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Numerical Solution of Stochastic Differential Equations: Approaches and
Applications

numerical solution of stochastic differential equations plays a crucial role
in understanding and predicting systems influenced by randomness. Whether
it’s modeling financial markets, biological processes, or physical systems
under uncertainty, these equations allow us to represent the evolution of
variables that are not only dependent on deterministic rules but also on
random noise. However, solving stochastic differential equations (SDEs)
analytically is often impossible, making numerical methods indispensable. In
this article, we’ll dive into the intricacies of the numerical solution of
stochastic differential equations, exploring foundational concepts, popular
algorithms, and practical considerations.

Understanding Stochastic Differential Equations

Before we delve into numerical methods, it’s essential to grasp what
stochastic differential equations represent. Unlike ordinary differential
equations (ODEs), which model deterministic systems, SDEs incorporate
stochastic processes—most commonly Brownian motion or Wiener processes—to
capture randomness.

An SDE typically takes the form:

dX t = p(X t, t) dt + o(X t, t) dW t

Here, X t is the stochastic process we want to model, p is the drift
coefficient (deterministic part), o is the diffusion coefficient (random

part), and W t denotes the Wiener process.

This equation characterizes how the state X t evolves over time, influenced
by both predictable trends and random fluctuations.

Why Numerical Methods Are Essential for SDEs

Analytical solutions for SDEs exist only for a handful of simple cases, such
as the geometric Brownian motion used in the Black-Scholes model for option
pricing. For complex or nonlinear SDEs, closed-form solutions are rare or
nonexistent. That’'s where numerical approximations enter the picture.

The numerical solution of stochastic differential equations allows



practitioners to simulate sample paths of the stochastic process, estimate
expected values, variances, and other statistical properties. These
simulations are fundamental in fields like quantitative finance, physics, and
biology, where uncertainty is inherent.

Challenges Unique to Numerical Solutions of SDEs

Numerical methods for SDEs face unique hurdles compared to their
deterministic counterparts:

- **Randomness and Noise:** The presence of stochastic terms requires special
handling of random variables and integrals, such as It6 or Stratonovich
integrals.

- **Convergence and Stability:** Ensuring that numerical schemes converge to
the true solution in a probabilistic sense and remain stable over time is
less straightforward.

- **Computational Complexity:** Simulating multiple sample paths to capture
statistical features can be computationally expensive.

Popular Numerical Methods for Solving SDEs

Several approaches have been developed to approximate solutions of stochastic
differential equations. Let’s explore some of the most widely used methods.

Euler-Maruyama Method

The Euler-Maruyama method is the stochastic analogue of the Euler method for
ODEs. It’'s the simplest and most intuitive technique for the numerical
solution of stochastic differential equations.

Given a time step At, the method updates the solution as:

X {n+1l} = X n + p(X n, t n) At + o(X n, t n) AW n

where AW n is a normally distributed increment with mean zero and variance
At.

While easy to implement, the Euler-Maruyama method has a strong order of

convergence 0.5, meaning the error decreases with the square root of the time
step. This limits its accuracy for some applications.

Milstein Method



To improve upon Euler-Maruyama, the Milstein method includes additional terms
accounting for the derivative of the diffusion coefficient o with respect to
X. Its update formula is:

X {n+l} = X n + u(X n, t n) At + o(X n, t n) AW n + \frac{1}{2} o(X n, t n)
\frac{\partial o}{\partial X} (AW n"2 - At)

This method achieves a strong order of convergence of 1.0, offering better
accuracy, especially when the diffusion coefficient depends on the state
variable.

Higher-Order Schemes

For applications demanding even greater precision, higher-order schemes like
stochastic Runge-Kutta methods are available. They are more complex and
computationally intensive but can significantly reduce numerical errors.

Practical Considerations in Numerical Solutions

When working on the numerical solution of stochastic differential equations,
several practical tips and considerations enhance the quality and efficiency
of simulations.

