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Preface

Traditionally physics is divided into two fields of activities: theoretical and experi-
mental. As a consequence of the stunning increase in computer power and of the
development of more powerful numerical techniques, a new branch of physics
was established over the last decades: Computational Physics. This new branch
was introduced as a spin-off of what nowadays is commonly called computer
simulations. They play an increasingly important role in physics and in related
sciences as well as in industrial applications and serve two purposes, namely:

 Direct simulation of physical processes such as

o Molecular dynamics or
o Monte Carlo simulation of physical processes

* Solution of complex mathematical problems such as

o Differential equations
o Minimization problems
o High-dimensional integrals or sums

This book addresses all these scenarios on a very basic level. It is addressed
to lecturers who will have to teach a basic course/basic courses in Computational
Physics or numerical methods and to students as a companion in their first steps into
the realm of this fascinating field of modern research. Following these intentions
this book was divided into two parts. Part I deals with deterministic methods in
Computational Physics. We discuss, in particular, numerical differentiation and
integration, the treatment of ordinary differential equations, and we present some
notes on the numerics of partial differential equations. Each section within this part
of the book is complemented by numerous applications. Part IT of this book provides
an introduction to stochastic methods in Computational Physics. In particular, we
will examine how to generate random numbers following a given distribution,
summarize the basics of stochastics in order to establish the necessary background
to understand techniques like MARKOV-Chain Monte Carlo. Finally, algorithms of
stochastic optimization are discussed. Again, numerous examples out of physics like
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diffusion processes or the POTTS model are investigated exhaustively. Finally, this
book contains an appendix that augments the main parts of the book with a detailed
discussion of supplementary topics.

This book is not meant to be just a collection of algorithms which can
immediately be applied to various problems which may arise in Computational
Physics. On the contrary, the scope of this book is to provide the reader with a
mathematically well-founded glance behind the scene of Computational Physics.
Thus, particular emphasis is on a clear analysis of the various topics and to even
provide in some cases the necessary means to understand the very background
of these methods. Although there is a barely comprehensible amount of excellent
literature on Computational Physics, most of these books seem to concentrate either
on deterministic methods or on stochastic methods. It is not our goal to compete with
these rather specific works. On the contrary, it is the particular focus of this book to
discuss deterministic methods on par with stochastic methods and to motivate these
methods by concrete examples out of physics and/or engineering.

Nevertheless, a certain overlap with existing literature was unavoidable and we
apologize if we were not able to cite appropriately all existing works which are of
importance and which influenced this book. However, we believe that by putting the
emphasis on an exact mathematical analysis of both, deterministic and stochastic
methods, we created a stimulating presentation of the basic concepts applied in
Computational Physics.

If we assume two basic courses in Computational Physics to be part of the cur-
riculum, nicknamed here Computational Physics 101 and Computational Physics
102, then we would like to suggest to present/study the various topics of this book
according to the following syllabus:

e Computational Physics 101:

— Chapter 1: Some Basic Remarks

— Chapter 2: Numerical Differentiation

— Chapter 3: Numerical Integration

— Chapter 4: The KEPLER Problem

— Chapter 5: Ordinary Differential Equations: Initial Value Problems

— Chapter 6: The Double Pendulum

— Chapter 7: Molecular Dynamics

— Chapter 8: Numerics of Ordinary Differential Equations: Boundary Value
Problems

— Chapter 9: The One-Dimensional Stationary Heat Equation

— Chapter 10: The One-Dimensional Stationary SCHRODINGER Equation

— Chapter 12: Pseudo-random Number Generators

* Computational Physics 102:

— Chapter 11: Partial Differential Equations

Chapter 13: Random Sampling Methods

Chapter 14: A Brief Introduction to Monte Carlo Methods
— Chapter 15: The ISING Model
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Chapter 16: Some Basics of Stochastic Processes

Chapter 17: The Random Walk and Diffusion Theory

— Chapter 18: MARKOV-Chain Monte Carlo and the POTTS Model
Chapter 19: Data Analysis

Chapter 20: Stochastic Optimization

The various chapters are augmented by problems of medium complexity which
help to understand better the numerical part of the topics discussed within this book.

Although the manuscript has been carefully checked several times, we cannot
exclude that some errors escaped our scrutiny. We apologize in advance and would
highly appreciate reports of potential mistakes or typos.

Throughout the book SI-units are used except stated otherwise.

Graz, Austria Benjamin A. Stickler
July 2015 Ewald Schachinger
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Chapter 1
Some Basic Remarks

1.1 Motivation

Computational Physics aims at solving physical problems by means of numerical
methods developed in the field of numerical analysis [1, 2]. According to I. JACQUES
and C. JUDD [3], it is defined as:

Numerical analysis is concerned with the development and analysis of methods for the
numerical solution of practical problems.

Although the term practical problems remained unspecified in this definition, it
is certainly necessary to reflect on ways to find approximate solutions to complex
problems which occur regularly in natural sciences. In fact, in most cases it is not
possible to find analytic solutions and one must rely on good approximations. Let
us give some examples.

Consider the definite integral

b
/ dxexp (—x?) , (1.1)

which, for instance, may occur when it is required to calculate the probability that
an event following a normal distribution takes on a value within the interval [a, b],
where a, b € R. In contrast to the much simpler integral

b
/ dxexp (x) = exp (b) —exp (a) , (1.2)

the integral (1.1) cannot be solved analytically because there is no elementary
function which differentiates to exp (—x?). Hence, we have to approximate this
integral in such a way that the approximation is accurate enough for our purpose.
This example illustrates that even mathematical expressions which appear quite

© Springer International Publishing Switzerland 2016 1
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simple at first glance may need a closer inspection when a numerical estimate
for the expression is required. In fact, most numerical methods we will encounter
within this book have been designed before the invention of modern computers or
calculators. However, the applicability of these methods has increased and is still
increasing drastically with the development of even more powerful machines. We
give another example, namely the oscillation of a pendulum. We know from basic
mechanics [4-8] that the time evolution of a frictionless pendulum of mass m and
length £ in a gravitational field is modeled by the differential equation

é+§sin(9)=o. (1.3)

The solution of this equation describes the oscillatory motion of the pendulum
around the origin O within a two-dimensional plane (Fig. 1.1). Here 0 is the angular
displacement and g is the acceleration due to gravity. Furthermore, a common
situation is described by initial conditions of the form:

0(0) =t ,
. (1.4)
6(0) =0 .

For small initial angular displacements, 6y < 1, we set in Eq. (1.3) sin (0) ~ 6
and obtain the differential equation of the harmonic oscillator:

é+‘29=0. (1.5)

Together with the initial conditions (1.4) we arrive at the solution

0(t) = 6y cos(wt) , (1.6)

Fig. 1.1 Schematic
illustration of the pendulum
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withw = \/ g/XL. The period 7 of the pendulum follows immediately:

r=27r\/e . (L.7)
8

However, if the approximation of a small angular displacement 6y < 1 is not
applicable, expressions (1.6) and (1.7) will not be valid. Thus, it is advisable to
apply energy conservation in order to arrive at analytic results. The total energy of
the pendulum is given by:

1 1
E= 2mv2 + mgl [l — cos ()] = zmvg + mgl [1 — cos (6))] . (1.8)

Here v is the velocity of the point mass m and vo and 6 are defined by the initial
conditions (1.4). Since 8(0) = 0 we have

E = mgl[1 —cos (6y)]

= 2mgl sin’ (920) . (1.9)

where we made use of the relation: 1 — cos(x) = 2sin’(x/2). We use this result in
Eq. (1.8) and arrive at:

1, o) (0
2v —2g£[sm (2) sin 5 . (1.10)

Since v? = €202 we have

3 8 ) 90 a2 9
9—2\/£\/sm (2) sin (2) (1.11)

Separation of variables yields

g 1/9 do
t= , (1.12)
fi=al V1= dsin® (%)

with k = sin (6y/2) . For t = 7 we have 8 = 6, and we obtain for the period

0o
- 2\/€/ o (1.13)
EVedo 1= sin? ()
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Let us transform the above integral into a more convenient form with help of
the substitution ksin(«) = sin(¢/2). Thus, @ € [0, /2] and a straightforward

calculation yields:
4 \/ 14 / 2 do
T =
gJo /1 —ksin? ()

= 4\/§K1(k). (1.14)

The function K (k) introduced in (1.14) for k € R is referred to as the complete
elliptic integral of the first kind [9—12]. All these manipulations did not really result
in a simplification of the problem at hand because we are still confronted with
the integral in Eq. (1.14) which cannot be evaluated without the use of additional
approximations which will, in the end, result in a numerical solution of the problem.
A natural way to proceed would be to expand the complete elliptic integral in a
power series up to order N, where N is chosen in such a way that the fruncation
error Ry(k) becomes negligible. We can find the desired expression in any text on
special functions [9, 11, 12]. It reads

[ emt 7P
Kl(k) = Z=:0 I:Zzn(n')zi|

el

roent 7P,
) ’;[zzn(n!)z} k™ + Ry (k) . (1.15)

Imagine now the inverse problem: the period t is given and the initial angle 6,
is unknown. Again, we could expand the integrand in a power series and solve
the corresponding polynomial for 6. However, such an approach would be very
inefficient due to two reasons: first of all, we are confronted with the impossibility
of finding analytically the roots of a polynomial of order N > 4! and, secondly, at
which value of N should we truncate the power series if 8y is unknown? A glance in
a book on special functions might give us a better, i.e. more convenient, alternative.
Indeed, the inverse function of the elliptic integral K (k) with respect to k can be
given explicitly in terms of JACOBI elliptic functions [9-12]. Series expansions of
these functions have been developed such that we can approximate 6, by truncating
the respective series.

This example helped to illustrate that we depend on numerical approximations
of definite expressions in a multitude of cases. Even if an numerically approximate
solution has been found for a particular problem it will be adamant to check quite

'The roots of a real valued polynomial of order N = 3 or 4 are referred to as CARDANO’s or
FERRARTI’s solutions [13], respectively.
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carefully if the approach was (i) justified within the required accuracy, and (ii) if it
allowed to improve the induced error of the result. The second point is known as the
stability of a routine. We will discuss this topic in more detail in Sect. 1.4.

Throughout this book we will be confronted with numerous methods which will
allow approximate solutions of problems similar to the two examples illustrated
above. First of all, we would like to specify the properties we expect these methods
to have. Primarily, the method is to be formulated as an unambiguous mathematical
recipe which can be applied to the set of problems it was designed for. Its
applicability should be well defined and it should allow to determine an estimate for
the error. Moreover, infinite repetition of the procedure should approximate the exact
result to arbitrary accuracy. In other words, we want the method to be well defined in
algorithmic form. Consequently, let us define an algorithm as a sequence of logical
and arithmetic operations (addition, subtraction, multiplication or division) which
allows to approximate the solution of the problem under consideration within any
accuracy desired. This implies, of course, that numerical errors will be unavoidable.

Let us classify the occurring errors based on the structure every numerical
routine follows: We have input-errors, algorithmic-errors, and output-errors as
indicated schematically in Fig. 1.2. This structural classification can be refined:
input-errors are divided into roundoff errors and measurement errors contained in
the input data; algorithmic-errors consist of roundoff errors during evaluation and
of methodological errors due to mathematical approximations; finally, output errors
are, in fact, roundoff errors. In Sects. 1.2 and 1.3 we will concentrate on roundoff
errors and methodological errors. Since in most cases measurement errors cannot
be influenced by the theoretical physicist concerned with numerical modeling, this
particular part will not be discussed in this book. However, we will discuss the
stability of numerical routines, i.e. the influence of slight modifications of the input
parameters on the outcome of a particular algorithm in Sect. 1.4.

Fig. 1.2 Schematic
classification of the errors Input > Input -Error
occurring within a numerical
procedure
A Y
Algorithm »| Algorithmic-Error

A

Output »  Output-Error
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1.2 Roundoff Errors

In fact, since every number is stored in a computer using a finite number of digits, we
have to truncate every non-terminating number at some point. For instance, consider
5 = 0.666666666666 ... which will be stored as 0.6666666667 if the machine
allows only ten digits. Actually, computers use binary arithmetic (for which even
0.1, = 0.000110011001100.. ., is problematicz) but for the moment we shall
ignore this fact since the above example suffices to illustrate the crucial point. Let
Fl(x) denote the floating-point form of a number x within the numerical range of the

machine. For the above example, i.e. a ten digit storage, we have

2
Fl (3) = 0.6666666667 . (1.16)

This has the consequence that, for instance, F1(v/3) - FI(+/3) # FI(v/3 - v/3)=3.
However, FI(v/3) - FI(v/3) ~ 3 within the defined range. Before we continue our
discussion on roundoff errors we have to introduce the concepts of the absolute and
the relative error. We denote the true value of a quantity by y and its approximate
value by y. Then the absolute error ¢, is defined as

€a=1ly—yl, (1.17)

while the relative error €, is given by
y_y'= Ca (1.18)

o= '
y [yl

provided that y # 0. In most applications, the relative error is more significant. This
is illustrated in Table 1.1, where it is intuitively obvious that in the second case the
approximate value is much better although the absolute error is the same for both
examples.

Let us have a look at the relative error of an arbitrary number stored to the k-th
digit: We can write an arbitrary number y in the formy = 0.d d>d5 . . . didy . .. 10"
with di # 0 and n € Z. Accordingly, we write its approximate value as
y = 0.d1dyds .. .di 10", where k is the maximum number of digits stored by the

Table 1.1 Illustration of the

. . y y €a €r
significance of the relative ] o1 0.09 0.01 01
error 1 ) : ’ )

2) 1000.0 999.99  0.01 0.00001

2A disastrous effect of this binary approximation of 0.1 was discussed by T. Chartier [14].
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machine. Hence we obtain for the relative error

. — 0.d1dyds ... dkdg+1 ... 10" — 0.d1drds . . . di 10"
T 0.d\dyrds . ..dydgs1 ... 10"
. 0.dys1di42 ... 10"*
n 0.didyrds ... 10"
_ 0.di+1di2 . .. 10+
0.d\d»ds . ..
< Lot
0.1
= 107k, (1.19)

In the last steps we employed that, since d; # 0, we have 0.d dxd;... > 0.1
and accordingly 0.dy+1dx+> ... < 1. If the last digit would have been rounded (for
di+1 = 5 we set dy = di + 1 otherwise d remains unchanged) instead of a simple
truncation, the relative error of a variable y would be €, = 0.5 - 107FF1,

Whenever an arithmetic operation is performed, the errors of the variables
involved is transferred to the result [15]. This can occur in an advantageous or
disadvantageous way, where we understand disadvantageous as an increase in
the relative error. Particular care is required when two nearly identical numbers
are subtracted (subtractive cancellation) or when a large number is divided by
a, in comparison, small number. In such cases the roundoff error will increase
dramatically. We note that it might be necessary to avoid such operations in our
aim to design an algorithm which is required to produce reasonable results. An
illustrative example and its remedy will be discussed in Sect. 1.3. However, before
proceeding to the next section we introduce a lower bound to the accuracy which is
achievable with a non-ideal computer, the machine-number. The machine-number
is smallest positive number 7 which can be added to another number, such that a
change in the result is observed. In particular,

p=min{§>0[1+8>1} . (1.20)

For a (nonexistent) super-computer, which is capable of saving as much digits
as desired, n would be arbitrarily small. A typical value for double-precision in
FORTRAN or Cis n ~ 10716

1.3 Methodological Errors

A methodological error is introduced into the routine whenever a complex mathe-
matical expression is replaced by an approximate, simpler one. We already came
across an example when we regarded the series representation of the elliptic
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integral (1.12) in Sect. 1.1. Although we could evaluate the series up to an arbitrary
order N, we are definitely not able to sum up the coefficients to infinite order.
Hence, it is not possible to get rid of methodological errors whenever we have to
deal with expressions we cannot evaluate analytically. Another intriguing example
is the numerical differentiation of a given function. The standard approximation of
a derivative reads

o+ ) = f(x0)

t . (1.21)

R

Fo0) = 7

X=Xx(

This approximation is referred to as finite difference and will be discussed in more
detail in Chap.2. One would, in a first guess, expect that the obtained value gets
closer to the true value of the derivative f”(xo) with decreasing values of . From a
calculus point of view, this is correct since by definition

= lim
h—0

J(xo + 1) — f(x0)
., :

S (122)

X=xo

However, this is not the case numerically. In particular, one can find a value h
for which the relative error is minimal, while for values & < hand h > h the
approximation obtained is worse in comparison. The reason is that for small values
of h the roundoff errors dominate the result since f(xo + /) and f(x() almost cancel
while 1/his very small. For i > h, the methodological error, i.e. the replacement of
a derivative by a finite difference, controls the result.

