o)) ds}
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Hy<E sup { [ (282 (ea(o) + lealo(sDP) + fealo)l

0<u<tAbn

— 20U (z(s),za(s)) + 2)\2U($(5(s)),xA(5(s)))} ds}

+E sup / C(Fa(s),2a(0(5)) — Falaals), 2a(s)I ds

0<u<tAl,

+ E/O ' (1+a™) Ky (Jra(s) — malz1(s))? + [za(6(s) — ma(z2(s))]?) ds

<E sup { [ (28 (ea(o) + lealo(sDP) + fealo)

0<u<tAy,
—2MU(z(s),za(s)) + 2)\2U($(5(S>),IA(5<S)))} ds}
tAO,
+ E/O Ky (Jza(s) = ma(21(s))]” + |2a(8(s)) — ma(za(s)]")
(1 + fza(s)|” + ma(z(s)]” + l2a(6(s)]” + [ra(z2(s))") ds
+ E/O (1 a7 Ky (jaals) = malza ()P + la(6(s)) — ma(za(s))) ds
< Hz + Hs,

where

Hy =E_sup { [ [26 (sl + ea(@6) ) + leato)

0<u<tAly,

—2MU(z(s),za(8)) + 22U (2(0(s)), xA(é(s)))} ds}

Hap = E/O K (lza(s) = malz1(9))]” + lza(6(s)) —walze(s))[)

x (2+a7h) +za(s)l” + Imalz(s)” +za(d(s)]” + [ma(z2(5))]°) ds.
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Since [°_|ea(s)|*ds = 0, we can derive by setting a = (s)

6(u) -1
/ lea(8(s)))* ds = lea(a)]? da - (dé(s))
5(0 ds
o)
e

Note that U(z(s),za(s)) =0 for all s € [—7,0], then

5(u)

/o“ U(z(0(s)), va(0(s)))ds = /5(0) U(z(a), za(a))da - (dilf))l

< (i—) | vta.as)s
~ () [ v aatopas

“ A
H3; <E sup (/ (2[(2 (1 + —1) + 1) \eA(s)\zds)
0<u<tAdn \Jo A2
)\1 t 2
<(2Ky (14— ) +1 E{ sup lea(u)|”)ds.
)\2 0 0<u<sAby,

By Lemmas 4.1.8, 4.1.9, 4.1.10 and the fact that |7a(2)]” < |z,

Hence,

tAOn
Hy, = E/O Ky (Jza(s) = ma(z0(9))]” + |2a(8(s)) — ma(z2(5))?)

< ((2+a7) +zals)l” + Imalza())) + lza ()] + [malz(s))I”) ds

tAOn
< E/U 2K, [( [2a(s) = ma(za(s))]” + [ma(za(s)) — malz(s))]’
+[2a(6(s)) = ma(za(8(s)))]* + |malza(8(s))) — 7TA(Zz(S))I2>

X ((2+07) +a(d) + mala() + [2a(B(s)IF + [maea(s) ) ] s



CHAPTER 4 67

T
§2K4/ E
0

+ |2a(8(s)) = ma(za(d()))]* + |ra(za(8(s)) - M(ZQ(S))I2)

( [wa(s) = ma(za(s))]” + [ma(zals)) = 7alz(s))]’

X ((2+07) + lza@) + () + lralE)F + |2()") ] ds

T
< 2K4/
0
2p

+Eza(5(s)) — ma(za(8(s))|77 + E|ma(a(5(s))) — ma(za(s))|7 2 > '

2

i (E [7a(s) = ma(wa(s)|77 +E|ra(ra(s) — malar(s))]77

P—p

X575 (2+a ) +Elzals)] +E|z(s)[” —|—]E\a:'A(6(s))|p+E]zg(s)|p)g]ds

2p

=< Cp/o (E [a(s) = mawa(s))|77 +Elza(s) — 21(s)|77

FE|za(6(s)) — ma(za(d(s))]77 + E |za(3(s)) — 20(5)|77 ) "

<G, /OT (E lza(s) — WA(:EA(S)HPQPP)T ds

2p p=p

Gy [ (Bloald(9) ~ malos@Ge)I™) 7 ds+ Gy (4% + AR

p—p

Consider the integral fOT (E lza(s) — WA(xA(S))\P%) " ds,

2p

K [I{WA(S)IML*(h(A))} |xA(s)|ﬂD ? ds
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By Lemma 4.1.10,

p—p

2p

/OT (E [za(s) = WA(Q:A(S)”H) Pds < C, (M_l(h(A)))f(p*p”) .

Similarly, we can derive

/0 (Elea(d(s)) = malea@()[77) 7 ds < G, (7 (h(A)) ",
Hence,
Hy < Gy (0 ((A) ™77 4+ 2% 4 A(n(A))?).

Now we consider Hy,

H4=E( sup /0“2e£<s><g<x<s>,x<6<s>>>—gA<zl<s>,22<s>>>dB<s>)

0<u<tAOy,

Wl

2

tAOy
< 4V/3E ( / 264 () (9 (s), 2(3(5))) — ga(z1(s), 22(5))| ds)

[V

tAOp,
< 8V3E ( / eals)? g(a(s), 2(5(s))) - gA<z1<s>,zQ<s>>|2ds)

<5(|, o, lesr])

« (s " @(5). 2(6(5))) — g(ma(a1(8)),ma o) i)
<28 ( s featwl)

0<u<tAO,

N

tAOy,
| 64E / 19(2(5), 2(5(5))) — g(malz1(s)), ma(za(s)) [ ds
< 3= (., kst

tAOy,
+ 128E / g (s), 2(8(s))) — glaals),2a(3(s))|* ds

198 / Cg(@als), 2a(0(1))) — g(malz(s)), ma(za(s))> ds



CHAPTER 4 69

1
i< g8 ( s feawl)

0<u<tAb,

tAOn,
+ 128K4E/0 (Jz(s) — za(s)]” + |z(6(s)) — $A(5(s))|2) ds
+128K4E/0 (lra(s) = malz1(s))]” + |2a(6(s)) = malz2(s)[") ds

1 ) )\1 tAOn 2
< §E sup lea(u)|” | + 128Ky + 3 E lea(s)|” ds
0

0<u<tNOy 2

+C, (A% + A (R(A))?)

1 A t

< -E ( sup lea(u |2) + 128K, (1 + ) / E ( sup ]eA(u)|2) ds
2 \o<u<tno, X/ Jo 0<u<s
+ G, (A% + A (R(A))?).

Combining the estimates of H3 and H,4, one has

IE( sup |ea(u )<C’/ <sup lea( )|>d5
0<u<tAbO, 0<u<s

+C, ( (L (h(A))) "D v A% v A (h(A))2> .

By the Gronwall inequality and letting n — oo, this theorem is proved. ]

In practice, calculating the solution using continuous time continuous process
can sometimes be difficult. Therefore, the next lemma becomes crucial in de-
termining the solution using the continuous time step process. Additionally, the

proof of the next lemma is straightforward following from [6].

Lemma 4.3.3. Let A € (0,1] and € € (0,1/4]. Let v be a sufficiently large integer

for which
2 p(T+1)p/2”<2 il (4.25)
5 1 <2and — <e. .
Then, for p > 2
E ( sup |za(u) — zl(u)|p) < C, (AP (R(A))P). (4.26)
0<u<T

We therefore obtain the following corollary illustrating that the solution can

be computed by the step process.
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Corollary 4.3.4. Let Assumptions 4.1.2, 4.1.5, 4.1.6 and 4.3.1 hold. Assume that
80 > 2 forallt € [-7,T] and p > p+ 2. If p(u) = Cu*2/2 and h(A) = A,
then

E ( sup |z(u) — zl(u)|2) <G, (A2PA(1*35)) . (4.27)

0<u<T

4.4 Comparision and Summary

In this chapter, we have enhanced the truncated EM numerical approach for
stochastic differential delay equations with a variable time delay denoted as 0(t).
This improvement combines the truncated EM method, as defined in [6] and [§],
with the model involving varying time delays presented in [25]. Furthermore, we
have calculated the convergence rate at specific time points and over finite time
intervals using some techniques in the previous chapter. When comparing our
results to those of [6], we observed that the convergence rate in both cases of the
solution with variable delay are similar to the results obtained in the case of con-
stant delay as demonstrated in [6]. However, it is essential to emphasize that our
method imposes specific conditions that must be satisfied in the case of variable

delay.



Chapter 5

Positive Preserving Truncated

Euler-Maruyama Numerical
Method

5.1 Introduction

SDE models in applications have their special properties. For example, the square
root process and mean-reverting square root process in finance have nonnegative
solutions (see, e.g., [17, 19]). The stochastic Lotka—Volterra model for interacting
multi-species in ecology has positive solutions (see, e.g., [1, 23, 19]). The SDE SIS
model in epidemiology has positive solutions (see, e.g., [7]). These SDE models are
all highly nonlinear. If we apply the modified EM methods (including the tamed
EM method [14, 31, 32], the tamed Milstein method [35], the stopped EM method
[18], the truncated EM method [21, 22]) to these SDEs, they do not maintain the
non-negativity or positivity of the solutions.

Therefore the aim of this chapter is to modify the truncated EM method to
establish a positivity preserving truncated EM (PPTEM). We, moreover, focus on
applying this technique to the well-known stochastic Lotka-Volterra model, which
describes the dynamics of interacting multiple species in ecology. The rationale
for selecting this model is because its characteristic features: highly nonlinear,
positive solution and multi-dimensional. Consequently, the methods developed
in this chapter can be applied for broader applications, extending to other SDE
models, such as the SDE SIS model.

71
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Our approach is to establish a new nonnegative preserving truncated EM
(NPTEM) and then the more desired PPTEM. Although the solution of the
stochastic Lotka—Volterra model is positive, there are some SDE models whose
solutions remain the nonnegative values. For instance, in finance, well-known
models like the square root process and mean-reverting square root process neces-
sitate nonnegative solutions, (see, e.g., [17, 19]). Moreover, from a mathematical
perspective, the way to prove the convergence of the PPTEM solution to the true
solution would be more natural if we start to establish the convergence of the
NPTEM solutions as an intial step.