Choosing the Time Step

The time step At is critical. Smaller At improves accuracy but increases
computational cost. Adaptive time-stepping methods, which adjust At based on
estimated errors, can help optimize performance.

Handling Noise Generation

Since the Wiener increments AW n are normally distributed, generating high-
quality random numbers is essential. Using robust pseudo-random number
generators or quasi-random sequences can improve simulation reliability.

Multiple Sample Paths and Statistical Estimation

Because SDE solutions are stochastic, a single simulation path isn’t enough
to capture system behavior. Running numerous sample paths and aggregating
results allows estimation of expected values, variances, and confidence
intervals.



Software Tools and Libraries

Several programming environments provide tools to simulate SDEs:

- **Python:** Libraries such as SDEint, NumPy, and SciPy facilitate numerical
solutions.

- **MATLAB:** Built-in functions and toolboxes support SDE simulation.

- **R:** Packages like sde and yuima help in modeling stochastic processes.

Choosing the right tool depends on the specific problem and user familiarity.

Applications of Numerical Solutions in Various
Fields

The numerical solution of stochastic differential equations isn’t just an
academic exercise; it’'s a powerful tool across disciplines.

Quantitative Finance

Modeling asset prices, interest rates, and risk factors often relies on SDEs.
The Black-Scholes equation, Heston model, and other financial models use
numerical methods to price derivatives and manage portfolios.

Physics and Engineering

In fields like statistical mechanics and control engineering, SDEs describe
systems subject to thermal fluctuations or external noise. Numerical
simulations help analyze stability and system responses.

Biology and Epidemiology

Population dynamics, spread of diseases, and neural activity can be modeled
using stochastic differential equations. Numerical solutions enable
researchers to predict outcomes and understand variability.

Future Directions and Emerging Trends

With the increasing complexity of systems and availability of computational
power, the numerical solution of stochastic differential equations is rapidly



evolving.

Machine Learning Integration

Recent research explores using machine learning models, such as neural
networks, to approximate solutions or accelerate simulations of SDEs, opening
new frontiers in computational efficiency.

Multilevel Monte Carlo Methods

These methods reduce variance and computational cost when estimating expected
values from SDE simulations, making large-scale problems more tractable.

Parallel Computing and GPU Acceleration

Leveraging parallelism and GPUs allows for simulating thousands of stochastic
paths simultaneously, significantly speeding up computations in practical
applications.

Exploring these innovations promises to make the numerical solution of
stochastic differential equations even more accessible and powerful for
scientists and engineers worldwide.

Frequently Asked Questions

What are stochastic differential equations (SDEs)
and why are numerical solutions important?

Stochastic differential equations (SDEs) are differential equations in which
one or more terms are stochastic processes, typically involving Brownian
motion or white noise. They model systems affected by randomness, such as
financial markets or physical systems with noise. Numerical solutions are
important because most SDEs cannot be solved analytically, so computational
methods are used to approximate their behavior.

What are the most common numerical methods for
solving stochastic differential equations?

The most common numerical methods for solving SDEs include the Euler-Maruyama
method, the Milstein method, and higher-order schemes like stochastic Runge-
Kutta methods. Euler-Maruyama is the simplest and widely used, while Milstein
provides better accuracy by including derivative terms of the diffusion



coefficient.

How does the Euler-Maruyama method work for SDEs?

The Euler-Maruyama method is a straightforward extension of the Euler method
for ordinary differential equations. It approximates the solution by
discretizing time into small steps and updating the solution using both the
drift and diffusion terms, incorporating random increments from a Wiener
process. While simple, it is effective for many problems but may require
small time steps for accuracy.

What challenges arise when numerically solving SDEs
compared to deterministic ODEs?

Numerical solutions of SDEs face challenges such as handling stochastic
integrals, ensuring convergence in mean square or almost sure sense, managing
computational cost due to randomness, and preserving properties like
positivity or boundary conditions. Noise can also cause instability,
requiring careful step size selection and sometimes specialized schemes.