We give one further example [16] in order to illustrate the interplay between
methodological errors and roundoff errors. We regard the, apparently nonhazardous,
numerical solution of a quadratic equation

ax* +bx+c=0, (1.23)
where a, b, c € R, a # 0. The well known solutions read

b+ Vb —4 —b— b — 4
o= "% VB —dac Xp = Vb — dac (1.24)
2a 2a

Cautious because of the above examples, we immediately diagnose the danger of a
subtractive cancellation in the expression of x; for » > 0 or in x, for b < 0, and
rewrite the above expression for x;:

_ (=b+ Vb —dac) (=b — /b2 — dac) 2¢

= . 1.25
2a (=b— b2 —4dac) —b— Vb*— dac (129

X1
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For x, we obtain

_ 2c
—b+ Vb2 —dac

X2

(1.26)

Consequently, if b > 0 x; should be calculated using Eq.(1.25) and if b < 0
Eq. (1.26) should be used to calculate x,. Moreover, the above expressions can be
cast into one expression by setting

q C
X = and xm =, (1.27)
a q
with
1
a=-, [b + sgn(b)Vb? — 4ac] . (1.28)

Thus, Egs. (1.27) and (1.28) can be used to calculate x; and x, for any sign of b.

1.4 Stability

When a new numerical method is designed stability is the third crucial point after
roundoff errors and methodological errors [17]. We give an introductory definition:

An algorithm, equation or, even more general, a problem is referred to as unstable or ill-
conditioned if small changes in the input cause a large change in the output.

It will be followed by a couple of elucidating examples [3].> To be more specific,
let us now, for instance, consider the following system of equations
x+y=2.0,
x4+ 1.01y =2.01. (1.29)
These equations are easily solved and give x = 1.0 and y = 1.0. To make our
point we consider now the case in which the right hand side of the second equation
of (1.29) is subjected to a small perturbation, i.e. we consider in particular the
following system of equations
x+y =20,
x+ 1.01y =2.02. (1.30)

3 Although unstable behavior is not desirable in the first place the discovery of unstable systems
was the birth of a specific branch in physics called Chaos Theory. We briefly comment on this
point at the end of this section.
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The corresponding solution is x = 0.0 and y = 2.0. We observe that a relative
change of 0.05 % on the right hand side of the second equation in (1.29) resulted
in a 100 % relative change of the solution. Moreover, if the coefficient of y in the
second equation of (1.29) were 1.0 instead of 1.01, which corresponds to a relative
change of 1 %, the equations would be unsolvable. This is a behavior typical for
ill-conditioned problems which, for obvious reasons, should be avoided whenever
possible.
We give a second example: We consider the following initial value problem

5—10y— 11y =0,

) (1.31)

y0 =1, 30)=-1.

The general solution is readily obtained to be of the form
y=Aexp(—x) + Bexp(1lx) , (1.32)

with numerical constants A and B. The initial conditions yield the unique solution
y=exp(=x) . (1.33)
The initial conditions are now changed by two small parameters 8, € > 0 to give:
y0)=1+6 and y0)=—-1+c¢€. (1.34)

The unique solution which satisfies these initial conditions is:

116 € ) €
y= (1 + T 12) exp(—x) + (12 + 12) exp (11x) . (1.35)

We calculate the relative error

y—y‘
y

11§ € ] €
= ( 12~ 12) + (12 + 12)exp(le) , (1.36)

which indicates that the problem is ill-conditioned since for large values of x the
second term definitely overrules the first one.
Another, but not less serious kind of problem is induced instability:

-

A method is referred to as induced unstable if a small error at one point of the calculation
induces a large error at some subsequent point.

Induced instability is particularly dangerous since small roundoff errors are
unavoidable in most calculations. Hence, if some part of the whole algorithm is
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ill-conditioned, the final output will be dominated by the error induced in such a
way. Again, an example will help to illustrate such behavior. The definite integral

1
I, = / dxx"exp(x—1), (1.37)
0

is considered. Integration by parts yields
IL,=1—nl_. (1.38)
This expression can be used to recursively calculate 7, from Iy, where
Ih=1—exp(-1) . (1.39)

Although the recursion formula (1.38) is exact we will run into massive problems
using it. The reason is easily illustrated:

L, =1—nl
=1l—-n+nn—DIl,—
=l—-n+nn—1)—nn—1)(n—2)1,—3

n—1 |
=1+ Z(_l)k (n i'k)l + (=Dt (1.460)
k=1 ’

Thus, the initial roundoff error included in the numerical value of I is multiplied
with n!. Note that for large n we have according to STIRLING’s approximation

n! ~ 2" exp (—n) | (1.41)

i.e. an initial error increases almost as n".
However, Eq. (1.38) can be reformulated to give

1

I, =
n+1

(I =Ty (1.42)

and this opens an alternative method for a recursive calculation of ,. We can start
with some value N > n and simply set Iy = 0. The error introduced in such a way
may in the end not be acceptable, nevertheless, it decreases with every iteration step
due to the division by n in Eq. (1.42).

Having discussed some basic features of stability in numerical algorithms we
would like to add a few remarks on Chaos Theory. Chaos theory investigates
dynamical processes which are very sensitive to initial conditions. One of the
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best known examples for such a behavior is the weather prediction. Although,
POINCARE already observed chaotic behavior while working on the three body
problem, one of the pioneers of chaos theory was E.N. LORENZ [18] (not to be
confused with H. LORENTZ, who introduced the LORENTZ transformation). In 1961
he ran weather simulations on a computer of restricted capacity. However, when
he tried to reproduce one particular result by restarting the calculation with new
parameters calculated the days before, he observed that the outcome was completely
different [19]. The reason was that the equations he dealt with were ill-conditioned,
and the roundoff error he introduced by simply typing in the numbers of the
graphical output, increased drastically, and, hence, produced a completely different
result. Nowadays, various physical systems are known which indeed behave in such
a way. Further examples are turbulences in fluids, oscillations in electrical circuits,
oscillating chemical reactions, population growth in ecology, the time evolution of
the magnetic field of celestial bodies, .. ..

It is important to note, that chaotic behavior induced in such systems is determin-
istic, yet unpredictable. This is due to the impossibility of an exact knowledge of
the initial conditions required to predict, for instance, the weather over a reasonably
long period. A feature which is referred to as the butterfly effect: a hurricane can
form because a butterfly flapped its wings several weeks before. However, these
effects have nothing to do with intrinsically probabilistic properties which are solely
a feature of quantum mechanics. In contrast to this, in chaos theory, the future is
uniquely determined by initial conditions, however, still unpredictable. This is often
referred to as deterministic chaos.

It has to be emphasized that chaos in physical systems is a consequence of the
equations describing the processes and not a consequence of the numerical method
used for modeling. Therefore, it is important to distinguish between the stability of
a numerical method and the stability of a physical system in general.

We will come across chaotic behavior again in Sect. 6.3 where we discuss chaotic
behavior in the dynamics of the double pendulum [4-8].

1.5 Concluding Remarks

In this chapter we dealt with the basic features of numerical errors one is always
confronted with when developing an algorithm. One point we neglected in our
discussion is the computational cost, i.e. the time a program needs to be executed.
Although this is a very important point, it is beyond the scope of this book. However,
one has to find a balance between the need of achieving the most accurate result and
the computing time required to achieve it. The most accurate result is useless if
the programmer does not get the result within his lifetime. D. ADAMS [20] put in
a nutshell: the super-computer Deep Thought was asked to compute the answer to



References 13

“The Ultimate Question of Life, the Universe and Everything”, quote:

“How long?” he said.
“Seven and a half million years.”

Another quite crucial point, which we neglected so far, is the error analysis of
a computational method which is based on random numbers (in fact it is pseudo-
random numbers and this point will be discussed in the second part of this book). In
this case, the situation changes completely, because, similar to experimental results,
the observed values are distributed around a mean with a certain variance. Such
results have to be interpreted within a statistical context. However, it turns out
that for many problems the computational efficiency can be significantly increased
using such methods. Typical applications are estimates of integrals or solutions to
optimization problems. Such topics will be treated in the second part of this book.
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Part I
Deterministic Methods



Chapter 2
Numerical Differentiation

2.1 Introduction

This chapter is the first of two systematic introductions to the numerical treatment
of differential equations. Differential equations and, thus, derivatives and integrals
are of eminent importance in the modern formulation of natural sciences and
in particular of physics. Very often the complexity of the expressions involved
does not allow an analytical approach, although modern symbolic software can
ease a physicists life significantly. Thus, in many cases a numerical treatment is
unavoidable and one should be prepared.

We introduce here the notion of finite differences as a basic concept of numerical
differentiation [1-3]. In contrast, the next chapter will deal with the concepts
of numerical quadrature. Together, these two chapters will set the stage for a
comprehensive discussion of algorithms designed to solve numerically differential
equations. In particular, the solution of ordinary differential equations will always
be based on an integration.

This chapter is composed of four sections. The first repeats some basic concepts
of calculus and introduces formally finite differences. The second formulates
approximates to derivatives based on finite differences, while the third section
includes a more systematic approach based on an operator technique. It allows
an arbitrarily close approximation of derivatives with the advantage that the
expressions discussed in this section can immediately be applied to the problems
at hand. The chapter is concluded with a discussion of some additional aspects.

© Springer International Publishing Switzerland 2016 17
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18 2 Numerical Differentiation
2.2 Finite Differences

Let us consider a smooth function f(x) on the finite interval [a, ] C R of the real
axis. The interval [a, b] is divided into N — 1 € N equally spaced sub-intervals of
the form [x;, x;+1] where x; = a, xy = b. Obviously, x; is then given by

G272 N 2.1
xi=a+ (i— , i=1,...,N. .
N—1

We introduce the distance /& between two grid-points x; by:

b_
¢ Vi=1.....N—-1. 2.2)

h=xip1—x =
TR N

For the sake of a more compact notation we restrict our discussion to equally spaced
grid-points keeping in mind that the extension to arbitrarily spaced grid-points by
replacing & by A; is straight forward and leaves the discussion essentially unchanged.

Note that the number of grid-points and, thus, their distance £, has to be chosen
in such a way that the function f(x) can be sufficiently well approximated by its
function values f(x;) as indicated in Fig.2.1. We understand by sufficiently well
approximated that some interpolation scheme in the interval [x;, x;4;] will reproduce
the function f(x) within a required accuracy. In cases where the function is strongly
varying within some sub-interval [c,d] C [a,b] and is slowly varying within

FOOA

]
I
I
I
1
1
I
I
I
I
I
I
I
1
X

A

i i+1 n

Fig. 2.1 We define equally spaced grid-points x; on a finite interval on the real axis in such a
way that the function f(x) is sufficiently well approximated by its functional values f(x;) at these
grid-points
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[a, D] \ [c,d] it might be advisable to use variable grid-spacing in order to reduce
the computational cost of the procedure.

We introduce the following notation: The function value of f(x) at the grid-point
x; will be denoted by f; = f(x;) and its n-th derivative:

=10 = d dfx(x) . (2.3)

X=X;

Furthermore, we define for arbitrary £ € [x;, xj+1)
=176 2.4)
where fl(ﬂ = fi+ and € is chosen to give:
E=x;+¢h, €e€l0,1). (2.5)

Let us remember some basics from calculus: The first derivative, denoted f*(x)
of a function f(x) which is smooth within the interval [a, b], i.e. f(x) € €*°|a, b] for
arbitrary x € [a, b], is defined as

i =10
h

. T

= lm

h—0 h
fx+h)—f(x—h)

()=

However, it is impossible to draw numerically the limit # — 0 as discussed in
Sect. 1.3, Eq. (1.22). This manifests itself in a non-negligible error due to subtractive
cancellation.

This problem is circumvented by the use of TAYLOR’s theorem. It states that if
there is a function which is (n + 1)-times continuously differentiable on the interval
[a, b] then f(x) can be expressed in terms of a series expansion at point xy € [a, b]:

Zf ( 0) ) +f(n+l)[§(x)]( _y )n-‘rl Vx € [a,b] . 2.7)

41 O

Here, ¢ (x) takes on a value between x and x,.! The last term on the right hand side
of Eq. (2.7) is commonly referred to as truncation error. (A more general definition
of this error was given in Sect. 1.1.)

Note that for xo = 0 the series expansion (2.7) is referred to as MCLAURIN series.
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We introduce now the finite difference operators

Atfi =fir1 — 1, (2.8a)
as the forward difference,
A_fi=fi—fi-1, (2.8b)
as the backward difference, and
Acfi = fir1 —fim1 s (2.8¢)

as the central difference.” The derivative of f(x) can be approximated with the help
of TAYLOR’s theorem (2.7). In a first step we consider (restricting to third order in
h)

h2 h3
firr = fx) + hf' () + 2f”(xi) + 6f”’[é°(xi + h)]
/ h2 1/ h3 11
=Jfi+hi + 2fi + 6f;‘+q- ; (2.9a)

with i1 = f(x; + h). Here €, is the fractional part € which has to be determined
according to ¢ (x; + h). In analogue we find for f;_,

fio1 =f ! n 11 W 111 2.9h
z—l—ﬁ_f;'+2f;‘_6f;‘+q_- ( )

Solving Egs. (2.9) for the derivative f/ leads directly to the definition of finite
difference derivatives.

2.3 Finite Difference Derivatives

We define the finite difference derivative or difference approximations

Ayfi _ fiv1 =i

Difi="", L (2.10a)

as the forward difference derivative,

ZPlease note that the symbols A, A_, and A, in Egs. (2.8) are linear operators acting on f;. For a
basic introduction to the theory of linear operators see for instance [4, 5].
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Fig. 2.2 Graphical f(x) A
illustration of different finite
difference derivatives. The
solid line labeled f]
represents the real derivative
for comparison

>
Xiig Xi X X
A_fi  fi—fi1
D_f; = = , 2.10b
fi n " ( )
as the backward difference derivative, and
Adfi  fir1 —fim1
D.f; = = , 2.10
= 2h (2.10c)

as the central difference derivative.® A graphical interpretation of these expressions
is straight forward and is presented in Fig. 2.2.
Using the above definitions (2.10) together with the expansions (2.9) we obtain

h h?
f = Dafi= o = e
_ h /1 h2 111
- D—ﬁ + zf; - 6f;+€;
hZ
—Dfi— @2.11)
- i 6 i+er - .

We observe that in the central difference approximation of f; the truncation error
scales like 4 while it scales like / in the other two approximations; thus the central

3The central difference derivative is related to the forward and backward difference derivatives via:

1
D= (D4 +D-).
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difference approximation should have the smallest methodological error. Note that
the error is usually not dominated by the derivatives of f(x) since we assumed that
f(x) is a smooth function and sufficiently well approximated on the grid within
[a, b]. Furthermore we have to emphasize that the central difference approximation
is essentially a three point approximation, including fi—;, f; and fi+, although f;
cancels. Thus, we can improve our approximation by taking even more grid-points
into account. For instance, we could combine the above finite difference derivatives.
Let us prepare this step by expanding Eqgs. (2.9) to higher order derivatives. We then
obtain for the forward difference derivative

D =g+ e g gy @12)
B Y S VU U ‘
for the backward difference derivative
h h2 h3 4
D_fi=f — _f' - v V. .., 2.13
fi=1 Zf’ + 6f’ 24f’ + 120f’ + ( )
and, finally, for the central difference derivative
pf=f+ g My (2.14)
, ; o 120" e .