As explained in the previous, we consider the d-dimensional stochastic Lotka—
Volterra model (see, e.g., [1, 19])

dx(t) = diag(x1(t), x2(t), ..., zq(t))[(b — Az(t))dt + odB(t)], (5.1)
where x(t) = (z1(t), - ,z4(t))T is the state of the d interacting species and the
system parameters b = (by, -+ ,bg)T € RY, 0 = (01, ,04)T € R A= (a;;)axa €

R?4 Tt is worth noting that the scalar Brownian motion B(t) in this chapter
can be generalised into a multi-dimensional one without any difficulty. We impose
the following assumption as a standing hypothesis, which is the only one for this

chapter.

Assumption 5.1.1. All elements of A are nonnegative, namely a;; > 0 for all
1<i,j<d.

From the ecological point of view, this assumption means that the d interacting
species are competitive. The SDE (5.1) has been studied intensively by many
authors. For example, it is known (see, e.g., [19]) that under Assumption 5.1.1,
for any initial value 2(0) € R%, the SDE (5.1) has a unique global solution x(t)
on t > 0 and the solution will remain to be in R‘i with probability one (namely,
z(t) € RY ass. for all t > 0).

Throughout this chapter, we set

b= max ||, &= max|o;|, a= max a. (5.2)
1<i<d 1<i<d 1<i,j<d
From now on, we will fix the initial value z(0) € R% arbitrarily and, of course,

x(t) is the corresponding solution. We will also fix two real numbers 7" > 0 and

p > 2 arbitrarily. Let us present two lemmas which will play their useful role in
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this chapter. And recalling that we use C' and C,, to stand for generic positive real

constants which C), is dependent on p whlie C' is not.

Lemma 5.1.2. Under Assumption 5.1.1,

IE( sup |x(t)|p> <C, (5.3)

0<t<T

Proof. Recalling that z(t) € R% and applying the It6 formula and Assumption
5.1.1, we can easily show from (5.1) that

d(z:(1))? < plb+ 0.5(p — 1)72)(wi(t))Pdt + poy(2:(£))PdB(L),

for t > 0 and every i = 1,--- ,d. By the Burkholder—Davis—Gundy inequality, it
is straightforward to show that

E( sup (a:z(u))p> <C,+C, /OtIE( sup (a:i(u))p>ds, for all ¢t € [0, 7.

0<u<t 0<u<s

An application of the well-known Gronwall inequality gives

E( sup (xz(u))p> < C,.

o<u<T
This implies the required assertion (5.3). O

Lemma 5.1.3. Under Assumption 5.1.1,

E( sup [zi(t) — 1 — log(:ci(t))]) <0 1<i<d (5.4)

0<t<T

Proof. For each i, by the It6 formula, we have

dfz;(t) — 1 — log(z:(t))]

g( — b+ 0.507 + bry(t) + Y aye, (t))dt + oy (i(t) — 1)dB(t).

By Lemma 5.1.2, the first and second moments of the solution is bounded (by C)
for t € [0,T]. Applying the Burkholder-Davis—Gundy inequality again, we can
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then derive that

E( sup [z:(t) — 1 — log(x:(1))])

0<t<T

<C —1—]E< sup /Ot oi(zi(s) — 1)dB(s)>

0<t<T
T 1/2
0
T 1/2
§C+35(/ 2(Elr(s)” +1)ds)
0
<C+306+2T(C +1),

which is the desired assertion (5.4). O

5.2 Definitions of New Numerical Schemes

In this section, we will develop two numerical schemes. The first one will be called
the NPTEM scheme, while the second one the PPTEM scheme. We have explained
in the previous why we do not only study the PPTEM but also the NPTEM in
this chapter, although the solution of the underlying SDE (5.1) is positive with
probability one.

5.2.1 Nonnegativity preserving truncated EM method

To define the NPTEM scheme, it would be convenient to treat the SDE (5.1) in R?
instead of R%. For this purpose, we need to extend the definition of the coefficients
of the SDE from R? to R?. We denote the coefficients by

Fi(z) = (bywy, - -+, bawa)’, Fo(x) = —diag(zy, - ,2q9) Az, G(x) = (0121, ,0024)"
for z € Ri. Define a mapping m : R? — Ri by

mo(z) = (21 VO0,--- 24V 0) for z € R
Define f1, f2, g : R* — R? by

filx) = Fi(mo(2)),  falw) = Fa(mo(2)), g(x) = G(mo(w)) for x € R,
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Obviously, fi(z) = Fi(z) etc. if z € RL. In other words, fi, f2, g are the extended
functions of Fy, Iy, G, respectively. Recalling that the solution of the SDE (5.1)
has the property that z(t) € ]Ri a.s. for all £ > 0, we can therefore write the SDE
(5.1) as the following equation

da(t) = [f1(x(t)) + fo(2(t))ldt + g(x(t))dB(t) (5.5)
in R?. We observe that f; and g are linearly bounded, namely
A@)] <Blal, l9(@)| <alal, for all s € RY, (5.6)

but f5 is not. The classical EM method is therefore not applicable to the SDE
(see, e.g., [11, 14]). The truncated EM method established by [21, 22] may be
applied but it cannot preserve nonnegativity, not mentioning positivity.

The aim of this subsection is to modify the truncated EM method in order
to create a new NPTEM method. For this purpose, we first choose a strictly
increasing continuous function p : [1,00) — Ry such that p(u) — oo as u — oo
and

sup |fo(z)| =  sup |Fy(x)|] < p(u), forall u > 1. (5.7)
z€R?, |z|<u z€RYL, [z[<u
Denote by p~! the inverse function of  and we see that ! is a strictly increasing
continuous function from [;(1),00) to Ry. We also choose a constant i > 1V
p(1) V ]z(0)] and a strictly decreasing function h : (0, 1] — [u(1), c0) such that

lim h(A) = oo and AYh(A) <h, forall A€ (0,1]. (5.8)

A—0

Note that for z € R?,

d d ,
Ba@)? =Y 2t (Yayr;) <D af(Dad )l < AP,
i=1 j=1 i=1 j=1
where |A| = y/trace(AT A) is the trace norm of a matrix A. We can hence let

(u) = |Alu2, while let A(A) = hA~ for some 0 € (0,1/4]. In other words, there
are lots of choices for u(-) and h(-).
For a given step size A € (0, 1], let us define the truncation mapping 7a : R? —
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{z e Rt Ja] < p7'(R(A))} by

ma(@) = (Jo] A p~ (h(A))) =

ma

where we set z/|z| = 0 when z = 0. That is, o maps z to itself or = (h(A))z/|z]
depending on |z| < u~1(h(A)) or not. It is useful to see that for all x € R,

fa(mo(ma(x))) = Fa(mo(mo(ma(2)))) = Fa(mo(ma(z))) = fa(ma()). (5.9)

Hence
| fa(mo(ma (@) = [ fo(ma(@))] < p(u" (h(A))) = h(A). (5.10)
Moreover, noting mo(7a(z)) = (|z| A = (h(A)))mo(z)/|x|, we also have

2! fa(mo(ma(x))) = 2" fo(ma(@)) = (mo())" Fa(mo(ma(x))) < 0. (5.11)

We can now form the discrete-time NPTEM solutions Xa(tx) =~ z(t;) for
ty = kA by setting Xa(0) = Xa(0) = 2(0) and computing

Xa(tepr) = Xalte) + [[1(Xaltr) + f2(Xa(tr)]A + g(Xa(tr)ABy,  (5.12)
Xa(tresr) = mo(ma(Xalte))), (5.13)

for k = 0,1,---, where ABy = B(tp1) — B(t),). Please note that Xa(t11) is an
intermediate step in order to get the NPTEM solution Xa(tx41). We extend the
definitions of both X (+) and Xa(+) from the grid points #; to the whole ¢t > 0 by
defining

Xa(t) =Y Xaltu) g p,0(1) (5.14)

k=0

and .
Xa(t) = Xa(ti) Ly .0 (t) (5.15)

for t > 0. Clearly, Xa(t) = mo(ma(Xa(t))) so it preserves the nonnegativity
although Xa(t) does not.
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5.2.2 Positivity preserving truncated EM method

For each step size A € (0, 1], define one more truncation mapping 7, : RY — Ri
by
To(x) = (AVay, -, AVry)', zeRe

Please note that m, maps R? to Ri while 7y to Ri so they are different. The
PPTEM solution is defined by

XA(t) =7y (ma(Xa(D)), t20, (5.16)

where XA (t) has already been defined by (5.14).

At this step, the upcoming question is that can we define the PPTEM is a
similar fashion at the NPTEM, namely by replacing 7y in (5.13) with 7, while
keeping everything else unchanged. This is certainly possible but the mathemat-
ics will become slightly more complicated because 7, does not preserve the nice
property that ma has while 7, does. More precisely, 7o maps R? into the ball in
R? with center 0 and radius g~ (h(A)) but 7, may map some z in the ball outside

the ball. For a mathematical reason, we have
7a(2)] < pH(R(A)), Vo eR?

but we may have
|7 (ma@))] > ™ (A(A))

for some z € R? with |z| < u~(h(A)). For example, if z = (u~1(h(A)),0,---,0)7T,
then 7, (ma(x)) = (u 1 (R(A)), A, - ,A)T and

7w (ma(@))] = V(= (R(A)))? + (d = 1)A2 > 7} (h(A)).

5.3 Main Theorems

Our aim of this chapter is to show that both NPTEM solution X (¢) and PPTEM
solution X} (¢) converge to the true solution z(t) in L for any p > 2 as described

in the following theorems.
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Theorem 5.3.1. Under Assumption 5.1.1, one has

lim IE( sup | Xa(t) — a:(t)|p> —0. (5.17)

A—0 0<t<T

Theorem 5.3.2. Under Assumption 5.1.1, one has

mnE(smp|Xg@>—x@ﬂﬁ::o. (5.18)

A—0 0<t<T

The proof of these theorems are highly technical. To make it more understand-
able, we break it into a number of lemmas in the next subsection and prove the

theorems afterward.