Are there software libraries or tools available for
the numerical solution of SDEs?

Yes, several software libraries support numerical solutions of SDEs. Examples
include 'SDELab' and 'SDETools' in MATLAB, the 'sdeint' and 'SimuPy' packages
in Python, and stochastic differential equation solvers in Julia's
DifferentialEquations.jl library. These tools provide implementations of
various numerical methods and facilitate simulation and analysis.

Additional Resources

Numerical Solution of Stochastic Differential Equations: Methods and
Applications

numerical solution of stochastic differential equations represents a critical
area of study in applied mathematics, finance, physics, and engineering.
These equations model systems influenced by random noise, capturing the
inherent uncertainty present in natural and man-made phenomena. Unlike
deterministic differential equations, stochastic differential equations
(SDEs) incorporate stochastic processes such as Brownian motion, making
analytical solutions rare and often unattainable except in simplified cases.
Consequently, the development and refinement of reliable numerical methods to
approximate their solutions have become indispensable for researchers and
practitioners alike.



Understanding Stochastic Differential Equations

Stochastic differential equations describe the evolution of variables whose
dynamics are subject to randomness. A canonical form of an SDE is given by:

\[ dX t = \mu(X t, t) dt + \sigma(X t, t) dW t \]

where \ (X t\) is the stochastic process of interest, \(\mu\) is the drift
coefficient, \(\sigma\) the diffusion coefficient, and \ (W _t\) a Wiener
process or Brownian motion. The drift term represents the deterministic
trend, while the diffusion term models the random fluctuations.

These equations find applications in modeling financial asset prices (e.g.,
the Black-Scholes model), population dynamics in biology, chemical reaction
kinetics under uncertainty, and physical systems influenced by thermal
fluctuations.

Challenges in Numerical Solutions of SDEs

The numerical solution of stochastic differential equations differs
fundamentally from deterministic counterparts due to the presence of noise
and the need to handle stochastic integrals. Unlike ordinary differential
equations (ODEs), where integration is straightforward, SDEs require
interpreting integrals in the It0 or Stratonovich sense, which affects both
the formulation and the numerical approach.

Key challenges include:

* Handling stochastic integrals: Numerical schemes must approximate
stochastic integrals accurately, respecting the non-anticipative nature
of Itd calculus.

e Convergence criteria: Solutions require notions of strong and weak
convergence, each relevant to different applications.

e Stability concerns: Numerical schemes need to maintain stability in the
presence of noise, which can cause divergence if not properly
controlled.

Understanding these complexities is essential for choosing suitable numerical
methods tailored to specific problem domains.



Popular Numerical Methods for Solving SDEs

Several numerical schemes have been developed to approximate solutions of
SDEs. These methods vary in complexity, accuracy, and computational
efficiency. Their suitability often depends on the desired convergence
properties and the nature of the stochastic system being modeled.

Euler-Maruyama Method

The Euler-Maruyama method is the simplest and most widely used numerical
approach for SDEs, analogous to the Euler method for ODEs. It discretizes
time into steps of size \( \Delta t \) and approximates the solution as:

\ [
X {n+1} = X n + \mu(X n, t n) \Delta t + \sigma(X n, t n) \Delta W n
\]

where \( \Delta W n \sim \mathcal{N} (0@, \Delta t) \) represents the increment
of Brownian motion.

This method is straightforward to implement and computationally inexpensive,
making it popular for preliminary analysis. However, it only achieves strong
convergence order of 0.5, which may be insufficient for high-accuracy
applications.

Milstein Method

The Milstein scheme improves upon Euler-Maruyama by incorporating derivative
terms of the diffusion coefficient, achieving strong order 1 convergence
under certain conditions. Its update rule includes an additional correction
term:

\

X {n+1} = X n + \mu(X n, t n) \Delta t + \sigma(X n, t n) \Delta W n +
\frac{1}{2} \sigma(X n, t n) \sigma'(X n, t n) \left( (\Delta W n)"2 - \Delta
t \right)

\1]

While more accurate, the Milstein method requires computing derivatives of
\ (\sigma\), which can complicate implementation for complex systems.