In order to improve the method we have to combine D.f;, D_f; and D.f; from
different grid-points in such a way that at least the terms proportional to 4> cancel.
This can be achieved by observing that*

h4
8D.f; — Dofi1 — Dofiy1 = 6f] — s iﬁq , (2.15)

which gives

1 h
fl'=  BDfi=Defis = Defir) + 4 fY

1 h
i — 8fi1 + 8fi1 — f: A 2.16
125 (fie2 — 8fi-1 + 8fit1 f+2)+30f, (2.16)

Note that this simple combination yields an improvement of two orders in / ! One
can even improve the approximation in a similar fashion by simply calculating the
derivative from even more points, for instance f;4+3.

“Please note that the TAYLOR expansion of (Dofi—i +D.fi+1)/2 = (fi+2—fi—2)/(4h) is equivalent
to the expansion (2.14) of D, f; with h replaced by 2h.
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2.4 A Systematic Approach: The Operator Technique

We would like to obtain a general expression which will allow to calculate the finite
difference derivatives of arbitrary order up to arbitrary order of % in the truncation
error. We achieve this goal by introducing the shift operator 7 and its inverse
operator 7! as’

Tfi = fi+1 » (2.18)

and
T =fi . (2.19)

where TT™! = 1 is the unity operator. We can write these operators in terms of the
forward and backward difference operators A and A_ of Egs. (2.8), in particular

T=1+A4, (2.20)
and
T'=1-A_. (2.21)

Moreover, if D = d/dx denotes the derivative operator and if the n-th power of this
operator D is understood as the n-th successive application of it, we can rewrite the
TAYLOR expansions (2.9) as

1
3

exp (hD) f; , (2.22)

1
fit1 [11+hD+2h2D2+ 'h3D3+..}fi

SWe note in passing that the shift operators form the discrete translational group, a very important
group in theoretical physics. Let 7(n) = T" denote the shift by n € N grid-points. We then have

T(n)T(m) = T(n+m) (2.17a)
T0)=1, (2.17b)

and
T(n)~" =T(—n), @2.17¢)

which are the properties required to form a group. Here 1 denotes unity. Moreover, we have
T(n)T(m) = T(m)T(n) , (2.17d)

i.e. it is an Abelian group. The group of discrete translations is usually denoted by T¢ [6].
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and

fi-1 = [11 — hD + ;thz — 31!1131)3 + .. ]f
=exp(—hD)f;, (2.23)
Hence, we find that [7]°
T=1+ A4 =exp(hD) , (2.24)
and, accordingly, that
T-'=1—-A_=exp(-hD) . (2.25)

Finally, we obtain the central difference operator:
A. =T —T" = exp (hD) — exp (—hD) = 2sinh (kD) . (2.26)

Equations (2.24), (2.25) and (2.26) can be inverted for hD:

1 1
1n(]1+A+)=A+—2A1+3A1¢... ,

1 1
hD = —1n(]l—A_)=A_+2A2_+3A3_+... , (2.27)

(A A 1 AN AN

sin (2)—2 3!(2)+5!(2):F....

Again, the n-th power of an operator K (with K = A4, A_, A.) K"f; is understood
as the n-th successive action of the operator K on f, i.e. K" ! (Kf;). Expres-
sion (2.27) allows to approximate the derivatives up to arbitrary order using finite
differences. Furthermore, we can take the k-th power of Eq. (2.27) in order to get an
approximate k-th derivative, (hD)* [7].

However, it turns out that the expansion (2.27) in terms of the central difference
A, does not optimally use the grid because it contains only odd powers of A.. For
instance, the third power Agfi includes the function values f;+3 and fi+; at ‘odd’
grid-points but ignores the function values f; and fi+, at ‘even’ grid-points. Since
this is true for all odd powers of A, we observe that the expansion (2.27) uses only
half of the grid. On the other hand, if one computes the square (hD)? of (2.27) only
‘even’ grid-points are used, while the ‘odd’ grid-points are ignored. This reduces
the accuracy of the method and an improvement is required. The easiest remedy

This representation of the shift operator T explains why the derivative operator D is frequently
referred to as the infinitesimal generator of translations [6].
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. . . 1, ; ) . .
is to formally introduce function values T%2f; = fiy, /2 at intermediate grid-points’
Xi+1/2 = x; £ h/2. This definition allows to introduce the central difference operator
d. of intermediate grid-points,

1 1 . hD
8 =T2—T 2 =2sinh 5 ) (2.28)
and the average operator:
1 1 1 hD
n=, (Tz 4T z) =cosh( ) ). (2.29)

The central difference operator A, on the grid is connected to the central difference
operator 4, of intermediate grid-points by:

Ae =218, (2.30)

To avoid the problem of Eq.(2.27) that only odd or even grid-points are accounted
for we replace all shift operators A./2 by §. and then multiply the right hand side
of Eq. (2.27) by w. This ensures that function values at intermediate grid-points will
not appear in the final expression. Hence, we obtain for the first order derivative
operator:

1 1
A+—2A%r+ AL F

3
D—1 A +1A2+1A3+ (2.31)
=, AT ,A0+ Al )

5. L us s
HOe = 3 HOc o+ g MO T -

When higher order derivatives are calculated, we replace, again, A./2 by §, and
multiply odd powers of §, by w. This procedure results, for instance, in the second
order derivative operator:

11
AL -AL+ AL F L
12
p= A ta (2.32)
V2 S P ’

1 8
5 — 8+ S0F ..
C 3L+456:F

"These intermediate grid-points are virtual, auxiliary grid-points which will be eliminated in due
course.
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In particular, we obtain for the central difference derivative

;S —Jim

2
f; o T o), (2.33)

and

" o__ fi+l - 2fi +fi—l
.f - hz

; + 0 . (2.34)
Here, 0'(h?) indicates that this term is of the order of 4> and we get the important
result that the truncation error is of the order &' (h?).%

2.5 Concluding Discussion

First of all, although Eq.(2.27) allows to approximate a derivative of any order k
arbitrarily close, it is still an infinite series which leaves us with the decision at
which order to truncate. This choice will highly depend on the choice of & which in
turn depends on the function we would like to differentiate. Consider, for instance,
the periodic function

f(x) = exp (iwx) , (2.35)
where @, x € R and i is the imaginary unit with i*> = —1. Its first derivative is
f (%) = iwexp (iwx) . (2.36)

We now introduce grid-points by
Xy = xo + kh , (2.37)

where h is the grid-spacing and xj is some finite starting point on the real axis.
Accordingly,

fi = explio(xo + kh)] , (2.38)

8The leading order of the truncation error can be determined by inserting the dominant contribution
of Egs. (2.28) and (2.29) into the remainder of Eqs. (2.31) and (2.32), respectively. For instance,
it follows from Eq.(2.29) that © ~ &'(1) and from Eq. (2.28) that §. ~ &'(h) and, hence, we
find with the help of Eq. (2.31) that u83/h ~ €'(h?). In analogue, we obtain from Eq. (2.32) that
§¢/* ~ O(h?).
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and the exact value of the first derivative is
fl = iwexpliw(xo + kh)] = iwfy . (2.39)

We calculate the forward, backward, and central difference derivatives according to
Egs. (2.10) and obtain

. ihw\ . hw
D_ fi = iwfy exp ) sinc E (2.40a)
with sinc(x) = sin(x)/x and
ih h
D_f; = iwf exp (—’ 2“’) sinc ( ;") , (2.40b)
and
D fi = iwfisinc(hw) . (2.40c)
We divide the approximate derivatives by the true value (2.39) and take the modulus.
We get
D D_ h
+,fk = /fk = sinc( a))’ (2.41)
Je i 2
and
D,
‘ ) = sinc(ho) . (2.42)
It

Since |sin(x)| < |x|, Vx € R we obtain that in all three cases this ratio is less
than one independent of 4, unless @ = 0. (Please keep in mind that sinc(x) — 1
as x — 0.) Hence, the first order finite difference approximations underestimate
the true value of the derivative. The reason is easily found: f(x) oscillates with
frequency w while the finite difference derivatives applied here approximate the
derivative linearly. Higher order corrections will, of course, improve the approxi-
mation significantly. Furthermore, we observe that the one-sided finite difference
derivatives (2.40a) and (2.40b) are exactly zero if hw = 2nmw, n € N, i.e. if the grid-
spacing & matches a multiple of the frequency 27w of the function f(x). The same
occurs when central derivatives (2.40c) are used, but now for ~w = mn. This is not
really a problem in our example because we choose the grid-spacing h < 27 /w in
order to approximate the function f(x) sufficiently well. However, in many cases the
analytic form of the function is unknown and we only have its representation on the
grid. In this case one has to check carefully by changing & whether the function is
periodic or not.
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We discuss, finally, how to approximate partial derivatives of functions which
depend on more than one variable. Basically this can be achieved by independently
discretisizing the function of interest in each particular variable and then by defining
the corresponding finite difference derivatives. We will briefly discuss the case of
two variables and the extension to even more variables is straight forward. We regard
a function g(x,y) where (x,y) € [a,b] X [c,d]. We denote the grid-spacing in x-
direction by &, and in y-direction by A,. The evaluation of derivatives of the form
;’;; g(x,y)or ;;n g(x,y) for arbitrary n are approximated with the help of the schemes
discussed above, only the respective grid-spacing has to be accounted for. We will
now briefly discuss mixed partial derivatives, in particular the derivative afﬂ;yg(x, y).
Higher orders can be easily obtained in the same fashion. Here, we will restrict to
the case of the central difference derivative. Again, the extension to the other two
forms of derivatives is straight forward. We would like to approximate the derivative
at the point (a + ihy, ¢+ jhy), which will be abbreviated by (i, ). Hence, we compute

d 0 1 d d
gy 8@V = gy = elny)| |+ O0)
y ox (i) x| oY +1p) %Y (i—1,)
L | git1+1 — &it1j-1 ’
= + O(h?)
2”*[ 2hy i

8i—1,j+1 — 8i—1,j—1 2
- — O(h;
on, ()

} + 0%, (2.43)
@i—1y)

where we made use of the notation g;; = g(x;,y;). Neglecting higher order
contributions yields

~ 1 git1j+1 — it1j—1 — &i—1j+1 T &i—1/—1
dy 8xg(x’ ) i = 2h, 2h, ' (244)
This simple approximation is easily improved with the help of methods developed
in the previous sections.

It should be noted that there are also other methods to approximate derivatives.
One of the most powerful methods, is the method of finite elements [8]. The
conceptual difference to the method of finite differences is that one divides the
domain in finite sub-domains (elements) rather than by replacing these by sets of
discrete grid-points. The function of interest, say g(x, y), is then replaced within each
element by an interpolating polynomial. However, this method is quite complex
and definitely beyond the scope of this book. Another interesting method, which is
particularly useful for the solution of hyperbolic differential equations, is the method
of finite volumes. The interested reader is referred to the book by R. J. LEVEQUE

[91.
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Summary

In a first step the notion of finite differences was introduced: All functions
are approximated only by their functional values at discrete grid-points and by
interpolation schemes between these points. This served as a basis for the definition
of finite difference derivatives. Three different types were discussed: the forward,
the backward, and the central difference derivative. A more systematic approach to
finite difference derivatives was then offered by the operator technique. It provided
ready to use equations which allowed to approximate a particular derivative of
arbitrary order to arbitrary order of grid-spacing. The two methodological errors
introduced by this method, namely the subtractive cancellation error due to too
dense a grid and the truncation error due to too coarse a grid were discussed in
detail.

Problems

. Derive Eq. (2.32).
. Calculate numerically the derivative of the function

N —

f(x) = cos(wix) 4+ exp(—x?/2) sin(wyx),

with w, = 0.5 and w, = 10w;. Use a non-uniform grid. Calculate locally the
relative error of your approximation.

3. Extend your code of the previous example to arbitrary w; < 10w, and w; = 0.5
by implementing an adaptive grid-spacing. In particular, write a routine which
recursively finds a suitable grid-spacing.

4. Consider the finite interval I = [—5, 5] on the real axis. Define N equally spaced

grid-points x; = x; + (i — 1)h, i = 1, ..., N. Investigate the functions
g(x) =exp(—x?) and h(x) = sin(x).

a. Plot these functions within the interval I by defining these functions on the
grid-points x;.

b. Plot the first derivative of these functions by analytical differentiation.

c. Calculate and plot the first derivatives of these functions by employing the first
order backward, forward, and central difference derivatives. For the central
difference derivative use an algorithm which is based on the grid-points x;—;
and x;4 rather than the method based on intermediate grid-points Xig 1+

d. Calculate and plot the first central difference derivatives of these functions
by employing second order corrections. These corrections can be obtained by
applying the sum representation of the derivative operator defined in Sect. 2.4,
last line of Eq. (2.31), i.e. take the term proportional to §? into account!
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e. Calculate the absolute and the relative error of the above methods. Note that
the exact values are known analytically.

f. Repeat the above steps for the second derivative of the function 4(x). For
the second order correction of the central difference derivative take the term
proportional to §* in Eq. (2.32) into account.

g. Try different values of N.

5. Consider the function:
f(x,y) = cos(x) exp(—y?).

a. Calculate numerically its gradient Vf(x,y) and compare with the analytical
result.

b. Demonstrate numerically that gradient fields are curl-free,i.e. V x Vf(x,y) =
0 for all x and y.
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Chapter 3
Numerical Integration

3.1 Introduction

Numerical integration is certainly one of the most important concepts in computa-
tional analysis since it plays a major role in the numerical treatment of differential
equations. Given a function f(x) which is continuous on the interval [a, b], one
wishes to approximate the integral by a discrete sum of the form

b N
/ def() ~ Y wif(x), 3.1)

i=1

where the w; are referred to as weights and x; are the grid-points at which
the function needs to be evaluated. Such methods are commonly referred to as
quadrature [1, 2].

We will mainly discuss two different approaches to the numerical integration of
arbitrary functions. We start with a rather simple approach, the rectangular rule. The
search of an improvement of this method will lead us first to the trapezoidal rule,
then to the SIMPSON rule and, finally, to a general formulation of the method, the
NEWTON-COTES quadrature. This will be followed by a more advanced technique,
the GAUSS-LEGENDRE quadrature. At the end of the chapter we will discuss an
elucidating example and briefly sketch extensions of all methods to more general
problems, such as integration of non-differentiable functions or the evaluation of
multiple integrals.

Another very important approach, which is based on random sampling methods,
is the so called Monte-Carlo integration. This method will be presented in Sect. 14.2.

© Springer International Publishing Switzerland 2016 31
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3.2 Rectangular Rule

The straight forward approach to numerical integration is to employ the concept of
finite differences developed in Sect. 2.2. We regard a smooth function f(x) within the
interval [a, b], i.e. f(x) € €*°[a, b]. The RIEMANN definition of the proper integral
of f(x) from a to b states that:

b h—a < b—a
dxf(x) = lim f(a+i ) (3.2)

We approximate the right hand side of this relation using equally spaced grid-points
X; € [a, b] according to Eq.(2.1) and find

b N—1
/ dxf(x) ~ h Y _f. (3.3)
a i=1

It is clear that the quality of this approach strongly depends on the discretization
chosen, i.e. on the values of x; as illustrated schematically in Fig.3.1. Again, a non-
uniform grid may be of advantage. We can estimate the error of this approximation
by expanding f(x) into a TAYLOR series.

We note that

b N—1 Xid1
[ e =% [ axreo. (3.4)
a i—1 Y%

Fig. 3.1 Illustration of the f(x)/
numerical approximation of a

proper integral according to

Eq.(3.3)

>

Y
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hence, the approximation (3.3) is equivalent to an estimate of the area in the unit
interval, the elemental area:

Xid1
dxf(x) ~ hf.. 3.5)

Furthermore, we find following Eq. (2.9a):

Xi

= fih + O(h). (3.6)

In this last step we applied the first mean value theorem for integration which states
that if f(x) is continuous in [a, b], then there exists a { € [a, b] such that

b
/ axf () = (b — )f ©). (3.7)

(We shall come back to the mean value theorem in the course of our discussion
of Monte-Carlo integration in Chap. 14.) Consequently, the error we make with
approximation (3.3) can be seen from Eq. (3.6) to be of the order &'(h?).