5.3.1 Lemmas

For the mathematical analysis, we need to define a new process

M(t)Zfr(O)Jr/o[fl(Xa(S))+fz(Xa(8))]d8+/0 9(Xa(s))dB(s)  (5.19)

for t > 0. We observe that xa(t;) = Xa(ty) for all k > 0. Moreover, za(t) is an

It6 process with its It differential
dra(t) = [[i(Xa(t) + fo(Xa(t))]dt + g(Xa(t))dB(t). (5.20)

We also denote the ith component of za(t), Xa(t) or Xa(t) by xai(t), Xa.(t) or
Xau(t), respectively.

By (5.6) and (5.10), it is easy to see from (5.12) that for any ¢ > 2, E|Xa(t1)]¢ <
oo and then, by induction, E|Xa(#)|? < oo for all & > 1. By (5.19) we can then
further see that E|za(t)|? < oo for all ¢ > 0. But we will show a better result (see
Lemma 5.3.4).

We start with the following lemma which shows that 24 (¢) and X (t) are close

to each other in the sense of LP.

Lemma 5.3.3. For any A € (0, 1], we have

Elza(t) — Xa(t)P < C,AP2(W(A))?, Vi€ [0,T). (5.21)
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Consequently
lim Elza(t) - Xa(t)]P = 0. (5.22)
Proof. By (5.10),
| f2(Xa ()| = [ fo(mo(ra(Xa(®)))] < h(A). (5.23)

Using this and (5.6), we can easily show from (5.19) that
t —
Blra(0) < G(h(@)) +C, | EIXa(s)Pds
0
for ¢t € [0, 7). This implies

sup Elza(u)|? < Cp(h(A))P +C, / E| X (s)|Pds

0<u<t

+C/ sup Elza( )|p)ds

0<u<s

The well-known Gronwall inequality shows

sup Elza(u)|P < C,(R(A))P. (5.24)

0<u<T

Now, for any ¢ € [0, 7], there is a unique k > 0 such that ¢ € [t, tx+1) and hence
Xa(t) = Xa(ty) = za(ty). It then follows from (5.19) that

Elza(t) — Xa(®)] = Elza(t) — za(te)l”

= CpNHE/ [/1(Xa()" + [ f2(Xa(s))]ds + Cpﬁ(”_m/ |9(Xa(s)["ds.

ty

This, along with (5.6), (5.10) and (5.24), implies
Elza(t) = Xa(t)l" < CAP(M(A))” + Co AP (h(A))P < CAP(h(A))?

which is the first assertion. Noting from (5.8) that AP/2(h(A))? < AP/*, we obtain

the second assertion from the first one immediately. ]

The following lemma shows a much better result than (5.24).
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Lemma 5.3.4. Let Assumption 5.1.1 hold. Then

sup ]E< sup |$A(t)|p> < C,. (5.25)

0<A<1 NO<t<T

Proof. Fix any A € (0,1]. By the It6 formula and the Burkholder-Davis-Gundy
inequality etc., it is almost routine (see, e.g., [19, pp.59-63]) to show that

t

IE( sup |xA(u)|p> < C’p+Cp/0 E( sup |xA(u)|p>ds+J1(t) (5.26)

0<u<t 0<u<s

for ¢ € [0, T, where

10 =B s [ plea()P 2k (s) f(Xa(s))ds).

0<u<t

By (5.10) and (5.11), we have

2A(5)2(Xa(s)) = ([zals) = Xa(s)]" + XA(5)) fo(mo(ma(Xa(5))))
< h(A)|za(s) — Xa(s)].

Hence
Ji(t) < ]E/O plea(s)P2h(A)]za(s) — Xa(s)|ds.

Using the Young inequality
paP~2b < (p — 2)a? + 20P/?,  Va,b >0,
as well as Lemma 5.3.3, we can then derive that
() < E/Ot [(p = 2)|za(s)[? + 2(h(A))?|2a(s) — Xals)["*]ds
< p-2) [ Blaa(o)ds + 20 [ Bleats) - Kalo)l) s
< (-2 [ Blealo)Pds + AR
0

<(p—-2) /;]E( sup \xA(u)V’)ds—i-Cp,

0<u<s
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where we have used (5.8) in the last step. Substituting this into (5.26) yields

t

IE( sup ]xA(u)|p> < C’p—l—Cp/O E( sup ]ajA(u)]p>ds.

0<u<t 0<u<s

An application of the Gronwall inequality gives

E( sup |ra(@)l) <G,
0<u<T

As this holds for any A € (0,1] while C, is independent of A, we see the required
assertion (5.25). O

The following lemma improves the second assertion in Lemma 5.3.3.

Lemma 5.3.5. Let Assumption 5.1.1 hold. Then

. _ e P _
E%E(Oi?% wa(t) — Xa(t)] ) 0, (5.27)
Proof. Let m be the integer part of T'/A. Then, by (5.6) and (5.23) as well as

Lemma 5.3.4, we derive that

E( sup [za(t) — Xa())

0<t<T

<E( max sup |[fi(Xa(t) + F(Xa())(E = t) + 9(Xa(t0)(B(®) - B®)[")

0<k<m ) <t<ty 44

<C,E ( ma
0<

X
k<m

[ Xa(t)]” + (h(A))p]Ap> nys

<C,A7E( max |ea(te)]” + (M(A)F) + I,

<CLAP[C + (W(A)] + Jy < CLAP(R(A))P + ., (5.28)

where
Iy = O,,E( max [|XA(tk))\p sup | B(t) —B(tk)|pD.

O<k=m L <t<ti1

Now, choose a sufficiently large integer n > 3V p, dependent on p and 7', for which

2 p
<2nﬁ 1) (T + 1)/ < 2, (5.29)
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But, by the Holder inequality,

72 = G {E( s [IXst)P" sw 1B0) - BaP]) 1

O<k<m b <t<tji1

e _ p/2n
<G E[Xat)P sup |BO) - Br)])"

5—0 U <t<tpt1

But, by Lemma 5.3.4 (replacing p there by 2n though n here depends on p),
E|Xa(t))[*" is bounded by C, for every ¢;. Note also that for each k, Xa(t;) is
independent of supy, <,,, ., [B(t) — B(tx)[*". We hence have

1< G B E] s [B) - Bu)])”

=0 L <t<tk+1

- 2n p/2n
<G (Y E| sw |B0) - B)*))

k=0 tkgtgtkﬁ»l

By the Doob martingale inequality (see, e.g., [19, Theorem 4.8 on p.14], we further
derive that

e <i[2n2n 7 BB - Br) "
=¢ <i[2n2ﬁ1] 2n—1)um>
=6 <2n221} T+1)(2n—1)!!m1>p/2"7

where (2n — 1)Il = (2n —1) x (2n —3) x --- x 3 x 1. But

[(2n — DY < %Zn:(% —1)=n.

Thus
2n

-1
Using (5.29) while noting (n — 1)/2n > 1/3 as we choose n > 3, we obtain

J, < C np/2<2 > (T + 1)?/2nAp(n—1)/2n.

Jy < C, AP/,
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Substituting this into (5.28) gives

E( sup fra(t) = Xa(hl) < Co(h(A)FA? + CAY < Cy(h(A)P AP,

0<t<T

But, by (5.8),
(R(A)PAP/S = APRZAYAR(A)P < AP/12,

We hence obtain

E( sup |za(t) — )‘(A(t)v’) < C,AP12,

0<t<T

This implies the required assertion (5.27). O

In the remaining of this section, we need a couple of new notations. For each

r > |xo|, define the stopping times
7, =1inf{t > 0: |z(t)] > r}

and
pa, =inf{t >0 |za(t)] > r},

where throughout this thesis we set inf () = co. Moreover, we set
Ornr =70 N\ payr
and define the closed ball
S, ={x cR*: |z| <r}.

The following lemma shows both x(t A 6a,) and za(t A 0a,) are close to each
other.

Lemma 5.3.6. Let Assumption 5.1.1. Then for each r > |xo|, there is a Ay =
Aq(r) € (0,1] such that

E( sup |x(t A Oa,) —xa(t A GA,T)V’) < C.AP2 forall A € (0,4], (5.30)

0<t<T

where C, is a positive constant dependent on r,p,T etc. but independent of A.

Proof. Define
forl@) = Fol(lo] Ar)a/lal) for = € R
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Obviously, fo.(-) is bounded and globally Lipschitz continuous in R¢ but its Lip-
schitz constant depends on r. Consider the SDE

dy(t) = [f1(y(t) + for(y(t))ldt + g(y(t))dB(t) (5.31)

on t > 0 with the initial value y(0) = 2(0). It has a unique global solution y(t)
on t > 0. For each step size A € (0, 1], we can apply the EM method to the SDE
(5.31). That is, we form the EM solutions Ya(t;) = y(tx) for t, = kA by setting
YA(0) = 2(0) and computing

Ya(tiyr) = Yalte) + [[i(Ya(tr)) + for(Ya(tr))]A + g(Ya(tr)ABy,  (5.32)

for k = 0,1,---. Extend the definitions of YA(:) from the grid points ¢; to the
whole ¢ > 0 by setting

Ya(t) =) Yalto)lj, p0)(t), (5.33)

and then define the Itd process

ya(t) = z(0) +/0 [/1(Ya(s)) +f2,r(YA(5))]dS+/O g(Ya(s))dB(s)  (5.34)
for ¢ > 0. It is well known (see, e.g., [15, 19]) that

E( sup |y(t) - ya()) < C.A72. (5.35)

0<t<T

Let us relate y(t) and ya () to x(t) and za(t), respectively. It is straightforward
to see that
z(tAT)=y(tAT) asforall t €0,T]. (5.36)

We now choose A; € (0,1] sufficiently small for p=(h(A1)) > r. Obviously, for
all A € (O7 Al]a
fo(ma(x)) = for(x), Vo €S,

This, together with (5.9), yields

fo(mo(ma(x))) = far(z), Vz€S,.
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Comparing (5.12), (5.19) with (5.32),(5.34), we then see that
TA(EA pay) =ya(t A pa,) asforallt e [0,T] (5.37)

provided A € (0,4A,]. Combining (5.35) - (5.37), we obtain the desired assertion
(5.30) immediately. O

5.3.2 Proof of Theorem 5.3.1

We are finally in a position to prove our main theorems. We prove Theorem 5.3.1

first in this subsection and then Theorem 5.3.2 next. Obviously,

E( sup [Xa(t) = 2()F) <37 (J5(A) + Ju(A) + J5(A)), (5.38)

0<t<T

where

Jo(A) = E( sup | Xa(t) — )_(A(t)\p),

0<t<T

Ji(A) = E( sup | Xa(t) — a:A(t)\p),

0<t<T

J5(A) = E( sup |z (t) —x(t)|p).
0<t<T
By Lemma 5.3.5, we already have that Jy(A) — 0 as A — 0. To complete the
proof, we hence only need to show both J3(A) and J5(A) tend to 0.