Higher-Order Schemes

For applications demanding even greater accuracy, especially for weak



convergence, higher-order methods such as stochastic Runge-Kutta schemes have
been developed. These methods balance computational cost with precision,
offering better approximations for expectations of functionals of the
solution rather than the pathwise accuracy.

Strong vs. Weak Convergence in Numerical
Solutions

The choice of numerical method often depends on whether strong or weak
convergence is prioritized.

e Strong convergence: Measures the pathwise accuracy of the numerical
solution compared to the true stochastic process, important for
simulating individual trajectories.

* Weak convergence: Focuses on the accuracy of statistical properties
(e.g., moments), which is crucial for computing expected values and
distributions.

For example, Monte Carlo simulations in finance often require weakly
convergent methods since the goal is to estimate expected payoffs rather than
individual paths.

Applications Driving Advances in Numerical
Solutions

The demand for robust numerical solutions of stochastic differential
equations spans numerous disciplines:

Financial Engineering

Pricing complex derivatives and managing risk in financial markets rely
heavily on simulating stochastic processes. The numerical solution of SDEs
underlying asset price dynamics enables valuation models beyond closed-form
solutions. Methods need to handle multi-dimensional SDEs and jumps, pushing
the development of specialized algorithms.



Computational Biology

Stochastic effects are pervasive in cellular processes and population
dynamics. Numerical simulations using SDEs help understand variability in
gene expression and spread of diseases. Here, adaptive time-stepping and
efficient handling of stiff systems become relevant.

Physics and Engineering

Modeling noisy systems such as climate models, electronic circuits, and
mechanical vibrations requires accurate numerical solutions for SDEs. These
applications often demand real-time computation and stability, encouraging
the use of implicit schemes and variance reduction techniques.

Software Tools and Computational Frameworks

The practical implementation of numerical solutions for stochastic
differential equations is supported by a variety of software tools and
libraries:

e Python libraries: Packages like SDEint and Stochastic provide user-
friendly interfaces for simulating SDEs using different numerical
methods.

e MATLAB toolboxes: MATLAB's SDE toolbox offers built-in functions for
Euler-Maruyama and Milstein simulations, useful for prototyping and
visualization.

e Specialized software: For high-performance computing, frameworks like
QuantLib and stochastic simulation modules in Julia deliver scalability
and precision.

Choosing the right computational tool depends on the complexity of the
problem, required accuracy, and computational resources.

Emerging Trends and Research Directions

Recent research in the numerical solution of stochastic differential
equations focuses on enhancing efficiency and accuracy in high-dimensional
and non-smooth problems. Some promising areas include:



e Multilevel Monte Carlo methods: These techniques reduce computational
cost by combining simulations at different levels of discretization.

e Machine learning approaches: Neural networks and reinforcement learning
are being explored to approximate solutions or accelerate simulations.

e Adaptive schemes: Algorithms that adjust step size dynamically based on
local error estimates improve stability and efficiency.

e Stochastic partial differential equations (SPDEs): Extending numerical
methods to infinite-dimensional systems opens new avenues in fluid
dynamics and spatially-distributed systems.

These advances reflect the continuous effort to tackle the inherent
complexity of stochastic modeling in real-world applications.

The numerical solution of stochastic differential equations remains a vibrant
and evolving field. As computational power grows and algorithms become more
sophisticated, the ability to simulate and analyze stochastic systems with
greater fidelity will continue to expand, enabling deeper insights and more
robust decision-making across scientific and industrial domains.