This procedure corresponds to a forward difference approach and, equivalently,
backward differences can be used. This results in:

b N
/ dxf(x) =hY_fi+ O0). (3.8)
a i=2
Let us now define the forward and backward rectangular rule by
i = hfi (3.9)
and
ilig = iy, (3.10)
respectively. Thus, we obtain from TAYLOR’s expansion that:
Xi4-1

h? h?
—_ Jt
dxf(x)—LIl+1+ 2f;/+ S'ﬁ//_'_

Xi

= —hzf’ +h3 T (3.11)
— idj41 2 i+1 31 i+1 :
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However, the use of central differences gives more accurate results as has already
been observed in Chap. 2 in which the differential operator was approximated. We
make use of the concept of intermediate grid-points (see Sect. 2.4) and consider the
integral

Xid1
dxf (), (3.12)

Xi
expand f(x) in a TAYLOR series around the midpoint x; +1 and obtain:

Xi+1 Xit-1

asf) = |

Xi

aelfiey + (v =) S

2
(v=2s1)

) Jiﬁ_%+ﬁ|:(x—xi+;)3:|

—h h3 /1
= fi+; + 24+

Xi

+

h3
= i1 + o flie (3.13)

Thus, the error generated by this method, the central rectangular rule, scales as
O'(h®) which is a significant improvement in comparison to Egs. (3.3) and (3.8).!
We obtain

b N—1
/ dxf(x) = hZfiH + 0. (3.14)

i=1

This approximation is known as the rectangular rule. It is illustrated in Fig.3.2.
Note that the boundary points x; = a and xy = b do not enter Eq.(3.14). Such a
procedure is commonly referred to as an open integration rule. On the other hand,
if the end-points are taken into account by the method it is referred to as a closed
integration rule.

'In this context the intermediate position x;4; is understood as a true grid-point. If, on the other
hand, the function value f; 1> is approximated by pufi+1/2, Eq. (2.29), the method is referred to as
the trapezoidal rule.
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Fig. 3.2 Scheme of the f(x)
rectangular integration rule
according to Eq. (3.14). Note

that boundary points do not

enter the evaluation of the I —>! h =
elemental areas : :
| |

I

. .
//

Y

3.3 Trapezoidal Rule

An elegant alternative to the rectangular rule is found when the area between two
grid-points is approximated by a trapezoid as is shown schematically in Fig.3.3.
The trapezoidal rule is obtained when the function values f; 1/, at intermediate grid-
points on the right hand side of the central rectangular rule (3.13) are approximated
with the help of ufi+1/2, Eq.(2.29). Thus, the elemental area is calculated from

Xi+1 h
| dxf(x) ~ 5 (fi +fi+1) - (3.15)
and we obtain:
b h N—1
[ e =) 3 4
a i=1
:h( ! +f2+...+fN_l+fN)
2 2
]’l N—1
=, i+ —i—h;ﬁ
= I} (3.16)

Note that this integration rule is closed, although the boundary points f] and fy
enter the summation (3.16) only with half the weight in comparison to all other
function values f;. This stems from the fact that the function values f; and fy
contribute only to one elemental area, the first and the last one. Another noticeable
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Fig. 3.3 Sketch of how the fOOA
elemental areas under the
curve f(x) are approximated
by trapezoids

>
X

feature of the trapezoidal rule is that, in contrast to the rectangular rule (3.14), only
function values at grid-points enter the summation, which can be desirable in some
cases.

The error of this method can be estimated by inserting expansion (2.9a) into
Eq. (3.16). One obtains for an elemental area:

h
iIiT+1 = 2 (fi +fi+1)

h? n
:hfi+2fi’+4fi”+.... (3.17)

On the other hand, we know from Eq. (3.6) that

Xi1 3

h? h
M= | = f == (3.18)

which, when inserted into (3.17), yields

T i h3 i
AL, = dxf(x) + ufi +.... (3.19)

Xi

Hence, we observe that the error induced by the trapezoidal rule is comparable to
the error of the rectangular rule, namely & (h*). However, since we do not have to
compute function values at intermediate grid-points, this rule may be advantageous
in many cases.

We remember from Chap.2 that a more accurate estimate of a derivative was
achieved by increasing the number of grid-points involved which in the case of
integration leads us to the SIMPSON rule.
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3.4 The SIMPSON Rule

The basic idea of the SIMPSON rule is to include higher order derivatives into the
expansion of the integrand. These higher order derivatives, which are primarily
unknown, are then approximated by expressions we obtained within the context of
finite difference derivatives. Let us discuss this procedure in greater detail. To this
purpose we will study the integral of f(x) within the interval [x;—;, x;+1] and expand
the integrand around the midpoint x;:

Xit1 Xit-1 —x)?
oo = [ el e+
()C_)Ci)3 111
L]
h3
= 2hf; + 3 '+ o0, (3.20)

Inserting Eq. (2.34) for /!’ yields

) = Wi+ G — 2+ i) + O

1 4 1
=h (3fi—1 + 3.ﬁ + 3ﬁ+1) + O(h°). (3.21)

Note that in contrast to the trapezoidal rule, the procedure described here is a three
point method since the function values at three different points enter the expression.
We can immediately write down the resulting integral from a to b. Since,

/abdxf(x) =/: dxf(X)—i-/xj de(X)-f-...—i-/x:Nz dxf(x), (3.22)

where we assumed that N is even and employed the discretization x; = xo + ih with
xo = a and xy = b. We obtain:

b h
/ dxf(x) = 3 (fo+4fi + 26 +4f + ...+ 2fv—a + dfv—1 +fx) + OF).
‘ (3.23)

This expression is exact for polynomials of degree n < 3 since the first term in
the error expansion involves the fourth derivative. Hence, whenever the integrand is
satisfactorily reproduceable by a polynomial of degree three or less, the SIMPSON
rule might give almost exact estimates, independent of the discretization 4.
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The arguments applied above allow for a straightforward extension to four- or
even more-point rules. We find, for instance,

Xi+3 3h
dxf(x) = g (: + 3fis1 + 3figr + figz) + O, (3.24)

Xi

which is usually called SIMPSON’s three-eight rule.

It is important to note that all the methods discussed so far are special cases of
a more general formulation, the NEWTON-COTES rules [2] which will be discussed
in the next section.

3.5 General Formulation: The NEWTON-COTES Rules

We define the LAGRANGE interpolating polynomial p,—;(x) of degree n — 1 [3-5]
to a function f(x) as’

par@) =Y LV (@), (3.25)
j=1
where
L Vw=T17 ™. (3.26)
=1 xj — Xk
ki

An arbitrary smooth function f(x) can then be expressed with the help of a
LAGRANGE polynomial of degree n by

()
F) = puoi(x) + ! E!(x)] (= x1) (= x2) - . (¥ — %) (3.27)

If we neglect the second term on the right hand side of this equation and integrate
the LAGRANGE polynomial of degree n — 1 over the n grid-points from x; to x, we
obtain the closed n-point NEWTON-COTES formulas. For instance, if we set n = 2,

>The LAGRANGE polynomial p,—; (x) to the function f(x) is the polynomial of degree n — 1 that
satisfies the n equations p,— (x;) = f(x;) forj = 1,..., n, where x; denotes arbitrary but distinct
grid-points.
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then

p10) = ALV 0) + AL (x)
X — X2 X— X

1 2
X1 — X2 X2 — X1
1
= [x(fa —f1) —x1fa + x2fi], (3.28)

with fi = f(x;) and f, = f(x). Integration over the respective interval yields

X2

. |
/ dpit) = | [2 (s —f1) + x(Cof —foz)}

h
=5 2+ 1 . (3.29)

which is exactly the trapezoidal rule. By setting n = 3 one obtains SIMPSON’s rule
and setting n = 4 gives the SIMPSON’s three-eight rule.

The open NEWTON-COTES rule can be obtained by integrating the polynomial
Pn—1(x) of degree n — 1 which includes the grid-points xy, . .., x, from xy to x,+;.
The fact that these relations are open means that the function values at the boundary
points xp = x; — h and x,41 = X, + h do not enter the final expressions. The
simplest open NEWTON-COTES formula is the central integral approximation which
we encountered as the rectangular rule (3.14). A second order approximation is
easily found with help of the two-point LAGRANGE polynomial (3.28)

X3

. -
/ a0y =, [z(fz _f) + 2 —xlfz)}

0

3h
=, 2 +A1] - (3.30)

Higher order approximations can be obtained in a similar fashion. To conclude
this section let us briefly discuss an idea which is referred to as ROMBERG’s
method [6].

So far, we approximated all integrals by expressions of the form

[=9N+0mm), (3.31)
where I is the exact, unknown, value of the integral, .# N is the estimate obtained

from an integration scheme using N grid-points, and m is the leading order of the
error. Let us review the error of the trapezoidal approximation: we learned that the
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error for the integral over the interval [x;, x;41] scales like /. Since we have N such
intervals, we conclude that the total error behaves like (b — a)h?. Similarly, the error
of the three-point STIMPSON rule is for each sub-interval proportional to /> and this
gives in total (b — a)h*. We assume that this trend can be generalized and conclude
that the error of an n-point method with the estimate .7, behaves like h?~2_ Since,
h o« N~! we have

Cn
_ N
I= j" + NZn—Z ’

(3.32)
where Cy depends on the number of grid-points N. Let us double the amount of
grid-points and we obtain:

Con
= 9N )
n Tt (2N)2n—2

(3.33)
Obviously, Egs. (3.32) and (3.33) can be regarded as a linear system of equations in
I and Cif Cy &~ Cyy ~ C. Solving Eqgs. (3.32) and (3.33) for [ yields

1

Iz4n_1_1(

grt 2N — g Ny (3.34)
It has to be emphasized that in the above expression [ is no longer the exact value
because of the approximation Cy =~ C. However, it is an improvement of the
solution and it is possible to demonstrate that this new estimate is exactly the value
one would have obtained with an integral approximation of order n + 1 and 2N
grid-points! Thus
2N n—1 z2N N
fn+1=4n_1_1(4 g, —fn) (3.35)
This suggests a very elegant and rapid procedure: We simply calculate the integrals
using two point rules and add the results according to Eq. (3.35) to obtain more-point
results. For instance, calculate fzz and ff, add these according to Eq. (3.35) and
get #;. Now calculate .75, add .7}, get .#3, add .#;' and get .#}. This pyramid-like
procedure can be continued until convergence is achieved, thatis |7 — 7N, || <€

where € > 0 can be chosen arbitrarily. An illustration of this method is given in
Fig.3.4.
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9(2,2)

F(2,4) T=934)

N

I(2,8) —>I(3,8)—>95(4,8)

< X )

Fig. 3.4 Tllustration of the ROMBERG method. Here, the .# (m, n) are synonyms for integrals .7
where the first index m refers to the order of the quadrature while the second index n refers to the
number of grid-points used. Note that we only have to use a second order integration scheme (/eft
row inside the box), all other values are determined via Eq. (3.35) as indicated by the arrows

3.6 GAUSS-LEGENDRE Quadrature

In preparation for the GAUSS-LEGENDRE quadrature we introduce a set of orthogo-
nal LEGENDRE polynomials P, (x) [3, 4, 7, 8] which are solutions of the LEGENDRE
differential equation

(1 = %) P} (x) — 2xP}(x) + £(£ + 1)Py(x) = 0. (3.36)

This equation occurs, for instance, when the LAPLACE equation Af(x) = 0 is
transformed to spherical coordinates. Here, we will introduce the most important
properties of LEGENDRE polynomials which will be required for an understanding
of the GAUSS-LEGENDRE quadrature.

LEGENDRE polynomials are given by

o0
Pex) =) e, (3.37)
k=0

where the coefficients ay ¢ can be determined recursively:

k(k + 1) — €€ + 1)

(k+ Dk+2) & (3.38)

Ak+2,4 =

Hence, for even values of £ the LEGENDRE polynomial involves only even powers
of x and for odd £ only odd powers of x. Note also that according to Eq. (3.38) for
k > £ the coefficients are equal to zero and, thus, it follows from Eq. (3.37) that the
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P¢(x) are polynomials of degree £. Furthermore, the LEGENDRE polynomials fulfill
the orthonomality condition

1
2
dxP, Py = ’ .
/_1 WP =, B (3.39)

where §; is KRONECKER’s delta. One obtains, in particular,

Py(x) =1, (3.40)
and

Pi(x) =x. (3.41)

Another convenient way to calculate LEGENDRE polynomials is based on
RODRIGUES’ formula

¢

a

2-1)". (3.42)

1
P = gy gt

We focus now on the core of the GAUSS-LEGENDRE quadrature and introduce
the function F(x) as a transform of the function f(x)

F(x)=b;af(b;ax+b;a), (3.43)

in such a way that we can rewrite the integral of interest as:

b 1
/ dxf(x) = /—1 dxF (x). (3.44)

If the function F'(x) can be well approximated by some polynomial of degree 2n—1,
like

F(X) ~ p2n—l(x) s (345)

then this means that according to TAYLOR’s theorem (2.7) the error introduced
by this approximation is proportional to F®"(x). If the polynomial p,_i(x) is
explicitly given then we can apply the methods discussed in the previous sections
to approximate the integral (3.44). However, even if the polynomial is not explicitly
given we write the integral (3.44) as

1 n
/ dxF(x) = Y wiF(x) . (3.46)
-1 i=1
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with weights w; and grid-points x;, i = 1,...,n which are yet undetermined!
Therefore, we will determine the weights w; and grid-points x; in such a way, that the
integral is well approximated even if the polynomial p,,—; in Eq. (3.45) is unknown.
For this purpose we decompose p,—; (x) into

p2n—l(x) = pn—l(—x)Pn(x) + Qn—l(x) s (3.47)

where P,(x) is the LEGENDRE polynomial of degree n and p,—;(x) and g,—(x) are
polynomials of degree n — 1. Since p,— (x) itself is a polynomial of degree n — 1, it
can also be expanded in LEGENDRE polynomials of degrees up ton — 1 by

n—1
Pa1(®) = D aiPi() . (3.48)
i=0

Using Eq. (3.48) in (3.47) we obtain together with normalization relation (3.39)

1 n—l 1 1 1
/_ i) = ;ai /_ AP + /_ g () = /_ s
(3.49)

Moreover, since P,(x) is a LEGENDRE polynomial of degree n it has n-zeros in the
interval [—1, 1] and Eq. (3.47) results in

Pan—1(xi) = gn—1(xi) , (3.50)

where x1, x2, ..., x, denote the zeros of P,(x) and these zeros determine the grid-
points of our integration routine. It is interesting to note, that these zeros are
independent of the function F(x) we want to integrate. We also expand ¢,—;(x) in
terms of LEGENDRE polynomials

n—1
Gr1(0) = Y biPi(x) (3.51)
i=0

and use it in Eq. (3.50) to obtain

n—1

Pa—1(x;) = Zkak(xi) , i=1,...,n, (3.52)
=0
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which can be written in a more compact form by defining p; = p»,—(x;) and Py; =
Pk (xi):

n—1
pi:Zkaki’ lzl,,n (353)
k=0

It has to be emphasized again that the grid-points x; are independent of the
polynomial p,,—i(x) and, therefore, independent of F(x). Furthermore, we can
replace p; &~ F(x;) = F; according to Eq.(3.45). We recognize that Eq. (3.53)
corresponds to a system of linear equations which can be solved for the weights
br. We obtain

be=Y F[P7'], . (3.54)
i=1

where P is the matrix P = {Py;}, which is known to be non-singular. We can now
rewrite the integral (3.44) with the help of Eqs. (3.45), (3.49), and (3.51) together
with the properties of the zeros of LEGENDRE polynomials [7, 8] as

n—1
/lldxF(x) ~ /11 dx pon_i (x) = Zbkflldek(x) . (3.55)
- - = /-
Since Py(x) = 1 according to Eq. (3.40), we deduce from Eq. (3.39)
1 1 2
/;1 dek(x) = /;1 dek(x)Po(x) = 2k + 18k0 = 25k0 . (356)
Hence, Eq. (3.55) reads
1 n
/_ldxF(x) ~2bp=2) Fi[P7'], . (3.57)

i=1
By defining

w; =2[P7'] (3.58)

i0

we arrive at the desired expansion

1 n
/ dxF(x) ~ Y w;F; . (3.59)
-1 i=1
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Moreover, since we approximated F(x) by a polynomial of degree 2n — 1, the
GAUSS-LEGENDRE quadrature is exact for polynomials of degree 2n — 1, i.e.
the error is proportional to a derivative of F(x) of order 2n. Furthermore, expres-
sion (3.58) can be put in a more convenient form. One can show that

2
w; = (3.60)

(-2 [P

where

P (x;) = diP,,(x) ) (3.61)

X=X;

Let us make some concluding remarks. The grid-points x; as well as the weights
w; are independent of the actual function F(x) we want to integrate. This means,
that one can table these values once and for all [7, 8] and use them for different
types of problems. The grid-points x; are symmetrically distributed around the
point x = 0, i.e. for every x; there is a —x;. Furthermore, these two grid-points
have the same weight w;. The density of grid-points increases approaching the
boundary, however, the boundary points themselves are not included, which means
that the GAUSS-LEGENDRE quadrature is an open method. Furthermore, it has to be
emphasized that low order GAUSS-LEGENDRE parameters can easily be calculated
by employing relation (3.42). This makes the GAUSS-LEGENDRE quadrature the
predominant integration method. In comparison to the trapezoidal rule or even
the ROMBERG method, it needs in many cases a smaller number of grid-points,
is simpler to implement, converges faster and yields more accurate results. One
drawback of this method is that one has to compute the function F(x) at the zeros of
the LEGENDRE polynomial x;. This can be a problem if the integrand at hand is not
known analytically.