Let us first show J5(A) — 0. Let € € (0, 1) be arbitrary. By Lemmas 5.1.2 and
5.3.4,

]P)(Q’I‘,A S T) S P<Tr S T) + P(pr,A S T)

1
= [E(W(Tr)’p]l{ng}) - E(|mA(pr,A)!”]l{pm§T})]

1

<—[E( swp o)) +E( swp |za(t)l)]
rP 0<t<T 0<t<T

G

— /r‘p .

We can hence choose a real number r = r(¢) so large that

P(O,o <T) <&
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For this r, by Lemma 5.3.6, we have

E( sup |2t Afa,) — zalt A em)yp) < CAP2 forall A € (0,A],
0<t<T
where A; now depends on ¢ (as r dependent on ¢). Thus, for A € (0,4,], we

derive
(D) =E (1, azry sup [ea(t) = 2(0)) +E(1g,omy sup ea(t) - 2(t)]?)
0<t<T 0<t<T

< [B(0a < T)]"[E( sup [za(t) - :17(t)|2p>]1/ i

0<t<T

+ IE( sup |xa(t Abpa) —x(t A 97”,A)|p>
0<t<T

< Che + CL.AP.

But, by Lemma 5.3.4 (recalling p is arbitrary once again),

[E( sup fra(t) - 2()] "

0<t<T

1/2
<2(=1)/2 [E( sup |33A(t)\2p> ~|—E< sup |33(t)|2p>} < Cp.
0<t<T 0<t<T
We then have
J5(A) < Cpe 4+ CL AP YA € (0,A,].

This implies

limsup J5(A) < Cpe.
A—0

As ¢ is arbitrary, we must have that J;(A) — 0 as A — 0.
Let us finally show J35(A) — 0 to complete our proof of Theorem 5.3.1. By

Lemmas 5.1.2 and 5.3.4, we can find a positive number r = r(¢) so large that
P(Q) > 1 — /3, (5.39)

where
O ={lz(t)| V |za(t)] <rforall 0 <t <T}.
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For a sufficiently small § € (0, 1), define
Gi=1inf{t > 0:z;(t) <4}, 1<i<d

By Lemma 5.1.3,

(Gsi) — 1 — 108;(-751'((6,2')))

T
P(C&Z = T) ]E<]]'{<5,i§T} 5—1— log(é)

1

C
. 1og(5)E<oi?fT[‘”i(t) —1= 1Og<xi(t))]> = 51 " 1og(0)

Noting that 6 — 1 — log(d) — oo as § — 0, we can find a § = d(¢) so small that

P <T) < o, 1<i<d.

9
3d’
Set C(g = Hlinlgigd C(;,i' Then

P(G <T) <P(UL {Gi ST} <> PG <T) < /3.

=1

So P({s > T) > 1 —¢/3. This implies
P(Qy) > 1 - 2/3, (5.40)

where

Qo = { min inf ;(¢) > 0}.

1<i<d 0<t<T

On the other hand, for the pair of chosen r and ¢, define

Op = { sup |$(t/\0A,T‘) - IA<t/\(9A,r)| < 5/2}
0<t<T

By Lemma 5.3.6 and the Chebyshev inequality, we see that there is a A; = A (e)
(as 7 = r(e)) such that g1 (h(A1)) > r and

AP/2
) < G2 YA € (0, A

P(Q}) = P( sup |z(t Abay) —xa(t AOa,)| 2 6/2 (6/2)

0<t<T
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Consequently, there is a Ay = Ay(e) € (0, Aq] such that

P(2a) > 1—¢/3, VA € (0,A,]. (5.41)
Set Q3.4 = Q1 N Qe N Q. Combining (5.39) - (5.41) gives

P(Q34) > 1—¢, VA €(0,A,]. (5.42)

From now on, we consider any step size A € (0, Ay]. Note that for every w € Qs a,
HA,r > T,

sup [ Xa(t)] < sup |ea(t)] < v < (h(A) < 7' (M(A)), (5.43)

0<t<T 0<t<T

and

inf )_(Ai(t) > inf xa,(t) > inf () — sup |xi(t) — xa.(t)]

0<t<T ’ T 0t<T T0KtLT 0<t<T
>0 — sup |z(t) —za(t)] >d—0/2=10/2. (5.44)
0<t<T

In other words, for every w € Q3 A, Xa(t) € RY with | Xa ()| < p~'(h(A)), whence
Xa(t) = mo(ma(Xa(t))) = Xa(t) for all t € [0, T]. Consequently,

J(A) =E(1o;, sup [Xa(t) ~ Xa(t)]")

0<t<T

< [B(50)] 2 [E( swp 1xa() - Xa()] "

0<t<T
1/2
<2 VE[B( sup [ua(t))”)]
0<t<T
< Cpve
provided A € (0, Ay], where Lemma 5.3.4 has been used once again. As ¢ is

arbitrary, we must have that J3(A) — 0 as A — 0. This completes our proof of
Theorem 5.3.1. [l



CHAPTER 5 89

5.3.3 Proof of Theorem 5.3.2

Once again, it is obvious that

E( sup [XL(5) = 2()") <3 (Ju(A) + J5(A) + Jo(A), (5.45)

0<t<T

where J4(A), J5(A) have been defined before and

Jo(8) =E( sup |XL(1) — Xalt))").

0<t<T
Clearly, all we need to do is to show that Js(A) — 0 as A — 0. Let A €
(0, As A (0/2)] be arbitrary. We see from (5.43) and (5.44) that for every w €
Qs a, Xa(t) € RE with [Xa(2)] < p~(R(A)) and infocyer Xa,i(t) > §/2, whence
XL(t) =7 (ma(Xa(t)) = Xa(t) for all t € [0,T]. Consequently,

Jo(A) =B (Tag, sup [XL(1) ~ Xa(t)]")

0<t<T
c 1/2 + % 2p 1/2
< [P©5.0)] " [E( sup |X£(5) — Xa())]
0<t<T
_ 1/2
< 2’\/5[1[‘3( sup ]XX(t)]2p> +E( sup \XA(t)lzp)} :
0<t<T 0<t<T

But, by Lemma 5.3.4,
E( sup [Xa(t)7) <G,

0<t<T

On the other hand, for any z € R,

o) = (S avar) < (8 o)’

i=1 i=1
< (d+ [z < dTHA A+ [2f).

So

XL = |ry (ra(Ra (@) < 22d 7 + [ma(Xa(0)]?)
< (& + (KA.
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Consequently
E( sup yxg(t)ﬁp) <0,

0<t<T

In other words, we have showed that

JG(A) < C]D\/g

provided A € (0,As A (6/2)]. As € is arbitrary, we must have that Js(A) — 0 as
A — 0. This completes our proof of Theorem 5.3.2. ]

5.4 An Example with Simulations

To illustrate as well as to verify our new PPTEM scheme, we consider the scalar

stochastic Lotka—Volterra competitive model
dx(t) = x(t)[(b — ax(t))dt + cdB(t)] (5.46)

for a single species, where individuals within the species are competitive, x(t) €
(0,00), b,a, o are all positive numbers. The main reason we discuss this model is
because it has an explicit solution so that we can compare it with the NPTEM

numerical solution in order to verify the NPTEM scheme.

We write the Lotka—Volterra model (5.46) as the SDE (5.5) in R by defining

f1($) = bz, fz(x) = —axQ, g(m) =ox foraz >0,
fi(z) = fo(zx) = g(x) =0 for x < 0.

(5.47)

Define p: R, — Ry by p(u) = au? for u > 1. Tts inverse function of yu : [a, 00) —
R, has the form p~'(u) = /u/a. Let h = 1V a A x(0) and define the strictly
decreasing function h : (0,1] — [(1),00) by h(A) = hA~? for some 0 € (0,1/4).
Hence i~ (h(A)) = /h/aA?. The mapping 74 (7a(-)) : R — [A, \/ﬁ/aA"} has
the form

m(ma(z)) = (AV x) A/hJaA?,  for z € R.

We first apply the NPTEM to the Lotka—Volterra model (5.46) (namely the SDE
(5.5) with f1, f> and g being defined by (5.47)). That is, set Xa(0) = Xa(0) = z(0)
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and compute
Xate) = Xalte) + [i(Xa(t) + f2(Xa(ti)A + g(Xa(tr)ABy,  (5.48)
Xaltirr) = (0V Xa(tesr)) A/ h/aAN® (5.49)

for k =0,1,---, and then extend the definitions of XA(+) from the grid points #;
to the whole ¢t > 0 by (5.15). The PPTEM solution is then defined by

XL(t) = (AV Xa(t)) A\/hfaA®, t>0.