Numerical Solution Of Stochastic Differential Equations

numerical solution of stochastic differential equations: Numerical Solution of
Stochastic Differential Equations Peter E. Kloeden, Eckhard Platen, 2011-06-15 The numerical
analysis of stochastic differential equations (SDEs) differs significantly from that of ordinary
differential equations. This book provides an easily accessible introduction to SDEs, their
applications and the numerical methods to solve such equations. From the reviews: The authors
draw upon their own research and experiences in obviously many disciplines... considerable time has
obviously been spent writing this in the simplest language possible. --ZAMP

numerical solution of stochastic differential equations: Numerical Solution of
Stochastic Differential Equations Peter E. Kloeden, 1992

numerical solution of stochastic differential equations: Numerical Analysis of Systems
of Ordinary and Stochastic Differential Equations S. S. Artemiev, T. A. Averina, 2011-02-11 No
detailed description available for Numerical Analysis of Systems of Ordinary and Stochastic
Differential Equations.

numerical solution of stochastic differential equations: Numerical Solution of
Stochastic Differential Equations with Jumps in Finance Eckhard Platen, Nicola Bruti-Liberati,
2010-07-23 In financial and actuarial modeling and other areas of application, stochastic differential
equations with jumps have been employed to describe the dynamics of various state variables. The
numerical solution of such equations is more complex than that of those only driven by Wiener
processes, described in Kloeden & Platen: Numerical Solution of Stochastic Differential Equations
(1992). The present monograph builds on the above-mentioned work and provides an introduction to
stochastic differential equations with jumps, in both theory and application, emphasizing the
numerical methods needed to solve such equations. It presents many new results on higher-order


https://stage.support.buyingbuddy.com/archive-th-151/numerical-solution-of-stochastic-differential-equations.pdf

methods for scenario and Monte Carlo simulation, including implicit, predictor corrector,
extrapolation, Markov chain and variance reduction methods, stressing the importance of their
numerical stability. Furthermore, it includes chapters on exact simulation, estimation and filtering.
Besides serving as a basic text on quantitative methods, it offers ready access to a large number of
potential research problems in an area that is widely applicable and rapidly expanding. Finance is
chosen as the area of application because much of the recent research on stochastic numerical
methods has been driven by challenges in quantitative finance. Moreover, the volume introduces
readers to the modern benchmark approach that provides a general framework for modeling in
finance and insurance beyond the standard risk-neutral approach. It requires undergraduate
background in mathematical or quantitative methods, is accessible to a broad readership, including
those who are only seeking numerical recipes, and includes exercises that help the reader develop a
deeper understanding of the underlying mathematics.

numerical solution of stochastic differential equations: An Introduction to the
Numerical Simulation of Stochastic Di?erential Equations Desmond J. Higham, Peter E.
Kloeden, 2021-01-28 This book provides a lively and accessible introduction to the numerical
solution of stochastic differential equations with the aim of making this subject available to the
widest possible readership. It presents an outline of the underlying convergence and stability theory
while avoiding technical details. Key ideas are illustrated with numerous computational examples
and computer code is listed at the end of each chapter. The authors include 150 exercises, with
solutions available online, and 40 programming tasks. Although introductory, the book covers a
range of modern research topics, including It6 versus Stratonovich calculus, implicit methods,
stability theory, nonconvergence on nonlinear problems, multilevel Monte Carlo, approximation of
double stochastic integrals, and tau leaping for chemical and biochemical reaction networks. An
Introduction to the Numerical Simulation of Stochastic Differential Equations is appropriate for
undergraduates and postgraduates in mathematics, engineering, physics, chemistry, finance, and
related disciplines, as well as researchers in these areas. The material assumes only a competence in
algebra and calculus at the level reached by a typical first-year undergraduate mathematics class,
and prerequisites are kept to a minimum. Some familiarity with basic concepts from numerical
analysis and probability is also desirable but not necessary.