It is important to note at this point that comparable procedures exist which
use other types of orthogonal polynomials, such as HERMITE polynomials. This
procedure is known as the GAUSS-HERMITE quadrature.

Table 3.1 lists the methods, discussed in the previous sections, which allow to
calculate numerically an estimate of integrals of the form:

b
/ drf(x) (3.62)

Equal grid-spacing 4 is assumed, with the GAUSS-LEGENDRE method as the only
exception. The particular value of /& depends on the order of the method employed
and is given in Table 3.1.
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Table 3.1 Summary of the quadrature methods discussed in this chapter applied to the integral

fab dxf(x). For a detailed description consult the corresponding sections. Equal grid-spacing is
assumed for all methods except for the GAUSS-LEGENDRE quadrature. The explicit values of &
depend on the order of the method and are listed in the table. Furthermore, we use x; = a + ik and
denote f(x;) = f.. The function P (x) which appears in the description of the NEWTON-COTES
rules denotes the m-th order LAGRANGE interpolating polynomial and P, (x) is the m-th degree
LEGENDRE polynomial

n h B4 Method Comment
1 ”;" hfi Rectangular Open

2 b—a ; (fo + f1) Trapezoidal Closed

3 ba "o+ 4+ 1) SIMPSON Closed

4 b W (fo+3fi + 3+ 1) SIMPSON } Closed

m b S P (x) NEWTON-COTES Closed

m i S deP™ (x) NEWTON-COTES Open

m P(x) =0 PO of (z) GAUSS-LEGENDRE Open

__ a+b a—b ...
="+ %

2
w; =
T =)

3.7 An Example

Let us discuss as an example the following proper integral:
bodx
I = / =1In(3) — In(1) ~ 1.09861 . (3.63)
—1 X + 2

We will now apply the various methods of Table 3.1 to approximate Eq. (3.63). Note
that these methods could give better results if a finer grid had been chosen. However,
since this is only an illustrative example, we wanted to keep it as simple as possible.
The rectangular rule gives

1
Sr=1-,=05. (3.64)

the trapezoidal rule

f—z 1+1 —4—1333 (3.65)
T—21 3 —3—. ey .

and an application of the SIMPSON rule yields

1/1 4 1 10
S = = =1.111.... 3.66
A 3(1+2+3) (3.66)
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Finally, we apply the GAUSS-LEGENDRE quadrature in a second order approxima-
tion. We could look up the parameters in [7, 8], however, for illustrative reasons we
will calculate those in this simple case. For a second order approximation we need
the LEGENDRE polynomial of second degree. It can be obtained from RODRIGUES’
formula (3.42):

1 &

2
2rge &)

Py(x) =

= ; (3x*—1) . 3.67)

In a next step the zeros x; and x, of P,(x) are determined from Eq. (3.67) which
results immediately in:

1
X2 = iJ3 ~ £0.57735 . (3.68)

The weights w; and w, can now be evaluated according to Eq. (3.60):

2

w; = 5 - (3.69)
(1 =x) [Py(x)]
It follows from Eq. (3.67) that
Py(x) = 3x, (3.70)
and, thus,
Py(x1) = —+/3 and  Ph(x)) = /3. (3.71)
This is used to calculate the weights from Eq. (3.69):
w] = Wy = 1. (372)

We combine the results (3.68) and (3.72) to arrive at the GAUSS-LEGENDRE
estimate of the integral (3.63):

1

I
V3 V3

FoL = = 1.090909... . (3.73)

Obviously, a second order GAUSS-LEGENDRE approximation results already in a
much better estimate of the integral (3.63) than the trapezoidal rule which is also
of second order. It is also better than the estimate by the SIMPSON rule which is of
third order.
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3.8 Concluding Discussion

Let us briefly discuss some further aspects of numerical integration. In many cases
one is confronted with improper integrals of the form

/a ) b7 /_ oo df(x), or /_ Z dxf(x) . (3.74)

The question arises whether or not we can treat such an integral with the methods
discussed so far. The answer is yes, it is possible as we will demonstrate using the
integral

I= / - dxf(x) . (3.75)

as an example; other integrals can be treated in a similar fashion. We rewrite
Eq.(3.75) as

b
1= lim / dxf(x) = lim 1(b) . (3.76)

One now calculates I(b;) for some b; > a and I(b,) for some by > by. If |I(by) —
I(b1)| < €, where € > 0 is the required accuracy, the resulting value I(b,) can
be regarded as the appropriate estimate to I.> However, in many cases it is easier
to perform an integral transform in order to map the infinite interval onto a finite
interval. For instance, consider [9]

© 1
I:/ dx Y - (3.77)
0 (1+x2)3
The transformation
t = ! (3.78)
I '
gives
1 tg
I:/ dr . - (3.79)
o [P+0A-0%

3Particular care is required when dealing with periodic functions!
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Thus, we mapped the interval [0,00) — [0, 1]. Integral (3.79) can now be
approximated with help of the methods discussed in the previous sections. These can
also be applied to approximate convergent integrals whose integrand shows singular
behavior within [a, b].

If the integrand f (x) is not smooth within the interval I : x € [a, b] we can split the
total integral into a sum over sub-intervals. For instance, if we consider the function

x cos(x), x <0,
x sin(x), x>0,

f(x) ={

we can calculate the integral over the interval I : x € [—10, 10] as

10 0 10
dxf(x) = / dx x cos(x) + dxxsin(x) .
10 -10 0

We generalize this result and write

Jasso =3 [asseo. (3.50)

k

with sub-intervals I; € I, Vk and the integrand f(x) is assumed to be smooth within
each sub-interval I; but not necessarily within the interval /. We can then apply one
of the methods discussed in this chapter to calculate an estimate of the integral over
any of the sub-intervals /.

Similar to the discussion in Sect. 2.5 about the approximation of partial deriva-
tives on the basis of finite differences, one can apply the rules of quadrature
developed here for different dimensions to obtain an estimate of multi-dimensional
integrals. However, the complexity of the problem is significantly increased if the
integration boundaries are functions of the variables rather than constants. For
instance,

b 2(x)
[a ] sy, (3.81)
a @1(x)

Such cases are rather difficult to handle and the method to choose depends highly
on the form of the functions ¢ (x), 2 (x) and f(x, y). We will not deal with integrals
of this kind because this is beyond the scope of this book. The interested reader is
referred to books by DAHLQUIST and BJORK [10] and by PRESS et al. [11].

In a final remark we would like to point out that it can be of advantage to utilize
the properties of FOURIER transforms when integrals of the convolution type are to
be approximated numerically (see Appendix D).
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Summary

The starting point was the concept of finite differences (Sect.2.2). Based on this
concept proper integrals over smooth functions f(x) were approximated by a sum
over elemental areas with the elemental area defined as the area under f(x) between
two consecutive grid-points. The simplest method, the rectangular rule, was based
on forward/backward differences. It was a closed method, i.e. the functional values
at the boundaries were included. On the other hand, a rectangular rule based on
central differences was an open method, i.e. the functional values at the boundaries
were not included. Application of the TAYLOR expansion (2.7) revealed that the
methodological error of the rectangular rule was of order & (h?). With the elemental
area approximated by a trapezoid we arrived at the trapezoidal rule. It was a closed
method and the methodological error was of order &'(h*). The inclusion of higher
order derivatives of f(x) allowed the derivation of the SIMPSON rules of quadrature.
They resulted a remarkable reduction of the methodological error. A more general
formulation of all these methods was based on the interpolation of the function f(x)
using LAGRANGE interpolating polynomials of degree n and resulted in the class
of NEWTON-COTES rules. For various orders of n of the interpolating polynomial
all the above rules were derived. Within this context a particularly useful method,
the ROMBERG method, was discussed. By adding diligently only two-point rules
the error of the numerical estimate of the integral has been made arbitrarily small.
An even more general approach was offered by the GAUSS-LEGENDRE quadrature
which used LEGENDRE polynomials of degree £ to approximate the function f(x).
The grid-points were defined by the zeros of the £-th degree polynomial and the
weights w; in Eq. (3.1) were proportional to the square of the inverse first derivative
of the polynomial. This method had the enormous advantage that the grid-points
and weights were independent of the function f(x) and, thus, could be determined
once and for all for any polynomial degree £. Error analysis proved that this method
had the smallest methodological error.

Problems

We consider the interval / = [—5, 5] together with the functions g(x) and A(x):
g(x) =exp(—x*) and h(x) = sin(x) .
We discretize the interval I by introducing N equally spaced grid-points. The

corresponding N—1 sub-intervals are denoted by ;,j = 1, ... N—1. In the following
we wish to calculate estimates of the integrals

S = /dxg(x) and S = /dxh(x) .
1 1
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Furthermore, we add a third integral of the form

Iy = /Idxhz(x) = /Idx sin?(x) ,

to our discussion.

1.

Evaluate .#; with the help of the error function erf(x), which should be supplied
by the environment you use as an intrinsic function. Note that the error function
is defined as

erf(x) = \/271 /OX dzexp(—z?). (3.82)

Hence you should be able to express .#; in terms of erf(x).

. Calculate .#, and .%; analytically.
. In order to approximate %], .%, and .%; with the help of the two second order

methods we discussed in this chapter, employ the following strategy: First the
integrals are rewritten as

/Idx.:zi: z,dx"

where - is a placeholder for g(x), #(x) and A?(x) and I;, i = 1,..., N are suitable
intervals. In a second step the integrals are approximated with (i) the central
rectangular rule and (ii) the trapezoidal rule.

. In addition, we approximate the integrals .#}, .%, and %3 by employing SIMP-

SON’s rule for odd N. Here

/dx-: dr -+ dx'—l—...—}—/ dx -,
1 LUl LUl In—2UIn—

is used as it was discussed in Sect. 3.4.

. Compare the results obtained with different algorithms and different numbers of

grid-points, N. Plot the absolute and the relative error as a function of N.

. Approximate numerically the integral

1= /_:dxg(x).

. Calculate the integral over the function

y?
f(x,y) = exp (— 5 ) cos(x)
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within the intervals x € [—10m, 10x] and y € [—10, 10] with the help of an
approximation of your choice.

8. Demonstrate numerically that the line integral over closed loops % of the
function f(x, y) of the previous problem vanishes:
95 ds- Vf(x,y) = 0.
¢
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Chapter 4
The KEPLER Problem

4.1 Introduction

The KEPLER problem [1-6] is certainly one of the most important problems in the
history of physics and natural sciences in general. We will study this problem for
several reasons: (i) it is a nice demonstration of the applicability of the methods
introduced in the previous chapters, (ii) important concepts of the numerical
treatment of ordinary differential equations can be introduced quite naturally, and
(iii) it allows to revisit some of the most important aspects of classical mechanics.

The KEPLER problem is a special case of the two-body problem which is
discussed in Appendix A. Let us summarize the main results. We consider two
point particles interacting via the rotationally symmetric two body potential U
which is solely a function of the distance between the particles. The symmetries
of this problem allow several simplifications: (i) The problem can be reduced to
the two dimensional motion of a point particle with reduced mass m in the central
potential U. (ii) By construction, the total energy E is conserved. (iii) The length £
of the angular momentum vector is also conserved because of the symmetry of the
potential U. Due to this rotational symmetry it is a natural choice to describe the
particle’s motion in polar coordinates (p, ¢).

The final differential equations which have to be solved are of the form

. 14
¢ = 5 4.1)
mp
and
. 2 £2
¢ [e-vo-,"] 2
m 2mp
© Springer International Publishing Switzerland 2016 53
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Here, one usually defines the effective potential

62
Ue(p) = Up) + . (4.3)
mp

as the sum of the interaction potential and the centrifugal barrier Uyom(p) =
{2/2mp*. Equation (4.2) can be transformed into an implicit equation for p

p 2 2
t=ty+£ / dp’ { [E - Ueff(p/)]} , (4.4)
P0 m
with pg = p(2) the initial condition at time fy. Furthermore, the angle ¢ is related
to the radius p by

P 2 , 2
p=@x | dp' " 3 [E-Ues(p)]; (4.5)
po  MOT LM
with the initial condition ¢y = ¢(#)).
The KEPLER problem is defined by the gravitational interaction potential
o

U(p)z—p, a>0. (4.6)

For this case, we show in Fig. 4.1 schematically the effective potential (4.3) (solid
black line), together with the gravitational potential U(p) (dashed-dotted line) and
the centrifugal barrier Upon (dashed line). The gravitational potential (4.6) is now

20

1.0

1
°
o

©
o
—
1
\
i
3

U(p)/IU 4Pyl
U_o(PYIU 4(py)]

plp,

Fig. 4.1 Schematic illustration of the effective potential Ueg(0)/Uett(00) Vs p/ po (solid line, right
hand scale). Here, py is the distance of the minimum in Ue(p). Ugrav(0) (dashed-dotted line)
denotes the gravitational contribution while Uyom (0) (dashed line) denotes the centrifugal barrier.
Both potentials are normalized to U.g(po) (Left hand scale applies)
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inserted into Eq. (4.5):

1

p ¢ I2 o 2\
=g = do’ E+ - . 4.7
v /po P mpr? [m ( o 2mp/2)} @7

The substitution u = 1/ p simplifies Eq. (4.7) to
_ /"2 qu[2mE |, 2me = “s)
= u u—u N .
¥ =¢%o u 2”2 2”2

where the integration boundaries u; and u, are 1/py and 1/p, respectively. The
integral can now be evaluated with the help of a simple substitution' and we obtain
the angle ¢ as a function of p:

l mo

¢ = @y +cos! rot " + const . (4.9)
\/2mE + "3

This solution can conveniently be characterized by the introduction of two parame-
ters, namely

EZ
a= (4.10)
mo
and the eccentricity e
2E(?
e=/1+ 5 4.11)
mo

Hence, by neglecting the integration constant and setting ¢y = 0 we arrive at

T~ 14 ecos(p) (4.12)
0

as the final form of Eq. (4.9). It describes for e > 1 a hyperbola, for e = 1 a parabola,
and for e < 1 an ellipse. The case e = 0 is a special case of the ellipse and describes
a circle with radius p = a. A more detailed discussion of this result, in particular the

'In particular, we substitute

_ ma\ (2mE  mPa?\ 2
w—(u— 62) 2 + ¢4 .



56 4  The KEPLER Problem

derivation of KEPLER’s laws can be found in any textbook on classical mechanics
[1-6]. We discuss now some numerical aspects.