By Theorem 5.3.2, we can conclude that X {(7") converges to z(t) defined by (5.51)

in the sense that

lim IE( sup |XX(15) - x(t)|p>
A—0 0<t<T

0. (5.50)

Given an initial value z(0) > 0, the solution z(t) remains to be positive. Let
z(t) = 1/x(t). By the It formula,

dz(t) = [a + (0% — b)z(t)]dt — oz (t)dB(t).

By the variation-of-constants formula (see, e.g., [19, Theorem 4.1 on p.96]),
t
z(t) = exp (— [b — 0.50°]t — 0 B(t)) (z(O) + a/ exp ([b— 0.50%]s + JB(S))ds).
0

This gives the explicit solution of (5.46):

-1

1 t
x(t) = exp ([b —0.50%)t + JB(t)) (W + a/ exp ([b —0.50%]s + aB(s))ds)
x 0
(5.51)
Although the integration in this formula cannot be calculated analytically, it can

be approximated numerically by the Riemann sum. More precisely, define
¢(t) = exp ([b — 0.50°)t + o B(t)), 0<t<T. (5.52)

In the remaining of this example, we set A = T'/N for an integer N > T and
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tr = kA for 0 < k < N. We approximate fgk ¢(s)ds by

Ua(ts) = Y 05A[6(t;) + ¢(tin)], 0<Ek<N (5.53)

and of course set W(ty) = 0. We then form the discrete-time Riemann approximate

solutions Ya(tx) = z(tx) by
Ya(ty) = o(te)/(1/2(0) + a¥a(ty)), 0<k < N. (5.54)
We will show in appendix A that

lim E( sup |Ya(ty) —x(tk)\z) —0. (5.55)
N—=oo  \o<k<N

Although it is sufficient to compare our new PPTEM solutions X} (#) with
Ya(tx), we will do better by comparing it with the well-known backward Euler-
Maruyama (BEM) scheme (see, e.g., [10]) as well. To be more precise, the BEM
applied to the Lotka—Volterra model is to form the discrete-time BEM solutions
Za(ty) =~ x(tg) by setting Za(0) = x(0) and computing

Za(tes1) = Za(ty) + [f1(Za(te)) + fo(Za(tii1))]A + g(Za(tr)) ABy

for £ > 0. It is known that
lim IE( sup | Za(t) —x(tk)|2> —0.
N—oo 0<k<N

For numerical simulations, we let b = 10, a = 1, 0 = 0.5, (0) = 6 and choose
0 = 1/4, h = 1000, whence p~'(h(A)) = \/h/A?. The simulations in Figure
4.1 show the sample paths of the solution for ¢t € [0,10] by three schemes of the
PPTEM, Riemann and BEM. The simulations in the left graph use A = 1073
while in the right A = 1074

The simulations show that three sample paths generated by the three schemes
are very close to each other. More precisely, the simulations are designed to pro-

duce the squares of the max differences between PPTEM and Riemann as well as
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Figure 4.1: The computer simulations of the sample paths of the solution to equation
(5.46) by PPTEM, Riemann and BEM. Left: A = 1073. Right: A = 1074

BEM and Riemann:

max | XL (t) — Ya(ty)|> = 0.002809 and  sup |Za(tr) — Ya(tr)|* = 0.005086

0<k<104 0<k<104

when A = 1073; while

max | XL (t)—Ya(ts)]? = 0.0002235 and  sup |Za(tx)—Ya(tr)]* = 0.0002527

0<k<10° 0<k<105
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when A = 107 These seem to indicate that PPTEM is closer to Riemann
than BEM. To confirm this, we repeat the above simulations 100 times (namely,
simulate 100 sample paths for each of the three scheme) and produce the mean

squares (MS) of the max differences:

100 100
1 A . 1 . .
— E sup | X7(t.) — YI(t 2) and — g ( sup |Z%(t) — YI(t 2),
100 j=1 <0§k£N| A (tk) A( k)| 100 - 0§k£N| A( k) A( k)|

where j stands for the jth sample paths. To reduce the time of simulations without
losing any necessary illustration, we only simulate the paths for ¢ € [0,1] but
we make comparisons for A = 1072,1073,10~* and 10~®. The outcomes of the
simulations are shown in Figure 4.2. They show that our new PPTEM solutions
are closer to Riemann solutions than BEM slightly. They also indicates that our
new PPTEM solutions converge to the true solution with the rate of order 0.5,

though we have not proved this in theory yet but we will tackle it in the future.



Chapter 6

Positive Preserving Truncated

Euler-Maruyama Numerical
Method for Stochastic Delay

Differential Equations

6.1 Introduction

In the previous chapter, we introduced modifications to the truncated EM method,
namely PPTEM and NPTEM, for the stochastic Lotka-Volterra model, which de-
scribes the population growth of d interacting species. In reality, ecological systems
often exhibit time lags and delayed responses to changes in population dynam-
ics, resource availability, environmental conditions, and other factors. The delay
Lotka-Volterra model is better suited to capture these real-world complexities by
accounting for delays in predator-prey interactions and other ecological processes,
see [1, 19].

In this chapter, we apply the ideas from Chapter 5 to establish the PPTEM
and NPTEM numerical solutions for the stochastic delay Lotka—Volterra model.
We also adopt the concepts of the variable time delay from Chapter 4 to the
delay equations. Our approach follows a similar procedure as before, starting with
NPTEM and then PPTEM. Nonetheless, it’s worth noting that we encounter the
need for slightly stronger conditions, which may be subject to relaxation in future

research, to establish the convergence of these two models.

95



CHAPTER 6 96

Now, let us introduce the d-dimensional stochastic delay Lotka—Volterra model
(see, e.g., [1, 19])

d(t) = diag(wy (1), 22(t), ..., 7a(t))[(0 — Ax(t) — Ax(5(t)))dt + odB(t)],  (6.1)

where z(t) = (z1(¢), -+ ,z4(t))" is the state of the d interacting species and the
system parameters b = (by, -+ ,bg)T € R 0 = (01, ,04)7 € R, A = (aij)axa €
R> A = (@) axa € R4, We define the initial condition {x(0) : —7 < 0 <0} =
§€C([-7,0:R%) and —7 < 4(t) < t (including condition that there are v > 0
and 8 € (0,1], |€(u) — E(W)] < 7 |u—v|® for u,v € [—7,0]).

Assumption 6.1.1. All elements of A and A are nonnegative, namely a;; > 0
and a;; > 0 for all1 <1i,5 <d.

It is known that, to confirm the existence and uniquness of equation (6.1), it is
sufficient to assume only A are nonnegative with the initial value {z(0) : —7 < 0 < 0}.
However, in this thesis, we add a condition A is nonnegative to Assumption 6.1.1
as well to help us model the PPTEM and NPTEM for equation 6.1, see, e.g., [19].

Throughout this chapter, we set

V' = max |b;], o' = max|o;|, ' = max a;;, @ = max a;. (6.2)

1<i<d 1<i<d 1<i,j<d 1<i,j<d
From this point forward, we choose an arbitrary initial data z(f) € R% for 6 €
[—7, 0] and naturally, x(t), represent the corresponding solution. We will also select
two real numbers 1" > 0 and p > 2 arbitrarily. Recalling that we also continue to
use C' and C), to stand for generic positive real constants independent on the step

size A. Now, we introduce two lemmas which will serve a valuable purpose in this

chapter.

Lemma 6.1.2. Under Assumption 6.1.1, we then have

B (s [+(0) <G, (63)

—7<t<T

Proof. As we know that z(t) € R%, by applying the It6 formula and Assumption
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6.1.1, we can easily show from (6.1) that

d(i(t))” <

p(x:(t)"” (b it Z agai () (t) =) @z’jxi(t)ﬂij@(t)))

dt + po;(x;(t))PdB(t)

—_

+ 5p(p = Do (@i(t))”

< p[b+ 0.5(p — 1)72](z:(t))Pdt + po;(x:(t))PdB(t),

for t > 0 and every ¢ = 1,--- ,d. By the Burkholder-Davis-Gundy inequality, it is
straightforward to show that

IE( sup (x,(u))p> SC’p+Cp/OtE< sup (xi(u))p>ds, vt € [0,T].

—7<u<t —17<u<s

An application of the Gronwall inequality gives

E( sup (w(w)) <G,

—7<u<lT
This implies the required assertion (6.3). O

Lemma 6.1.3. Under Assumption 6.1.1,

IE( sup [z;(t) — 1 — log(:ri(t))]> <C, 1<i<d. (6.4)

0<t<T

Proof. For each i, by the It6 formula, we have
dlz;(t) — 1 — In(z;(t))]

(—b 4 0.507 + by (t —|—Zawx] +Zawa:] )dt—{—al(xl( ) — 1)dB(t).

By Lemma 6.1.2, the first and second moments of the solution is bounded (by C')
for t € [0,T]. Applying the Burkholder-Davis—Gundy inequality again, we can
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derive the boundary in a manner similar to that in Theorem 5.1.3, that is

E( sup [z;(t) — 1 — log(mi(t))]> <C+ E( sup /Ot oi(zi(s) — 1)dB(3)>

0<t<T 0<t<T
T 1/2
0
T 1/2
<C + 30(/ 2(E|zi(s)|* + 1)d5)
0

<C +35+/2T(C + 1),

which is the desired assertion (6.4). O

6.2 Definitions of New Numerical Schemes

We are now going to develop two numerical methods: NPTEM for the first and
PPTEM for the second.