numerical solution of stochastic differential equations: Numerical Solution of
Stochastic Differential Equations Peter E. Kloeden, Eckhard Platen, 2014-01-15

numerical solution of stochastic differential equations: Numerical Solution of
Stochastic Differential Equations Jiancheng Zhang, 1985

numerical solution of stochastic differential equations: Numerical Solution of Stochastic
Differential Equations Chien-Cheng Chang, 1985

numerical solution of stochastic differential equations: Random Ordinary Differential
Equations and Their Numerical Solution Xiaoying Han, Peter E. Kloeden, 2017-10-25 This book
is intended to make recent results on the derivation of higher order numerical schemes for random
ordinary differential equations (RODESs) available to a broader readership, and to familiarize readers
with RODEs themselves as well as the closely associated theory of random dynamical systems. In
addition, it demonstrates how RODEs are being used in the biological sciences, where non-Gaussian
and bounded noise are often more realistic than the Gaussian white noise in stochastic differential
equations (SODEs). RODEs are used in many important applications and play a fundamental role in
the theory of random dynamical systems. They can be analyzed pathwise with deterministic calculus,
but require further treatment beyond that of classical ODE theory due to the lack of smoothness in
their time variable. Although classical numerical schemes for ODEs can be used pathwise for
RODEs, they rarely attain their traditional order since the solutions of RODEs do not have sufficient
smoothness to have Taylor expansions in the usual sense. However, Taylor-like expansions can be
derived for RODESs using an iterated application of the appropriate chain rule in integral form, and
represent the starting point for the systematic derivation of consistent higher order numerical
schemes for RODEs. The book is directed at a wide range of readers in applied and computational




mathematics and related areas as well as readers who are interested in the applications of
mathematical models involving random effects, in particular in the biological sciences.The level of
this book is suitable for graduate students in applied mathematics and related areas, computational
sciences and systems biology. A basic knowledge of ordinary differential equations and numerical
analysis is required.

numerical solution of stochastic differential equations: Numerical Methods for Stochastic
Partial Differential Equations with White Noise Zhongqiang Zhang, George Em Karniadakis,
2017-09-01 This book covers numerical methods for stochastic partial differential equations with
white noise using the framework of Wong-Zakai approximation. The book begins with some
motivational and background material in the introductory chapters and is divided into three parts.
Part I covers numerical stochastic ordinary differential equations. Here the authors start with
numerical methods for SDEs with delay using the Wong-Zakai approximation and finite difference in
time. Part II covers temporal white noise. Here the authors consider SPDEs as PDEs driven by white
noise, where discretization of white noise (Brownian motion) leads to PDEs with smooth noise, which
can then be treated by numerical methods for PDEs. In this part, recursive algorithms based on
Wiener chaos expansion and stochastic collocation methods are presented for linear stochastic
advection-diffusion-reaction equations. In addition, stochastic Euler equations are exploited as an
application of stochastic collocation methods, where a numerical comparison with other integration
methods in random space is made. Part III covers spatial white noise. Here the authors discuss
numerical methods for nonlinear elliptic equations as well as other equations with additive noise.
Numerical methods for SPDEs with multiplicative noise are also discussed using the Wiener chaos
expansion method. In addition, some SPDEs driven by non-Gaussian white noise are discussed and
some model reduction methods (based on Wick-Malliavin calculus) are presented for generalized
polynomial chaos expansion methods. Powerful techniques are provided for solving stochastic partial
differential equations. This book can be considered as self-contained. Necessary background
knowledge is presented in the appendices. Basic knowledge of probability theory and stochastic
calculus is presented in Appendix A. In Appendix B some semi-analytical methods for SPDEs are
presented. In Appendix C an introduction to Gauss quadrature is provided. In Appendix D, all the
conclusions which are needed for proofs are presented, and in Appendix E a method to compute the
convergence rate empirically is included. In addition, the authors provide a thorough review of the
topics, both theoretical and computational exercises in the book with practical discussion of the
effectiveness of the methods. Supporting Matlab files are made available to help illustrate some of
the concepts further. Bibliographic notes are included at the end of each chapter. This book serves
as a reference for graduate students and researchers in the mathematical sciences who would like to
understand state-of-the-art numerical methods for stochastic partial differential equations with
white noise.