4.2 Numerical Treatment

In the previous section we solved the KEPLER problem by evaluating the inte-
grand (4.7) expressing the angle ¢ as a function of the radius p. However, in this
section we aim at solving the integral equation (4.4) numerically with the help of
the methods discussed in the previous chapter. Remember that Eq. (4.4) expresses
the time ¢ as a function of the radius p. This equation has to be inverted, in order to
obtain p(f), which, in turn, is then inserted into Eq. (4.1) in order to determine the
angle ¢(r) as a function of time. This discussion will lead us in a natural way to the
most common techniques applied to solve ordinary differential equations, which is
of no surprise since Eq. (4.4) is the integral representation of Eq. (4.2).

We give a short outline of what we plan to do: We discretize the time axis in
equally spaced time steps At, i.e. t, = ty + nAt. Accordingly, we define the radius
p attime t = t, as p(f,) = p,. We can use the methods introduced in Chap. 3 to
approximate the integral (4.4) from some p, to p,+1. According to this chapter the
absolute error introduced will behave like § = |p, — p,+1|X where the explicit value
of K depends on the method used. However, since the radius p changes continuously
with time ¢ we know that for sufficiently small values of Ar the error § will also
become arbitrarily small. If we start from some initial values fy and py, we can
successively calculate the values py, ps , ..., by applying a small time step Ar.

Let us start by rewriting Eq. (4.4) as:

P
1—1y = / do'f(p') . (4.13)
P

0

As we discretized the time axis in equally spaced increments and defined p, = p(%,),
we can rewrite (4.13) as

Pn+1
At =ty — ) = / do'f () . (4.14)

The forward rectangular rule, (3.9), results in the approximation

At = (Put1 = ) f(Pn) - (4.15)
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We solve this equation for p,4; and obtain

Pnt1 = h(pn) At + pn (4.16)
where we defined
hp) =, —\/2[E—U<)] (4.17)
1Y _f(,o) =\ eff\P)] » .

following Eqgs. (4.2) and (4.3). As Eq. (4.4) is the integral representation of the ordi-
nary differential equation (4.2), approximation (4.16) corresponds to the approxi-
mation

Dy pn = h(pn) (4.18)

where D4 p, is the forward difference derivative (2.10a). Since the left hand side
of the discretized differential equation (4.18) is independent of p,, this method
is referred to as an explicit method. In particular, consider an ordinary differential
equation of the form

y=F(@). (4.19)

Then the approximation method is referred to as an explicit EULER method if it is
of the form

Y1 = Yo+ F(Yn)At . (420)

Note that y might be a vector.
Let us use the backward rectangular rule (3.10) to solve Eq. (4.14). We obtain

gt = tn = (Pnt1 — 0n) [ (Pn41) (4.21)
or equivalently
Pnt1 = Pn + h(pnt1) At . (4.22)
Again, this corresponds to an approximation of the differential equation (4.2) by
D_put1 = h(pps1) » (4.23)

where D_(p,+1) is the backward difference derivative (2.10b). In this case the
quantity of interest p,4; still appears in the argument of the function A(p) and
Eq. (4.22) is an implicit equation for p,+; which has to be solved. In general, if
the problem (4.19) is approximated by an algorithm of the form

Ynt+1 = Yn + F(Yn+l)At ’ (4.24)



58 4  The KEPLER Problem

it is referred to as an implicit EULER method. Note that the implicit equation (4.24)
might be analytically unsolvable. Hence, one has to employ a numerical method to
solve (4.24) which will also imply a numerical error. However, in the particular case
of Eq. (4.22) we can solve it analytically since it is a fourth order polynomial in p,,+
of the form

2EAP 20A? A2
)PﬁH— " Ont1 + . =0. (425

Prvr = 20nPp1 1 + (pﬁ -

The solution of this equation is quite tedious and will not be discussed here,
however, the method one employs is referred to as FERRARI’s method [7].

A natural way to proceed is to regard the central rectangular rule (3.13) in a next
step. Within this approximation we obtain for Eq. (4.13)

n + n
At = (pn+l - pn)f (p +12 P ) s (426)
which is equivalent to the implicit equation
n + n
Prti =pn+h(p ) P )At. (4.27)

It can be written as an approximation to Eq. (4.2) with help of the central difference
derivative Do, 1

Depyyr = h(p”“ +'°”) . (4.28)
2 2
In general, for a problem of the form (4.19) a method of the form
n + n
Yokt =Yu + F (y “2 > ) At (4.29)

is referred to as the implicit midpoint rule. We note that this method might be more
accurate since the error of the rectangular rule scales like &'(Af?) while the error of
the forward and backward rectangular rules scale like &'(Af). Nevertheless, in case
of the KEPLER problem, one can solve the implicit equation (4.27) analytically for
Pn+1 Which is certainly of advantage.

In this chapter the KEPLER problem was instrumental in introducing three
common methods which can be employed to solve numerically ordinary differential
equations of the form (4.19). More general and advanced methods to solve ordinary
differential equations and a more systematic description of these methods will be
offered in the next chapter.

However, let us discuss another point before proceeding to the chapter on
the numerics of ordinary differential equations. As demonstrated in Sect. 1.3 the
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approximation of the integral (4.4) involves a numerical error. What will be the con-
sequence of this error? Since we demonstrated that the approximations we discussed
result in a differential equation in finite difference form, i.e. Egs. (4.18), (4.23),
and (4.27), we know that the derivative p will exhibit an error. Consequently, energy
conservation [see Appendix A, Eq. (A.27)] will be violated with the implication that
deviations from the trajectory (4.12) can be expected. This is definitely not desirable.

A solution is provided by a special class of methods, known as symplectic
integrators, which were specifically designed for such cases. They are based on
a formulation of the problem using HAMILTON’s equations of motion. (See, for
instance, Refs. [1-5].) In the particular case of the KEPLER problem the HAMILTON
function is equivalent to the total energy of the system and reads (in some scaled
units):

H(p,q) = 171 + Pz (4.30)

\/‘11"‘42

Here p = (pi, p») are the generalized momentum coordinates of the point particle
in the two-dimensional plane and (g1, ¢») are the generalized position coordinates.
From this HAMILTON’s equations of motion

p =V H(p, q) b(q.p)
follow, where the functions a(q, p) and b(q, p) have been introduced for a more

convenient notation. Note that these functions are two dimensional vectors in the
case of KEPLER’s problem. The so called symplectic EULER method is given by

dnt+1 = qn + a(qn: put+1) At ,
Dn+1 = DPn + b(anPn+l)At . (432)

Obviously, the first equation is explicit while the second is implicit. An alternative
formulation reads

dnt+1 = qn + a(Gnt1,Pn) AL ,
Pn+1 = DPn + b(on+1,Pn)Al‘ s (433)

where the first equation is implicit and the second equation is explicit. Of course,
Eq. (4.31) may be solved with the help of the explicit EULER method (4.20), the
implicit EULER method (4.24) or the implicit midpoint rule (4.29). The solution
should be equivalent to solving Eq.(4.4) with the respective method and then
calculating (4.1) successively. Again, a more systematic discussion of symplectic
integrators can be found in the following chapters.
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Let us conclude this chapter with a final remark. We decided to solve Egs. (4.4)
and (4.1) because we wanted to reproduce the dynamics of the system, i.e. we
wanted to obtain p(¢f) and ¢(¢). This directed us to the numerical solution of
two integrals. If we wanted to employ symplectic methods, which provide several
advantages, we would have to solve four differential equations (4.31) instead of
two integrals. Moreover, if we are not interested in the time evolution of the
system but in the form of the trajectory in general, we could simply evaluate the
integral (4.5) analytically or, if an analytical solution is not feasible for the potential
U(p) one is interested in, numerically. Methods to approximate such an integral
were extensively discussed in Chap. 3.

Summary

KEPLER’s two-body problem was used as an incentive to introduce intuitively
numerical methods to solve ordinary first order differential equations. To serve this
purpose the basic differential equations were transformed into integral form. These
integrals were then solved with the help of the rules discussed in Sect.3.2. Three
basic methods have been identified, namely the explicit EULER method (based
on the forward difference derivative), the implicit EULER method (based on the
backward difference derivative), and the explicit midpoint rule (based on the central
rectangular rule). Shortcomings of such methods have been discussed briefly as
were remedies to overcome these.

Problems

1. Planetary-Orbits: Apply the methods of numerical integration to the integral (4.4)
and compare it to the analytical result. Identify the three different cases of elliptic,
parabolic or hyperbolic orbits by varying the initial conditions.

2. LENNARD-JONES Scattering: Consider the scattering of two point particles
which interact via the LENNARD-JONES potential U(r) = 40[(e/r)'? — (¢/r)%]
with o, ¢ > 0 (see Chapter 7). Calculate the orbit ¢(p).

3. Harmonic-Motion: Consider the motion of a point particle in the radial har-
monic oscillator U(p) = mw?p?/2. According to BERTRAND’s theorem (see
Refs. [1-3]) the particle’s trajectories should be closed orbits. Demonstrate this
numerically as well as analytically.
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Chapter 5
Ordinary Differential Equations: Initial Value
Problems

5.1 Introduction

This chapter introduces common numeric methods designed to solve initial value
problems. The discussion of the KEPLER problem in the previous chapter allowed
the introduction of three concepts, namely the implicit EULER method, the explicit
EULER method, and the implicit midpoint rule. Furthermore, we mentioned the
symplectic EULER method. In this chapter we plan to put these methods into a more
general context and to discuss more advanced techniques.

Let us define the problem: We consider initial value problems of the form

{ v =f0.1,
5.1

y(©0) =0,

where y(f) = y is an n-dimensional vector and yy is referred to as the initial value
of y. Some remarks about the form of Eq. (5.1) are required:

(i) We note that by posing Eq. (5.1), we assume that the differential equation is
explicit in y, i.e. initial value problems of the form

GO =f(.1),
y(0) =yo,

5.2)

are only considered if G(y) is analytically invertible. For instance, we will not
deal with differential equations of the form

y+log(y) =1. (5.3)
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(il) We note that Eq. (5.1) is a first order differential equation in y. However, this
is in fact not a restriction since we can transform every explicit differential
equation of order n into a coupled set of explicit first order differential
equations. Let us demonstrate this. We regard an explicit differential equation
of the form

y(n) :f(l’;y,)’),j},___,y(n_l))’ (5'4)

where we defined y¥' = ;‘:k y. This equation is equivalent to the set

yI=y2,
y2 =3,
j’n—l = Yn,
Vo = Y1525+ n) (5.5)

which can be written as Eq.(5.1). Hence, we can attenuate the criterion
discussed in point (i), that the differential equation has to be explicit in y, to
the criterion that the differential equation of order n has to be explicit in the
n-th derivative of y, namely y.

There is another point required to be discussed before moving on. The numerical
treatment of initial value problems is of eminent importance in physics because
many differential equations, which appear unspectacular at first glance, cannot be
solved analytically. For instance, consider a first order differential equation of the

type:
y=1r4+y. (5.6)

Although this equation appears to be simple, one has to rely on numerical methods
to obtain a solution. However, Eq.(5.6) is not well posed since the solution is
ambiguous as long as no initial values are given. A numerical solution is only
possible if the problem is completely defined. In many cases, one uses numerical
methods although the problem is solvable with the help of analytic methods, simply
because the solution would be too complicated. A numerical approach might be
justified, however, one should always remember that, quote [1]:

Numerical methods are no excuse for poor analysis.

This chapter will be augmented by a chapter on the double pendulum, which
will serve as a demonstration of the applicability of RUNGE-KUTTA methods and
by a chapter on molecular dynamics which will demonstrate the applicability of the
leap-frog algorithm.
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5.2 Simple Integrators

We start by reintroducing the methods already discussed in the previous chapter.
Again, we discretize the time coordinate ¢ via the relation 7, = f#o + nAt and
define f;, = f(z,) accordingly. In the following we will refrain from noting the initial
condition explicitly for a more compact notation. We investigate Eq. (5.1) at some
particular time ¢,

Yn =F s tn) - 6.7

Integrating both sides of (5.7) over the interval [t,, ,+1] gives

41
S / A fly(). 1] (5.8)
n

Note that Eq.(5.8) is exact and it will be our starting point in the discussion of
several paths to a numeric solution of initial value problems. These solutions will
be based on an approximation of the integral on the right hand side of Eq. (5.8) with
the help of the methods already discussed in Chap. 3.

In the following we list four of the best known simple integration methods for
initial value problems:

(1) Applying the forward rectangular rule (3.9) to Eq. (5.8) yields

Yokl = Yn + O ) At + O(AP) (5.9)

which is the explicit EULER method we encountered already in Sect. 4.2. This
method is also referred to as the forward EULER method. In accordance to
the forward rectangular rule, the leading term of the error of this method is
proportional to Af> as was pointed out in Sect. 3.2.

(2) We use the backward rectangular rule (3.10) in Eq. (5.8) and obtain

Vat1 = Y +FOnt1s tir1) At + O(AP) | (5.10)

which is the implicit EULER method, also referred to as backward EULER
method. As already highlighted in Sect.4.2, it may be necessary to solve
Eq. (5.10) numerically for y,+;. (Some notes on the numeric solution of non-
linear equations can be found in Appendix B.)

(3) The central rectangular rule (3.13) approximates Eq. (5.8) by

ikt = Yn HSGup 1t )AL+ O(AP) (5.11)
and we rewrite this equation in the form:

Vi1 = Yuet + 2f O, ta) At + O(AP) . (5.12)
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This method is sometimes referred to as the leap-frog routine or STORMER-
VERLET method. We will come back to this point in Chap.7. Note that the
approximation

yn+yn+l
Inp ! = 5 , (5.13)

in Eq. (5.11) gives the implicit midpoint rule as it was introduced in Sect. 4.2.
(4) Employing the trapezoidal rule (3.15) in an approximation to Eq. (5.8) yields

A
Yobr =0+ U t) + O tie)] + O(AF) (5.14)

This is an implicit method which has to be solved for y,+;. It is generally known
as the CRANK-NICOLSON method [2] or simply as trapezoidal method.

Methods (1), (2), and (4) are also known as one-step methods, since only function
values at times #, and #,4; are used to propagate in time. In contrast, the leap-
frog method is already a multi-step method since three different times appear in
the expression. Basically, there are three different strategies to improve these rather
simple methods:

* TAYLOR series methods: Use more terms in the TAYLOR expansion of y, 4.

* Linear Multi-Step methods: Use data from previous time steps yx, k < n in order
to cancel terms in the truncation error.

* RUNGE-KUTTA method: Use intermediate points within one time step.

We will briefly discuss the first two alternatives and then turn our attention to the
RUNGE-KUTTA methods in the next section.

TAYLOR Series Methods

From Chap.2 we are already familiar with the TAYLOR expansion (2.7) of the
function y, 4 around the point y,,

2

5+ 0(AP) . (5.15)

Ynt1 =Yn + Atj’n + )

We insert Eq. (5.7) into Eq. (5.15) and obtain

2

At
Yn+1 = Yn + Alf(yns tn) + j}n + ﬁ(Atg) . (516)

2
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So far nothing has been gained since the truncation error is still proportional to A#2.
However, calculating ¥, with the help of Eq. (5.7) gives

d . .
Vn = dtf(ym tn) = f(ns tn) +f/(Ym 1)Vn = f (Vns tn) +f/(Yna 1)f s t) 5 (5.17)
and this results together with Eq. (5.16) in:
Atz 7 / 3
Yo+l = Yn+ Atf(u, ty) + 2 [f(ynvtn) + 1 Ons t)f s tn)]"'ﬁ(At ) - (5.18)

This manipulation reduced the local truncation error to orders of Ar’. The deriva-
tives of f(Vps 1), ' s 1a) and f(y,, £,) can be approximated with the help of the
methods discussed in Chap. 2, if an analytic differentiation is not feasible. The above
procedure can be repeated up to arbitrary order in the TAYLOR expansion (5.15).