6.2.1 Nonnegativity preserving truncated EM method

To define the NPTEM scheme, it would be advantageous to work with the SDDE
(6.1) in R? rather than RZ. We, therefore, must expand the definition of the SDDE

coefficients from Ri to R%. These coefficients are denoted as follows:

Fl(x> - (blxh e ,bd..'['d)T, FQ(:E) = _diag(xla U 7Id)Al‘7
F3(:B7y) = _diag(xla e 7'Id>Ay7 G(’:E) = (leb e 70_dxd)T

for # € RZ. Define a mapping 7, : R — R% by
mo(z) = (£1 VO0,--- ,2qV0)T for z € R
Define fy, fo, 9 : R4 — R% by
fix) = Fi(mo(x)), fa(x) = Fa(mo(x)),f3(x,y) = Fs(mo(x), mo(y)) 9(x) = G(m(x))

for z € R%. Obviously, f1, fa, f3, g represent the extended functions of Fy, Fy, F3, G,
respectively. Considering that the solution of the SDDE (6.1) obtains the property
that z(t) € RY a.s. for all ¢ > 0, we can express the SDDE (6.1) as the following
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equation
dr(t) = [fi(x(t) + fal2(t)) + fo(x(t), (5(t)]dt + g(x(t))dB(t)  (6.5)

in R%. We observe that f; and g are linearly bounded, namely
[fil@)] < blz|, g(2)| < alz], Vo eRY, (6.6)

while f, and f3 are not.
We, then, choose a strictly increasing continuous function g : [1,00) — Ry

such that p(u) — oo as u — oo and

sup  |fo(z)| = sup  |Fy(x)| < p(u), (6.7)
z€R4, |z|<u xER‘i, lz|<u
amd s hwyl= s By <u@). (68
z,y€R?, |z|V|y|<u z,yeRY, |z|V]y|<u

for all u > 1 Denote by p~! the inverse function of u and we see that ;! is a strictly
increasing continuous function from [p(1),00) to R;. We also choose a constant
h>1V pu(1) Vv |2(0)] and a strictly decreasing function & : (0,1] — [(1), 00) such
that

~

Jim h(A) =00 and AY4R(A) < h, VA €(0,1]. (6.9)

Note that for z € RY,

d 2 d d
|F(x va <Zaz~m) <> ?(Zaé) j@f? < |APal?,
Jj=1 i=1 j=1
d 2 d d
[Fy(r, ) Zx (Z%m) <> at (Za?]) yl? < APyl
j=1 i=1 j=1

We can hence let p(u) = |AJu2, while let h(A) = hA~? for some 6 € (0,1/4]. In
other words, there are lots of choices for p(-) and h(-).

For a given step size A € (0, 1], let us define the truncation mapping 7a : R? —
{z e R?: |z < ' (R(A))} by

X

ma(w) = (o] A ™ ()
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Z
||

based on whether |z| < p~'(R(A)) or not. It is beneficial to note that for any
z,y € RY,

where we set 7 = 0 when 2 = 0. In other word, 74 maps x to itself or wH(h(A))

fa(mo(ma(x))) = Fa(mo(mo(ma(2)))) = F

fs(mo(ma(®)), mo(ma(y))) = F3
= F3(mo(ma(z)), mo(7a(y)))
= fs(ra(z), ma(y)) (6.11)
Hence
| fo(mo(ma(x)))] = | fo(ma(z))| < p(p~ ' (R(A))) = h(A), (6.12)

[fs(mo(ma(@)), mo(ma ()] = [fs(ra(e), ma(m)] < plp="(h(A))) = h(A). (6.13)

Moreover, noting 7o (ma(z)) = (|z] A g H(A(A))) ™) we also have

I

z” fo(mo(ma(z))) = 2" fo(wa(x)) = (mo(x))" Fa(mo(ma(z))) <0, (6.14)
a” fs(mo(ma(z)), mo(ma(y))) = 2" fs(malz), 7a(y))
= (mo(x))" Fs(mo(ma(z)), mo(ma(y))) < 0. (6.15)

From now on, let A be a faction of 7, that means A = = for some positive
integer M, and also define t, = kA for all k = —-M,—-M +1,---,0,1,2,---. We
can now form the discrete-time NPTEM solutions X{ (tx) ~ z(tx) for ¢, = kA by
setting XQ(tx) = Xa(tr) = Xa(ty) = x(ty) = &(ty,) for k = —M,—M +1,--- 0.

Then, we compute

Xa(tepr) = Xalte) + [A1(Xa(tr) + f2(Xa(tr) + f3(Xa(te), Xa(Ia[0(te)]A))] A
+ g(Xa(tr)AB, (6.16)
Xa(tep1) = mo(ma(Xa(tesr))), (6.17)

for k =0,1,---, where ABy, = B(tgy1) — B(t)). Please note that Xa(txy1) is an
intermediate step in order to get the NPTEM solution X% (t4+1). We extend the
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above definitions from the grid points ¢; to the whole ¢ > 0 by defining

Xﬁ(t) = ZXA<tk>]l[tkutk+l)<t) (618)
z1(t) = ZXA(tk>]1[tk,tk+l)<t) (6.19)
() = Y Xa(lal6(tR)]A) L, (8) (6.20)

for t > 0. Clearly, XQ(t) = 21 (t) = mo(ma(Xa(t))) so it preserves the nonnegativ-
ity.
We define one more truncation mapping 7, : R? — Ri by

(@)= (AVr, - AV, reRY

Hence, the Positive preserving truncated EM (PPTEM) solution is defined by

XA(t) = 7y (ma(Xa(D)), t20, (6.21)

where XA (t) has already been defined by (6.18).

6.3 Main Results

6.3.1 Statement of main results

The objective of this section is to show that both NPTEM solution X2 (¢) and
PPTEM solution X} (¢), which are defined in the previous section converge to the

true solution z(t) in L? for any p > 2.

Theorem 6.3.1. Under Assumption 6.1.1, it holds that

lim E( sup | X (1) — x(t)|p> —0. (6.22)

A—0 0<t<T

Theorem 6.3.2. Under Assumption 6.1.1, it holds that

lim E( sup | XL(t) — x(t)|p> ~0. (6.23)

A—0 0<t<T
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For clarity, we will divide this process into multiple lemmas in the following

subsection and then proceed to prove the theorems.

6.3.2 Lemmas

For the mathematical analysis, we define a new process starting with za (t) = £(t)
for t € [—7,0] and
t t
za(t) =§(0)+/ [fl(XA(S)Hfz(Zl(S))+f3(21(8)722(8))]d8+/ 9(Xa(s))dB(s)
’ ’ (6.24)
for t > 0. It’s worth to noting that za(t;) = Xa(t) for all k& > 1. Additionally,

za(t) is an It process with its 1t6 differential

dra(t) = [fi(Xa(t) + fo(21(t) + f3(21(t), z2(8)]dt + g(Xa(1))dB(t).  (6.25)

We also use the notation of the ith component of xa(t) or Xa(t) by za,(t) or
Xau(t), respectively.

From (6.6) and (6.12), it is straightforward to deduce from (6.16) that, for any
q > 2, E|[Xa(t)|? < oo for all £ > 1. By (6.24), we can consequently establish
that E|za(t)]? < oo for all ¢ > 0. However, the better result will be obtained (see
Lemma 6.3.4).

Before showing Lemma 6.3.4, we will start by proving that xa(t) and Xa(t)

are close to each other in the sense of L”.

Lemma 6.3.3. For any A € (0, 1], we have

Elza(t) — Xa(t)[P < C,AP2(R(A))P, Vit € [0,T). (6.26)
Consequently
illno E|ZL’A(t) - XA(t)|p =0. (627)

Proof. By (6.12) and (6.13), we have

[f2(z1(0))] = [ fo(mo(ma(Xa(t))] < h(A), (6.28)
[f3(21(t), 22())] = | fs(mo(ma(Xa(t))), mo(ma(Xa(Za[6(H)]A))))] < A(A). (6.29)
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We can easily show that

sup Elza(u)|? < Cp(h(A))P. (6.30)

—7r<u<lT

Now, for any ¢ € [0, T}, there is a unique k > 0 such that ¢ € [t, ;1) and hence
Xa(t) = Xa(tr) = za(ty), 21(t) = mo(ma(Xa(ty))), 22(t) = mo(ma(Xa(la[0(th)]A))).
It then follows from (6.24) that

Elza(t) — Xa@®)F = Elza(t) — za(ts)l”

< C,AT'E / (IAXaG)] + [f2(z1 ()" + [ fa(21(5), 22(5))[7) ds

ty

+ AT / |g<XA<s>>|pds].

This, along with (6.6), (6.12), (6.13) and (6.30), implies

Elza(t) — Xa()F < CAP(M(A))? + C A% (h(A))P < C, A% (R(A))?
which is the first assertion. Noting from (6.9) that A% (h(A))? < A%, we obtain
the second assertion from the first one immediately. ]

Now, we can state the lemma which is the better result than (6.30).

Lemma 6.3.4. Let Assumption 6.1.1 hold. Then

sup IE( sup |xA(t)|p> < C. (6.31)

0<A<1 0<t<T

Proof. Fix any A € (0,1]. By the It6 formula and the Burkholder-Davis-Gundy
inequality, it is staightforward to show that

]E( sup |acA(u)]p> <0, +0C, /0 tE( sup |xA(u)|p)ds+J1(t) L) (6.32)

0<u<t 0<u<s
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for t € [0, 7], where

B(t) =E ( s [ “prms)rp2x£<s>f2<zl<s>>ds) ,

0<u<t

n(0) =& (s [ plealP 26 flats) (o) ).

0<u<t

By applying (6.12), (6.14) and Lemma 6.3.3, we can derive J; in the same way as

Lemma 5.3.4 was prove that

Tt < (p—2) /Ot]E( sup |za(u)]?)ds + C.

0<u<s

By (6.13) and (6.15), we have

(5)f3(21(3)7 2(s))

>~

X

([za(s) — Xa(s )] + XA(5)) fa(mo(ma(Xa(s))) mo(ma(Xa(Ia[0(s)]A))))
h(A )!xA( ) = Xa(s)]-

IN

Then J; can be derived that

Io(t) < (p—2) /Ot]E( up fra(u)]?)ds + C,.