numerical solution of stochastic differential equations: Numerical Solution of SDE
Through Computer Experiments Peter Eris Kloeden, Eckhard Platen, Henri Schurz, 2002-12-12 This
book provides an easily accessible, computationally-oriented introduction into the numerical solution
of stochastic differential equations using computer experiments. It develops in the reader an ability
to apply numerical methods solving stochastic differential equations. It also creates an intuitive
understanding of the necessary theoretical background. Software containing programs for over 100
problems is available online.

numerical solution of stochastic differential equations: A Brief Analysis of Certain
Numerical Methods Used to Solve Stochastic Differential Equations Nadrajh Govender, 2006

numerical solution of stochastic differential equations: Numerical Integration of
Stochastic Differential Equations G.N. Milstein, 2013-03-09 This book is devoted to mean-square
and weak approximations of solutions of stochastic differential equations (SDE). These
approximations represent two fundamental aspects in the contemporary theory of SDE. Firstly, the
construction of numerical methods for such systems is important as the solutions provided serve as
characteristics for a number of mathematical physics problems. Secondly, the employment of



probability representations together with a Monte Carlo method allows us to reduce the solution of
complex multidimensional problems of mathematical physics to the integration of stochastic
equations. Along with a general theory of numerical integrations of such systems, both in the
mean-square and the weak sense, a number of concrete and sufficiently constructive numerical
schemes are considered. Various applications and particularly the approximate calculation of Wiener
integrals are also dealt with. This book is of interest to graduate students in the mathematical,
physical and engineering sciences, and to specialists whose work involves differential equations,
mathematical physics, numerical mathematics, the theory of random processes, estimation and
control theory.

numerical solution of stochastic differential equations: Numerical Methods for the
Solution of Stochastic Differential Equations McLowery Elrod, 1973

numerical solution of stochastic differential equations: N-Dimension numerical
solution of Stochastic Differential Equations Qiming Li, 2007

numerical solution of stochastic differential equations: Numerical Solution of Stochastic

Differential Equations with Jumps in Finance Nicola Bruti-Liberati, 2007
numerical solution of stochastic differential equations: Runge-Kutta Methods for the

Numerical Solution of Stochastic Differential Equations Andreas RofSler, 2003-01

numerical solution of stochastic differential equations: Numerical Solution of Stochastic
Differential Equations and Their Applications in Communications Khaled Almustafa, 2004

numerical solution of stochastic differential equations: Stability Issues in the
Numerical Solution of Stochastic Differential Equations Alan Bryden, University of
Strathclyde, 2004

numerical solution of stochastic differential equations: Numerical Solutions of Stochastic
Differential Equations Liguo Wang, 2016 In this dissertation, we consider the problem of simulation
of stochastic differential equations driven by Brownian motions or the general Lévy processes. There
are two types of convergence for a numerical solution of a stochastic differential equation, the
strong convergence and the weak convergence. We first introduce the strong convergence of the
tamed Euler-Maruyama scheme under non-globally Lipschitz conditions, which allow the polynomial
growth for the drift and diffusion coefficients. Then we prove a new weak convergence theorem
given that the drift and diffusion coefficients of the stochastic differential equation are only twice
continuously differentiable with bounded derivatives up to order 2 and the test function are third
order continuously differentiable with all of its derivatives up to order 3 satisfying a polynomial
growth condition. We also introduce the multilevel Monte Carlo method, which is efficient in
reducing the total computational complexity of computing the expectation of a functional of the
solution of a stochastic differential equation. This method combines the three sides of the simulation
of stochastic differential equations: the strong convergence, the weak convergence and the Monte
Carlo method. At last, a recent progress of the strong convergence of the numerical solutions of
stochastic differential equations driven by Lévy processes under non-globally Lipschitz conditions is
also presented.
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