Linear Multi-step Methods

A k-th order linear multi-step method is defined by the approximation

k k+1
Ynt1 = Zajyn—j + Atz bif Ont1—js tat1—) (5.19)
=0 =0

of Eq. (5.8). The coefficients a; and b; have to be determined in such a way that the
local truncation error is reduced. Two of the best known techniques are the so called
second order ADAMS-BASHFORD method

A
Yort = vn ) B O t) = Ot 1) (5.20)

and the second order rule (backward differentiation formula)

1 At
Yt = 4 [4yn — Y1+ Zf(yn+lstn+l)i| . (5.21)

(For details please consult Refs. [3-5].)

We note in passing that the backward differentiation formula of arbitrary order
can easily be obtained with the help of the operator technique introduced in Sect. 2.4,
Eq.(2.27). One simply inserts the backward difference series (2.27) to arbitrary
order into the right hand side of the differential equation (5.7).



68 5 Ordinary Differential Equations: Initial Value Problems

In many cases, multi-step methods are based on the interpolation of previously
computed values y; by LAGRANGE polynomials. This interpolation is then inserted
into Eq. (5.8) and integrated. However, a detailed discussion of such procedures is
beyond the scope of this book. The interested reader is referred to Refs. [6, 7].

Nevertheless, let us make one last point. We note that Eq. (5.19) is explicit for
by = 0 and implicit for by # 0. In many numerical realizations one combines
implicit and explicit multi-step methods in such a way that the explicit result [solve
Eq.(5.19) with by = 0] is used as a guess to solve the implicit equation [solve
Eq. (5.19) with by # 0]. Hence, the explicit method predicts the value y,+| and the
implicit method corrects it. Such methods yield very good results and are commonly
referred to as predictor—corrector methods [8].

5.3 RUNGE-KUTTA Methods

In contrast to linear multi-step methods, the idea in RUNGE-KUTTA methods (see,
for instance, Ref. [6]) is to improve the accuracy by calculating intermediate grid-
points within the interval [£,, f,+1]. We note that the approximation (5.11) resulting
from the central rectangular rule is already such a method since the function value
Yn+t1/2 at the grid-point £, 12 = t, + At/2 is taken into account. We investigate this
in more detail and rewrite Eq. (5.11):

Ynt1 = Yn +f Oy 10 1,4 1) AL+ o(Ar) . (5.22)

We now have to find appropriate approximations to y,+1,2 which will increase
the accuracy of Eq. (5.11). Our first choice is to replace y, 1,2 with the help of the
explicit EULER method, Eq. (5.9),

At At
Yn =Yn+ 2 SOnstn) (5.23)

Yky =Vat

which, inserted into Eq. (5.22) yields

At At
Yn+1 = Yn "f'f |:yn + 2 f())nv tn)v Inh + ) i| At + ﬁ(Atz) . (524)

We note that Eq.(5.24) is referred to as the explicit midpoint rule. In analogy
we could have approximated y,1/> with the help of the averaged function value
MYn+1/2 Which results in

Yn +yn+l

Yn+1 = Yn +f( )

A
e+ ;) At + 6(AP) . (5.25)
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This equation is referred to as the implicit midpoint rule. Let us explain how we
obtain an estimate for the error in Eqgs. (5.24) and (5.25). In case of Eq. (5.24) we
investigate the term

At At
Yn+1 —Yn _f |:yn + zf(ynvtn)vtn + 2 :| At

The TAYLOR expansion of y,+; and f(-) around the point Az = 0 yields

2

A .
At b/n _f(ynv tn)] + 2t [y _f(Yna tn) _f/(ynv tn)).)n] +.o (5.26)

We observe that the first term cancels because of Eq. (5.7). Consequently, the error
is of order A#%. A similar argument holds for Eq. (5.25).

Let us introduce a more convenient notation for the above examples before we
concentrate on a more general topic. It is presented in algorithmic form, i.e. it defines
the sequence in which one should calculate the various terms. This is convenient for
two reasons, first of all it increases the readability of complex methods such as
Eq. (5.25) and, secondly, it is easy to identify which part of the method involves
an implicit step and which part has to be solved separately for the corresponding
variable. For this purpose let us introduce variables Y; of some index i > 1 and
we use a simple example to illustrate this notation. Consider the explicit EULER
method (5.9). It can be written as

Yl = )’n £
Yn+1 = Yn +f(Y17 tn)At . (5.27)

In a similar fashion we write the implicit EULER method (5.10) as

Yi =y, +f(Y1, thy1) At
Ynt1 = Yn (Y1, ta1) AL . (5.28)

It is understood that the first equation of (5.28) has to be solved for Y, first and this
result is then plugged into the second equation in order to obtain y,;. One further
example: the CRANK-NICOLSON (5.14) method can be rewritten as
Yl = )’n £
At
Y =y, + 2 (Y1) + (Yo, tag1)]

A
Yntl = Yu + 2t [f(Y1.t0) +f(Ya, )] s (5.29)

where the second equation is to be solved for Y> in the second step.
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In analogy, the algorithmic form of the explicit midpoint rule (5.24) is defined as

Y1 =y,
Y =y, + Atf(Yl,fn-i- At) .
2 2
At At
Yol = Yn + 2f(Y2, t, + 2) s (5.30)

and we find for the implicit midpoint rule (5.25):

Y=yt v+ Y
1= Yn 2 1stn 2 s

At
Yn4+1 = Yn + Atf (Ylstn + D) ) . (531)

The above algorithms are all examples of the so called RUNGE-KUTTA methods.
We introduce the general representation of a d-stage RUNGE-KUTTA method:

d
Yi=yu+ Aty agf (Viota+gAr) . i=1....d.
j=1
d
Yutt =Y+ At Y _bif (Y by + ¢AL) (5.32)

Jj=1

We note that Eq. (5.32) it is completely determined by the coefficients a;;, b; and
¢j. In particular a = {a;;} is a d x d matrix, while b = {b;} and ¢ = {¢;} are d
dimensional vectors.

BUTCHER tableaus are a very useful tool to characterize such methods. They
provide a structured representation of the coefficient matrix a and the coefficient
vectors b and c:

Cp ayp Ay ... Adiq
Cyr A1 Az ... Ayq
(5.33)

Cq dg1 Ago ... Agq
by by ... by
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We note that the RUNGE-KUTTA method (5.32) or (5.33) is explicit if the matrix a is
zero on and above the diagonal, i.e. a; = 0 for j > i. Let us rewrite all the methods
described here in the form of BUTCHER tableaus:

Explicit EULER:
00 (5.34)
1
Implicit EULER:
b (5.35)
1
CRANK-NICOLSON:
000
11! (5.36)
11
22
Explicit Midpoint:
000
150 (5.37)
11
22
Implicit Midpoint:
11
22 (5.38)
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With the help of RUNGE-KUTTA methods of the general form (5.32) one can
develop methods of arbitrary accuracy. One of the most popular methods is the
explicit four stage method (we will call it e-RK-4) which is defined by the algorithm:

Y| = Yns

At
=y, + 2f(Ylvtn) s

Vs =yt (o + Y
3= Yn ) 2stn 2 P

At
Y4:yn+Atf(Y3,t,,+ 2) s
At At
Yn+1 :yn+ 6 |:f(Ylstn)+2f(Y2stn+ 2)

wy (Y3, 6+ Azt) +F (Y, zn)} . (5.39)

This method is an analogue to the SIMPSON rule of numerical integration as
discussed in Sect.3.4. However, a detailed compilation of the coefficient array a
and coefficient vectors b, and c is quite complicated. A closer inspection reveals
that the methodological error of this method behaves as A#>. The algorithm e-RK-4,
Eq. (5.39), is represented by a BUTCHER tableau of the form

00000
11
,,000
10300 (5.40)
10010
111
6336
Another quite popular method is given by the BUTCHER tableau
1 /3 1 1 /3
12 &314«/3416 5.41
2t % 4‘*‘1 6 4 (541
2 2

We note that this method is implicit and mention that it corresponds to the two point
GAUSS-LEGENDRE quadrature of Sect. 3.6.

A further improvement of implicit RUNGE-KUTTA methods can be achieved by
choosing the Y; in such a way that they correspond to solutions of the differential
equation (5.7) at intermediate time steps. The intermediate time steps at which
one wants to reproduce the function are referred to as collocation points. At these
points the functions are approximated by interpolation on the basis of LAGRANGE
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polynomials, which can easily be integrated analytically. However, the discussion
of such collocation methods [8] is far beyond the scope of this book.

In general RUNGE-KUTTA methods are very useful. However one always has to
keep in mind that there could be better methods for the problem at hand. Let us close
this section with a quote from the book by PRESS et al. [9]:

For many scientific users, fourth-order Runge-Kutta is not just the first word on ODE

integrators, but the last word as well. In fact, you can get pretty far on this old workhorse,

especially if you combine it with an adaptive step-size algorithm. Keep in mind, however,
that the old workhorse’s last trip may well take you to the poorhouse: Bulirsch-Stoer or
predictor-corrector methods can be very much more efficient for problems where high

accuracy is a requirement. Those methods are the high-strung racehorses. Runge-Kutta is
for ploughing the fields.

5.4 Hamiltonian Systems: Symplectic Integrators

Let us define a symplectic integrator as a numerical integration in which the
mapping

¢At Y Yn B Ynt1 (542)
is symplectic. Here @, is referred to as the numerical flow of the method. If we

regard the initial value problem (5.1) we can define in an analogous way the flow of
the system ¢, as

(o) = y(0) . (5.43)

For instance, if we consider the initial value problem

y=4y,
(5.44)
y(0) =yo .
where y € R” and A € R™", then the flow ¢, of the system is given by:
@:1(yo) = exp(A1)yo . (5.45)

On the other hand, if we regard two vectors v, w € R?, we can express the area
o of the parallelogram spanned by these vectors as

w(v,w) = det(vw) = v ( 0 1)w =ad — bc, (5.46)

-10
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where we put v = (a,b)” and w = (¢, d)”. More generally, if v, w € R??, we have

07 B
w(v,w) =v (—I O) w=vJw, (5.47)

where [ is the d x d dimensional unity matrix. Hence (5.47) represents the sum of
the projected areas of the form

det( Vi Wi ) . (5.48)

Vitd Witd
If we regard a mapping M : R?? — R?? and require that
o(Mv, Mw) = w(v,w) , (5.49)
i.e. the area is preserved, we obtain the condition that
MIM =17, (5.50)

which is equivalent to det(M) = 1. Finally, a differentiable mapping f : R > R??
is referred to as symplectic if the linear mapping f’(x) (JACOBI matrix) conserves
o for all x € R?. One can easily prove that the flow of Hamiltonian systems
is symplectic, i.e. area preserving in phase space. Every Hamiltonian system is
characterized by its HAMILTON function H (p, ¢) and the corresponding HAMILTON
equations of motion [10-14]:

p=-VH(p.q) and §=V,H(p.q). (5.51)

We define the flow of the system via

@i(x0) = x(1) , (5.52)
where
Xo = (po) and  x(f) = (p(t)) . (5.53)
40 q(1)
Hence we rewrite (5.51) as
i =J'V.H(x) , (5.54)

and note that x = x(t, xo) is a function of time and initial conditions. In a next step
we define the Jacobian of the flow via

Pi(x0) = Vy@i(x0) , (5.55)
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and calculate

Py(x0) = V&
=J 'V V.H(x)
= JVAHX) V,x
= J ' AHx)P;(xo)

— —quH(I% q) _quH(pv q)) P 5.56
( VoHp.q) VpHp.g) ) O (5.36)

Hence, P; is given by the solution of the equation
P, =J"'AH@X)P, . (5.57)
Symplecticity ensures that the area
PTJP, = const, (5.58)

which can be verified by calculating § (P7JP,) where we keep in mind that J7 =
—J. Hence,

d : .
CltP,TJP, = PlJP, + P]JP,

=PI AHX) I HIIP, + PLIT T AH(x)P,
=0, (5.59)

even if the HAMILTON function is not conserved. This means that the flow of a
Hamiltonian system is symplectic, i.e. area preserving in phase space [10, 11, 13].

Since this conservation law is violated by methods like e-RK-4 or explicit EULER,
one introduces so called symplectic integrators, which have been particularly
designed as a remedy to this shortcoming. A detailed investigation of these
techniques is far too engaged for this book. The interested reader is referred to Refs.
[12, 15-17].

However, we provide a list of the most important integrators.

Symplectic EULER

Gn+1 = qn + a(qn, pny1) At , (5.60a)
Pnt1 = Pu + b(Gn, put1) At . (5.60b)
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Here a(p,q) = V,H(p,q) and b(p,q) = —V,H(p, q) have already been defined
in Sect. 4.2.

Symplectic RUNGE-KUTTA

It can be demonstrated that a RUNGE-KUTTA method is symplectic if the coeffi-
cients fulfill

b,’d,’j + bjdji = bibj s (5.61)

for all i,j [16, 18]. This is a property of the collocation methods based on GAUSS
points c;.
5.5 An Example: The KEPLER Problem, Revisited

It has already been discussed in Sect. 4.2 that the HAMILTON function of this system
takes on the form [19]

Hp.,q)= _ (P} +p3) — (5.62)
\/ql + ‘12
and HAMILTON’s equations of motion read
. q1
1=V H(p,q) = — 5 NE (5.63a)
(611 + ‘b)z
. q2
p2=—V,H(p,q) = — s a3 (5.63b)
(ql + ‘12)2
g1 = VpH@p,q) = p1, (5.63¢)
Vp,H(p,q) = (5.63d)

We now introduce the time instances t, = fo + nAt and define ¢! = g;(¢,) and
p? = pi(t,) for i = 1,2. In the following we give the discretized recursion relation
for three different methods, namely explicit EULER, implicit EULER, and symplectic
EULER.
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Explicit EULER

In case of the explicit EULER method we have simple recursion relations

. " qi At
pl+1 = pl — o 1 o 3 (5643)
[(d])* + (g5)*]>
. " g At
Pttt =pi— - 2 ol (5.64b)
[(d])* + (g5)*]>
¢t =g+ piAre, (5.64¢)
4t = g+ piAr (5.644)

Implicit EULER

We obtain the implicit equations

n+1
" " qy At
p1+1 =pPi— n+1 21 n+1y213 (5.652)
(772 + (g5 )]
n+1
a1 n g5 At
Py, =Dy— " " s (5.65b)
(@2 + (442>
¢ =g +pittae, (5.65¢)
& =g+ pittar. (5.65d)

These implicit equations can be solved, for instance, by the use of the NEWTON
method discussed in Appendix B.

Symplectic EULER

Employing Eqs. (5.60) gives

n+1 n q}ilAt
P\ =pi- S (5.66a)
[(@D?* + (g5)*]>
TAt
Py =ph & : (5.66b)

2 e + (@)
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g =g +pitiAe, (5.66¢)
@ =g+ it A (5.66d)

These implicit equations can be solved analytically and we obtain

. " qi At
pl+1 :pl — o 1 o . (5673)
[(gD)?* + (g3)°]2
" " qh At
p2+1 =pi— , 2 oyt (5.67b)
(@) + (g5)°]>
n n n antz
it =di4piAr— (5.67¢)
[(611 + (‘b) 12
n n n antz
CI2+1 = ¢, + prAr — 2 (5.67d)

(@2 + (22>

A second possibility of the symplectic EULER is given by Eq. (4.33). It reads

n+1
u " qy At
Pt =pi- n+1 21 niyayd (5.68a)
[(4y7)* + (657 )]
n+1
n+1 n 9 At
= s (5.68b)
[(f]l+1)2 + (‘Z2+1)2]2
gt =4 +piAt, (5.68¢)
@ =g+ phAt. (5.68d)

The trajectories calculated using these four methods are presented in Figs. 5.1
and 5.2, the time evolution of the total energy of the system is plotted in Fig.5.3.
The initial conditions were [16]

p1(0) =0, g (0)=1—¢, (5.69)

and

I+e
p2(0) = \/1 e ¢2(0) =0, (5.70)
with e = 0.6 which gives H = —1/2. Furthermore, we set At = 0.01 for the
symplectic EULER methods and Ar = 0.005 for the forward and backward EULER
methods in order to reduce the methodological error. The implicit equations were
solved with help of the NEWTON method as discussed in Appendix B. The JACOBI
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Fig. 5.1 KEPLER trajectories in position space for the initial values defined in Egs. (5.69)
and (5.70). They are indicated by a solid square. Solutions have been generated (a) by the explicit
EULER method (5.64), (b) by the implicit EULER method (5.65), (c¢) by the symplectic EULER
method (5.67), and (d) by the symplectic EULER method (5.68)

matrix was calculated analytically, hence no methodological error enters because
approximations of derivatives were unnecessary.