0<u<s

Substituting these into (6.32) yields

E( sup |xA(u)|p> < C’p+Cp/0tE( sup |$A(u)|p>ds

0<u<t 0<u<s

By the Gronwall inequality, we can conclude

E( sup |za()?) <G,

0<u<T

As this holds for any A € (0, 1] while C, is independent of A, we see the required
assertion (6.31). O

The following result mimics Lemma 5.3.5, demonstrating the improvement of

the second assertion in Lemma 6.3.3. We, however, present the proof as follows.
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Lemma 6.3.5. Let Assumption 6.1.1 hold. Then

lim E( sup |aa(t) — me) ~ 0. (6.33)

A—0 0<t<T

Proof. Let £ be an integer such that t, < T < t;41. Then, by (6.6) and (6.28) as

well as Lemma 6.3.4, we derive that

E( sup [2alt) — Xa())

0<t<T

1 (Xa(tr) + f2(Xa(te) + fs(Xa(te), Xa(Tald(te)] A))](t — tr)

+ g(Xa () (B() — B(t)])

< G mmax [[Xa(t)l” + (A(A)V]1A7) + Jy

0<k<e

< E( max  sup
0<k<Lit) <t<tpi1

< C,ATE( xuax fea () + (h(A)F) + Jy

< C,AP[C, + (h(A)] + J5 < CAP(R(A))P + T, (6.34)

where

= X P — P
Iy = G gua [ Xa )P swp |B() = Bl ]).

Now, choose a sufficiently large integer n > 3V p, dependent on p and 7', for which

2
<2n - 1>p(T L1 <o, (6.35)

But, by the Holder inequality,

7y < B mas [[Xatt)l swp 1B4) - B}

O<k<t tp<t<tpi1

sc(iza[m(tkm% sup [B(1) - Br])"

te<t<tpi+1

But, by Lemma 6.3.4 (replacing p there by 2n though n here depends on p),
E|XA(x))[*" is bounded by C' for every t;. Note also that for each k, Xa(#z) is
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independent of supy, </« ., |B(t) — B(tx)|*". We hence have

5 (LX) E] s [B6) - Bep])"

—~ b St<tis
<c(§:E[ sup |B(t)—B(tk)|2”])p/2n.

—0 L <t<tpt1

By the Doob martingale inequality, we can derive that

o5 [ e - sor)
! 2n 12n /
O [ )
k=0

p/2n

<c( 2n }2”(T+1)(2n—1)!w1) ,

where (2n — 1)Il = (2n —1) x (2n —3) x --- x 3 x 1. But

[(2n — DY < %Zn:(% —1)=n.

Thus

Jy < CnP/? (22—n

p
T 1 p/QnAp(n—l)/2n.
n — 1> (T+1)

Using (6.35) while noting (n — 1)/2n > 1/3 as we choose n > 3, we obtain
J3 < CAP3,

Substituting this into (6.34) gives

E( sup |za(t) — XA@)VD) < C(h(A)PAP + CAPB < C(h(A))PAPS.

0<t<T

But, by (6.9),
(h(A))pAp/3 — Ap/lz(Al/A‘h(A))p < AP/12,

We hence obtain
E( sup |za(t) —)_(A(t)|p) < CAP/12,

0<t<T

106
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This implies the required assertion (6.33). O

In the remaining of this section, we set a few notations. For each r > x|,

define the stopping times
7, =1inf{t > 0: |z(t)| > r}

and
par =inf{t > 0: |za(t)| > r},

where throughout this paper we set inf ) = co. Moreover, we set
Ornr = Tr N\ pAy
and define the closed ball
S, ={reR: || <r}.

The following lemma shows both x(t A 6a,) and za(t A 0a,) are close to each
other.

Lemma 6.3.6. Let Assumption 6.1.1. Then for each r > |xg|, there is a Ay =
Aq(r) € (0,1] such that

E( sup |z(tAfa,) — za(t A em)\p) <C, (AW n A%(h(A))p> . (6.36)

0<t<T
for all A € (0, A1] and C, is a positive constant independent of A.

Proof. Define for x € R?

X

farle) = £ (el A0 ) Farlon) = fo (el A ) 2l A ).

] 2|’

Therefore, fa, and fs, are bounded and globally Lipschitz continuous in R? but
their Lipschitz constant depend on r. Consider the SDDE

dy(t) = [f1(y(1) + far(y(0) + far(y(1), y(6(0)))]dt + g(y(£))dB(t)  (6.37)

on t > 0 with the initial value y(6) = x(0) for —7 < 6§ < 0. There exists the unique
global solution y(t) on ¢t > 0. For each step size A € (0, 1], we can apply the EM
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method to the SDDE (6.37). This involves generating approximate EM solutions
Ya(tx) = y(ty) for tx = kA by initializing Ya(6) = x(0) and computing

Ya(tes1) = Yalte) + [i(Ya(tr)) + for(Ya(te)) + far(Ya(te), Ya(la[6(tr)]A))]A
+ 9(Ya(te))ABy, (6.38)

for k=0,1,---. Extend the definitions of YA from the grid points ¢; to the whole
t > 0 by setting

< (t) = ZYA(tk)][tk,fk+1)(t)7

k=0

2(t) = Y Yallalbt)]A) g, (1),

and then define the Itd process

ya(t) =$(0)+/0 [fl(zl(S))+f2,r(21(8))+f3,r(21(8),22(5))]d8+/0 9(z1(s))dB(s)
(6.39)
for t > 0. By applying Lemma 4.1.8 and 4.1.9, for an arbitrary T} € [0, T,
E(&g}@@%ﬂm@W)
éEgﬁﬂ/jl — Fia(8)) + Far(y(s)) — For(1(5))
+ f3r(y(8),y(d(s))) — far(21(s), 22(s))ds
—Hagg,/g@w»—g<<>MBw>
SCEOE?E)T [/ |f1(y(s)) = fi(z1(s))” d8+/ | for(y(5)) = for(21(5))[" ds

+ /0 |50 (0(5),y(6(5))) = far(z1(s), 22(s))I" dS]

+0E41mw@»—ma@»P@
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E ( sup |y(t) — ya(t)l”)

0<t<Ty

< C’“E/O lyls) — 2 ()P + [y(6(5)) — ()P ds
< C’“E/O y(s) = ya(8)” + lyals) — 1 (s)” + [9(5(s)) - ya(6()P

+ lya(0(s)) — z2(s)|" ds

T
<0/ E sup Jylu) — ya()” ds + C; (A% + AT (h(A)))

0<u<s

By Gronwall’s inequality,

E( sup [y(t) — ya()) < C, (877 + AF(R(A))). (6.40)

0<t<Ty

Let us relate y(t) and ya(t) to z(t) and za(t), respectively. It is straightforward
to see that

z(tAT.) =yt A7) asforalltel0,T]. (6.41)

We now choose A; € (0, 1] sufficiently small for x~'(h(A1)) > r. Obviously, for
all A € (0, Aq],

fo(ma(2)) = for(x),  fa(ma(e),ma(y)) = for(z,y), forallz,ye S,
This, together with (6.10) and (6.11), yields
fa(mo(ma(@))) = for(x),  fa(mo(ma(z)), mo(ma(y))) = for(z,y), foralla,ye S,
Comparing (6.16), (6.24) with (6.38),(6.39), we then sce that
2a(t A pay) = ya(t A pay) as for all t € [0,T] (6.42)

provided A € (0,4A,]. Combining (6.40) - (6.42), we obtain the desired assertion
(6.36) immediately. O
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6.3.3 Proof of Theorem 6.3.1

We are ready to prove our main theorems. Same as Chapter 5, we start to prove

Theorem 6.3.1 first in this subsection and then Theorem 6.3.2 next. Obviously,

IE( sup | XQ(t) — x(t)\p> < 3Ly (A) + J5(A) + J5(A)), (6.43)

0<t<T

where

J5(8) =E( sup [Xa(t) —2a()]).

0<t<T

Jo(A) = ]E( sup |za(t) —:c(t)|p).

0<t<T

According to Lemma 6.3.5, it has already been proved that J5(A) — 0 as
A — 0. To finalize the proof, we only need to demonstrate that both J4(A) and
Js(A) converge to 0.

Let us first show Jg(A) — 0. Let € € (0, 1) be arbitrary. By Lemmas 6.1.2 and
6.3.4, we have shown in Chapter 5 that

Cp
]P)(QT,A S T) S r_p

By choosing a real number r = r(¢) so large, we obtain
P(O.n <T) <&
For this r, by Lemma 6.3.6, we have

E( sup [2(t A fa,) — za(t A em)yp) <C, (Apﬁ + A%m(A))p) ,

0<t<T

for all A € (0,4A,]. Note that A; depends on ¢ (as r dependent on ¢). Thus, for
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A € (0,A;], by Lemma 6.3.4 (recalling p is arbitrary once again), we derive
Jo(A) = ]E(]l (0, a<ry SUD |TA() — x(t)\p) +]E<]l{9m>T} sup |za(t) — x(t)\p)
0<t<T 0<t<T

< [B(0a < T)]"[E( sup [za(t) - x(t)|2p>]1/ i

0<t<T
FE( sup [oa(tAb,8) = ot A08)l°)
0<t<T
1/25(p—1)/2 2 op) 142
< [P(0ra < ))*20 02 [E( sup Jza(®)) +E( sup [o(t))]
0<t<T 0<t<T

+C, (a7 + Ak (r(a)y)
<C:+ G, <AP5 + A%(h(A))p) .

We then have
Jo(A) < Ce + C, (Nﬁ + A%(h(A)y’) . forall A € (0,A].

This implies

limsup Js(A) < Ce.
A—0

Since ¢ is arbitrary, we must have that Js(A) — 0 as A — 0.

Let us finally show J;(A) — 0 to complete our proof of Theorem 6.3.1. In this
proof, we apply the similar technique with Theorem 5.3.1. By Lemmas 6.1.2 and
6.3.4, we can find a positive number r = r () so large that

P 21—, (6.44)
where
O =A{lz(t)| V |za(t)] <rforall 0 <t <T}.

For a sufficiently small « € (0, 1), define

Coi=f{t >0:2;(t) <a}, 1<i<d.
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By Lemma 6.1.3,

o € ) {1y )1~ B G0

d—1—log(a)
1
< — bg(&)E(oiggT[xi(t) 1~ log(x(1))))
C

< .
~ a—1—log(a)

Noting that o — 1 — log(a) = 0o as @ — 0, we can find a a = «(¢) so small that

Set CCV = Hlinlgigd CCV,Z" Then

d

P(Ga <T) <P(| J{Cai <TH) <D P <T) <

= i=1

w| ™

So P(¢, > T) > 1 — 5. This implies

P() > 1 -, (6.45)

Wl ™

where

Q= { min inf z;(t) > a}.

1<i<d 0<t<T

On the other hand, for the pair of chosen r and «, define

Qa={ sup [z(tAba,) —za(t Aba,)| < /2}.
0<t<T
By Lemma 6.3.6 and applying the Chebyshev inequality, there exists a A; = A (e)
(as 7 = r(e)) such that p~'(h(A1)) > r and

P(QS) = 1@( sup [2(tAOa,) — za(t Afa,)| > a/2>

C, (A% + AR (h(A)))
B (a/2)P ’

for all A e (0, Aq].
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Consequently, there is a Ay = Ay(e) € (0, Aq] such that

P(Qa) >1— =, forall A e (0,A,]. (6.46)

Wl ™

Set Q3.4 = Q1 N Qe N Q. Combining (6.44) - (6.46) gives
P(Q3a) >1—¢, forall A e (0,A,]. (6.47)

From now on, we consider any step size A € (0, Ay]. Note that for every w € Q3 a,
HA,T‘ > T,

sup [ Xa(t)] < sup [ea(t)] < v < (h(A) < 7 (M(A)), (6.48)

0<t<T 0<t<T

and

inf Xa;(t) > inf xa,;(t) > inf x;(¢) — sup |z;(t) — za4(t))

o<t<r TN T o<i<T ~0<t<T 0<t<T
>a— sup |z(t) —za(t)] >a—% = %. (6.49)
0<t<T

In other words, for every w € Q3 A, Xa(t) € RY with | Xa ()| < p~'(h(A)), whence
X2(t) = mo(ma(Xa(t)) = Xa(t) for all t € [0, T]. Consequently,

Ji(A) = ]E(]IQ&A sup | XQ(t) — XA(t)|p>

0<t<T

< [R50 "2 [B( sup 1X8() - Za)]”

0<t<T
1/2
<2 VE[B( sup [ua(t))”)]
0<t<T
< Cpve
provided A € (0, As], where Lemma 6.3.4 has been used once again. Since ¢ is

arbitrary, we must have that Jy(A) — 0 as A — 0. This completes our proof of
Theorem 6.3.1. [l
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6.3.4 Proof of Theorem 6.3.2

Once again, it is obvious that

E( sup [XL(5) = 2()]") <3 (J5(A) + Jo(A) + J(A)), (6.50)

0<t<T

where J5(A), Js(A) have been defined before and

F(8) =E( sup |X(1) - Xalt)l").

0<t<T
Clearly, all we need to do is to show that J;(A) — 0 as A — 0. Let A € (0, A3 A
(a/2)] be arbitrary. By equations (6.48) and (6.49), we obtained that for every
w € Q3a, Xa(t) € R with | Xa(t)] < p7'(R(A)) and infocyer Xn,i(t) > /2,
whence XX (t) = 7y (7a(Xa(t))) = Xa(t) for all t € [0,T]. Consequently,

Jo(A) =B (Tag, sup [XL(1) ~ Xa(t)]")

0<t<T
c 1/2 + % 2p 1/2
< [P©5.0)] " [E( sup |X£(5) — Xa))]
0<t<T
_ 1/2
< 2’\/5[1[‘3( sup ]XX(t)]2p> +E( sup \XA(t)lzp)} :
0<t<T 0<t<T

But, by Lemma 6.3.4,
E( sup [Xa(t)7) <G,

0<t<T

On the other hand, for any z € R,

o) = (S avar) < (8 o)’

i=1 i=1
< (d+ [z < dTHA A+ [2f).

So

XL = |ry (ra(Ra (@) < 22d 7 + [ma(Xa(0)]?)
< (& + (KA.
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Consequently
E( sup yxg(t)ﬁp) <0,

0<t<T

In other words, we have showed that
J7(A) < C]D\/g

provided A € (0, Ay A (/2)]. As ¢ is arbitrary, we must have that J;(A) — 0 as
A — 0. This completes our proof of Theorem 6.3.2. ]



Chapter 7
Conclusion

In this chapter, we summarize the contributions made in this thesis. This thesis we
mainly focus on a numerical method for stochastic differential equations (SDEs),
namely the truncated Euler-Maruyama (EM) numerical method, and their conver-
gence rates. This method was introduced in [21]. However, there are many points
to improve about this method for applying more situations. For example, in [22],
to find the rate of convergence over a finite time interval, they required the global
Lipschitz property on the diffusion coefficient however we improved this in Chap-
ter 3. Furthermore, we also modified the truncated EM numerical method with
the stochastic delay differential equations (SDDEs) by combining concepts of the
variable time delay and provides their convergence rate over a finite time interval,
as shown in Chapter 4. However, the truncated EM method could generates the
negative solutions which do not have meanings to some SDE models. In Chapter
5 and 6, we modified the new methods, called positive preserving truncated EM
(PPTEM) method and nonnegative preserving truncated EM (NPTEM) method,
to apply for SDEs and SDDEs that their solution cannot be negative.

The truncated Euler-Maruyama (EM) method, introduced in [21], provides a
novel approach to address SDEs with nonlinear coefficients. However, limitations
in determining the convergence rate over a finite time interval were identified in
previous research, as indicated in [22]. We, in Chapter 3, apply the concepts from
[12] to establish convergence over a finite time interval. As a result, our main
theorem, namely Theorem 3.2.3, provides the rate of convergence over a finite
time interval which is similar to the rate of convergence at a time 7 in [12]. To
achieve a stronger result, we also need a stronger condition on the Khasminskii-

type condition that is satisfied for any parameter p as shown in Assumption 3.1.2.

116
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Furthermore, we apply Theorem 3.2.3 to SDEs with nonlinear diffusion coefficient
to determine the rate of convergence over a finite time interval, a capability not
present in the results of [22].

Considering the widespread application of SDEs to real-world systems, we ex-
tend our exploration by incorporating time delays into these equations, following
the insights from [6, 8]. This extension forms the basis of our contribution in
Chapter 4. We not only apply the truncated EM method to SDDEs but also allow
the time delay to vary over time, represented by 6(t) as defined in equation (4.3).
On the way to find the rate of convergence, we need some extra Lemmas 4.1.8 and
4.1.9, illustrating that both non-delay and delay parts are close to the numerical
solution. Both lemmas also play an important role in providing convergence rates
of the truncated EM method to the solution at both a specific time point 7', and
over a finite time interval. In this work, we also require the global Lipschitz condi-
tion on the diffusion coefficient of the SDDE models to collect the convergence rate
over a finite time interval. Nevertheless, we hope to reduce the global Lipschitz
condition to the local Lipschitz condition in future research.

The subsequent contribution unfolds in Chapter 5, where we delve into the
numerical solutions of a population model, which is the Lotka-Volterra model.
Recognizing that the truncated EM method may generate nonsensical negative
solutions in certain instances, we introduce modifications, resulting in the positiv-
ity preserving truncated EM (PPTEM) and nonnegative preserving truncated EM
(NPTEM) methods. From a mathematical point of view, it would be natural to
define the NPTEM method before the PPTEM method. To define the NPTEM
method, we begin with extending the domain of the population model to the entire
R? mapping negative values to be 0 (represented by 7). We can, consequently,
apply the idea of the normal truncated EM method with the extended model.
As we focus on obtaining a nonnegative numerical solution, we ensure, at each
step, to map the numerical solution with 7y again to confirm the nonnegative pre-
serving property. After iterating this process, we obtain the NPTEM numerical
solution. For the PPTEM method, we employ a similar idea as NPTEM, mapping
the positive delta (denoted as 7, ) into each step of the iteration to guarantee
the positive preserving property. Again, this process results in the creation of
the PPTEM numerical solution. Additionally, to demonstrate the convergence of
both numerical solutions, we assume only one assumption which is Assumption

5.1.1. These adjustments ensure that the numerical solutions remain meaningful
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and interpretable.

In Chapter 6, we applied the concepts from Chapter 5 to derive PPTEM and
NPTEM numerical solutions for the stochastic delay Lotka-Volterra model with
a variable time delay. Therefore, the idea to approach the PPTEM and NPTEM
methods is slightly similar to Chapter 5. We also have to deal with the term of
variable time delay. However, we apply the methodology in Chapter 4 to separately
approximate the numerical solutions for non-delay and delay terms, say z; and 2z
respectively. We, moreover, assume the strong Assumption 6.1.1, which forces that
the matrix coefficients have all positive elements. In practice, Assumption 5.1.1 is
sufficient for the stochastic delay Lotka-Volterra model to have a unique solution.
Although Assumption 6.1.1 provides favourable properties and allows us to assert
theorems and lemmas similar to those in Chapter 5, in future research, we also aim
to explore the relaxation of these conditions to broaden the scope of applicability.

In summary, we follow the aims to establish the rate of convergence over a
finite time interval of SDEs under the local Lipschitz diffusion coefficient. We fur-
ther extended our exploration to incorporate time delays, addressing SDDEs and
allowing time delays to vary over time. Moreover, we also modified the truncated
EM method to be PPTEM and NPTEM for positive and nonnegative numeri-
cal solutions to maintain the meaningfulness and interpretability of the solutions.
These modifications are also extended to the stochastic variable time delay Lotka-

Volterra model.
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