According to theory [19] the g-space and p-space projections of the phase space
trajectory are ellipses. Furthermore, energy and angular momentum are conserved.
Thus, the numerical solutions of HAMILTON’s equations of motion (5.63) should
reflect these properties. Figures 5.1a, b and 5.2a, b present the results of the
explicit EULER method, Eqs. (5.64), and the implicit EULER method, Eqs. (5.65),
respectively. Obviously, the result does not agree with the theoretical expectation
and the trajectories are open instead of closed. The reason for this behavior is
the methodological error of the method which is accumulative and, thus, causes
a violation of energy conservation. This violation becomes apparent in Fig.5.3
where the total energy H(t) is plotted vs time 7. Neither the explicit EULER method
(dashed line) nor the implicit EULER method (short dashed line) conform to the
requirement of energy conservation. We also see step-like structures of H(f). At the
center of these steps an open diamond symbol and in the case of the implicit EULER
method an additional open circle indicate the position in time of the perihelion
of the point-mass (point of closest approach to the center of attraction). It is
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Fig. 5.2 KEPLER trajectories in momentum space for the initial values defined in Eqgs. (5.69)
and (5.70). They are indicated by a solid square. Solutions have been generated (a) by the explicit
EULER method (5.64), (b) by the implicit EULER method (5.65), (c¢) by the symplectic EULER
method (5.67), and (d) by the symplectic EULER method (5.68)

H(t)

-1.0

Fig. 5.3 Time evolution of the total energy H calculated with the help of the four methods
discussed in the text. The initial values are given by Eqgs. (5.69) and (5.70). Solutions have been
generated (i) by the explicit EULER method (5.64) (dashed line), (ii) by the implicit EULER
method (5.65) (dotted line), (iii) by the symplectic EULER method (5.67) (solid line), and (iv)
by the symplectic EULER method (5.68) (dashed-dotted line)
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indicated by the same symbols in Fig. 5.1a, b. At this point the point-mass reaches
its maximum velocity, the pericenter velocity, and it covers the biggest distances
along its trajectory per time interval Az. Consequently, the methodological error is
biggest in this part of the trajectory which manifests itself in those steps in H(7). As
the point-mass moves ‘faster’ when the implicit EULER method is applied, again,
the distances covered per time interval are greater than those covered by the point-
mass in the explicit EULER method. Thus, it is not surprising that the error of the
implicit EULER method is bigger as well when H(¢) is determined.

These results are in strong contrast to the numerical solutions of Egs. (5.63)
obtained with the help of symplectic EULER methods which are presented in
Figs.5.1c, d and 5.2¢, d. The trajectories are almost perfect ellipses for both
symplectic methods which follow Egs. (5.67) and (5.68). Moreover, the total energy
H(t) (solid and dashed-dotted lines in Fig.5.3) varies very little as a function of z.
Deviations from the mean value can only be observed around the perihelion which
is indicated by a solid square. Moreover, these deviations compensate because of the
symplectic nature of the method. This demonstrates that symplectic integrators are
the appropriate technique to solve the equations of motion of Hamiltonian systems.

Summary

We concentrated on numerical methods to solve the initial value problem of ordinary
differential equations. The methods discussed here rely heavily on the various
methods developed for numerical integration because we can always find an integral
representation of this kind of equations. The simple integrators known from Chap. 4
were augmented by the more general CRANK-NICHOLSON method which was
based on the trapezoidal rule introduced in Sect. 3.3. The simple single-step methods
were improved in their methodological error by TAYLOR series methods, linear
multi-step methods, and by the RUNGE-KUTTA method. The latter took intermediate
points within the time interval [t,,7,+] into account. In principle, it is possible
to achieve almost arbitrary accuracy with such a method. Nevertheless, all those
methods had the disadvantage that because of their methodological error energy
conservation was violated when applied to Hamiltonian systems. As this problem
can be remedied by symplectic integrators a short introduction into this topic was
provided and the most important symplectic integrators were presented. The final
discussion of KEPLER’s two-body problem elucidated the various points discussed
throughout this chapter.
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Problems

1. Write a program to solve numerically the KEPLER problem. The HAMILTON
function of the problem is defined as

1 1
H(p,q)Zz(p?er%)—\/2 .
qi + g5

and the initial conditions are given by

PO =0, q(0)=1-ec. pz(O)z\/llfj, 4:(0) = 0,

where e = 0.6. Derive HAMILTON’s equations of motion and implement an
algorithm which solves these equations based on the following methods

(a) Explicit EULER,
(b) Symplectic EULER.

2. Plot the trajectories and the total energy as a function of time. You can use the
results presented in Figs.5.1 and 5.2 to check your code. Modify the initial
conditions and discuss the results! Try to confirm KEPLER’s laws of planetary
motion with the help of your algorithm.

3. Use a symplectic integrator to study LENNARD-JONES scattering; see Problems
of Chap. 4

4. Solve the differential equation (5.6) numerically with different methods. Use also
the TAYLOR series method (5.18).
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Chapter 6
The Double Pendulum

6.1 HAMILTON’s Equations

We investigate the dynamics of the double pendulum in two spacial dimensions
as illustrated schematically in Fig.6.1. It is the aim of this section to derive
HAMILTON’s equations of motion for this system. In a first step we introduce
generalized coordinates and determine the LAGRANGE function of the system from
its kinetic and potential energy [1-5]. We then introduce generalized momenta
and, finally, derive the HAMILTON function from which HAMILTON’s equations of
motion follow. They will serve as a starting point for the formulation of a numerical
method.
From Fig. 6.1 we find the coordinates of the two point masses m:

x1 = Lsin(g) , 71 = 2 —Lcos(¢) , (6.1)
and
x; = £ [sin(¢1) + sin(¢2)] , 75 = 24 — £ [cos(¢1) + cos(a)] - (6.2)
Here, 24 is the pendulum’s total length. The angles ¢;, i = 1,2 are defined in
Fig.6.1.

We note that £ = const and obtain the time derivatives of the coordinates (6.1)
and (6.2):

)'Cl = E@l COS((pl) s (63)
21 = Ly sin(gr) (6.4)
Xy = L[@1cos(pr) + @2 cos(pr)] (6.5)
2 = Lgrsin(p1) + @2 sin(g2)] - (6.6)
© Springer International Publishing Switzerland 2016 85
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Fig. 6.1 Schematic zZA
illustration of the double
pendulum. m are the
point-masses, 2/ is the total
length of the pendulum and
@1, ¢, are the corresponding
angles

=Y

The LAGRANGE function of the system is defined by
L=T-U, (6.7)

with the kinetic energy 7 and the potential U. The kinetic energy 7 is given by!

T=" (@3 +8+3)
gz

= 5 [2¢7 + @3 + 2192 cos(er — @2)] - (6.8)

The potential energy U is determined by the gravitational force

U = mgzi + mgz
= mgt [4 —2cos(p1) — cos(¢a)] . (6.9)
where g is the acceleration due to gravity. Hence, we get for the LAGRANGE
function L:

ml? . . ..
L= ) [2¢7 + @3 + 2162 cos(pr — @2) | — mgl [4 — 2 cos(p1) — cos(¢2)] -
(6.10)

'We make use of the relation:

sin(x) sin(y) + cos(x) cos(y) = cos(x —y) .
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We find a description of the motion in phase space by calculating the generalized
momentap;, i = 1,2 as

0 ) )
p1 = o L = mt? [2¢1 + @2 cos(pr — ¢2)] (6.11)
1
and
0 20, ,
P2 = a(sz = ml” [¢2 + @1 cos(¢) — @2)] . (6.12)

The aim is now to express the kinetic energy (6.8) in terms of generalized
momenta p; and p,. To accomplish this we solve in a first step Eq.(6.12) for ¢,
and obtain

¢2 =

nl;zz — @1cos(gr — ) . (6.13)

This is used to rewrite Eq. (6.11). Solving for ¢; gives:

P1 P2

¢ = [2 — cos () — 902)]_1 [mﬁz .,

, cos(gr — (pz)] . (6.14)
The trigonometric identity cos?(x) + sin?(x) = 1 changes Eq. (6.14) into

1 p1—p2cos(er — ¢2)

1= 6.15
M7 1 i)~ ) @1
This is then used to transform Eq. (6.13) into
¢ = ! [p _ prcos(¢r — @2) — pacos’ (g1 — <P2):|
CTome [ 1+ sin* (g1 — ¢2)
_ 1 2pa—picos(er — ) (6.16)

me? 1+ sin*(¢; — ¢2)
Hence, with help of Egs.(6.15) and (6.16) we can reevaluate the kinetic

energy (6.8) to give

mez ) .2 .« .
T= ) [2¢7 + @5 + 2¢1¢2 cos(p1 — @) ]
1 pl+2p3—2pipacos(pr — ¢2)

= 6.17
2ml? 1 + sin?(¢; — ¢2) ©.17)
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The HAMILTON function H(p1, p2, ¢1, ¢2) is the sum of the kinetic energy (6.17)
and the potential energy (6.9) and we get:

H=T+U
_ 1 Pt + 203 — 2pipa cos(¢1 — ¢2)
2mt? 1+ sin*(¢1 — ¢2)
+mgl [4 — 2 cos(p) — cos(¢2)] . (6.18)

Thus, we are now, finally, in a position to formulate HAMILTON’s equations of
motion from

(/.)i: BH, Iai:—aH, i:1,2, (619)
api dg;

and the dynamics of the double pendulum are determined by the solutions of the
following set of differential equations:

1 p1—pacos(gr — ¢2)

D = 6.20a
UT e 1 4 sind(p1 — ¢) (6200
1 2p,— —
& = , P2 P'l 0205(901 ®2) (6.20b)
mb> 1+ sin* (g1 — ¢2)
. 1 1 sin( )
= —_ 1 —_
D1 me2 1 + sin (g1 — ») P1P2 1= ¢2
Pt + 2p3 — 2pipacos(er — ¢2) .
s cos(¢1 — ¢2) sin(g1 — ¢2)
1+ sin“ (g1 — ¢2)
—2mgl sin(¢y) , (6.20c)
and
= ! L [pesint - )
= sin -
P2 me2 1 + sin?(¢1 — @2) pPip2 1 —¢2

_pi+2p3 = 2pipacos(er — ¢2)
1+ sin(¢1 — ¢2)

—mg{ sin(¢s) . (6.20d)

sin(¢; — ¢2) cos(p; — @2)]
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The following section is dedicated to the numerical solution of Egs. (6.20) with
the help of the explicit RUNGE-KUTTA algorithm e-RK-4 introduced in Sect. 5.3.

6.2 Numerical Solution

In a first step we recognize that Egs. (6.20) are of the form

y=F(@), (6.21)
where y € R*. Let us define
V1 ¢1
yv=21=1"1. (6.22)
V3 P1
Ya P2
and consequently
@1 A1)
%) L)
2| Z F(y) = . (6.23)
o [T so
P2 fa(y)

We introduce time instances t, = nAt, n € N and use the notation y, = y(t,) =
O, ¥, y%,y)T. Furthermore, F(y) is not an explicit function of time 7 and we
reformulate the e-RK-4 algorithm of Eq. (5.39) as:

Y =Yn,
At
)=y, + 5 F(Yy),
At
Y3:yn+ 2F(Y2)7
Yo =y, + AIF(Y3) s

A
Vol = Y + 6’ [F(Y1) + 2F(Ys) + 2F(Ys) + F(Yy)] . (6.24)
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Fig. 6.2 Numerical solution of the double pendulum with initial conditions ¢; (0) = ¢,(0) = 0.0,
p1(0) = 4.0 and p»(0) = 2.0. (a) Trajectory in ¢-space, (b) trajectory in p-space, and (c) trajectory
in local (x, z)-space. The solid circles numbered 1 and 2 represent the two masses in their initial
configuration

Hence, the only remaining challenge is to correctly implement the function F(y) =
AG).LO)./0)./2()]" according to Egs. (6.20).

The following graphs discuss the dynamics (trajectories in ¢- and p-space, as
well as in configuration space) of the pendulum and for this purpose we defined the
parametersm = £ = 1 and g = 9.8067. The time step was chosen to be Ar = 0.001
and we calculated N = 60,000 time steps.

We start with Fig. 6.2. The two masses numbered 1 and 2 are initially in the
equilibrium position (solid circles). Both masses are pushed to the right but the push
onmass 1 [p1(0) = 4.0] is much stronger than the one mass 2 experiences [p2(0) =
2.0]. Thus, mass 2 is ‘dragged’ along in the process. This is made transparent by two

‘snapshots’ indicated by solid light gray circles and solid gray circles. The motion
of the whole system is quite regular.
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Fig. 6.3 Numerical solution of the double pendulum with initial conditions ¢; (0) = 1.0, ¢,(0) =
0.0, p1(0) = 0.0 and p»(0) = 3.0. (a) Trajectory in ¢-space, (b) trajectory in p-space, and (c)
trajectory in local (x, z)-space. The solid circles numbered 1 and 2 represent the two masses in
their initial configuration

We proceed with Fig. 6.3. In this case mass 1 is displaced from its position by
the initial angular displacement ¢; = 1.0. This initial configuration is indicated
by the solid circles numbered 1 and 2 representing the two point-masses. Mass
2 is then pushed to the right with p,(0) = 3.0. Again, mass 1 remains on a
trajectory centered around the point (0,2) in configuration space. But in contrast
to the previous situation it follows now mass 2. Mass 2, on the other hand, develops
a very lively trajectory, Fig. 6.3c. Two snapshots indicated by solid light gray circles
and solid gray circles illustrate configurations of particular interest.

The dynamics depicted in Fig. 6.4 is quite similar to the one already discussed
in Fig. 6.2. Initially both masses are in the equilibrium position and then mass 2 is
pushed to the right [p,(0) = 4.0]. Thus, mass 1 is trailing behind. In contrast to the
previous Fig. 6.3 the trajectory of mass 2 will now be symmetric around the z-axis
given enough time. Again, snapshots indicated by solid light gray circles and solid
gray circles indicate interesting configurations.
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Fig. 6.4 Numerical solution of the double pendulum with initial conditions ¢; (0) = ¢,(0) = 0.0,
p1(0) = 0.0 and p,(0) = 4.0. (a) Trajectory in p-space, (b) trajectory in p-space, and (c) trajectory
in local (x, z)-space. The solid circles numbered 1 and 2 represent the two masses in their initial
configuration

The initial condition which resulted in the trajectory shown in Fig. 6.5 differs
only for mass 2 from the initial conditions which lead to the trajectory in Fig. 6.4.
Mass 2 is now pushed even more strongly to the right [p,(0) = 5.0]. Of course, mass
1 is again dragging behind mass 2. In contrast to Fig. 6.4 the initial momentum of
mass 2 is now sufficient to allow mass 2 to pass through the center of the inner
mass’ circular trajectory. Snapshots indicated by light gray solid circles and solid
gray circles emphasize interesting configurations.

The situation shown in Fig. 6.6 differs from the one of Fig. 6.5 only by the initial
condition for mass 2. It is now pushed even more strongly to the right [p,(0) = 6.5]
and this initial momentum is sufficient to cause mass 1 to rotate around the point
(0,2). Nevertheless, mass 1 is permanently dragging behind mass 2. Two interesting
configurations are depicted by snapshots (solid light gray circles and solid gray
circles).
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Fig. 6.5 Numerical solution of the double pendulum with initial conditions ¢; (0) = ¢,(0) = 0.0,
p1(0) = 0.0 and p,(0) = 5.0. (a) Trajectory in ¢-space, (b) trajectory in p-space, and (c) trajectory
in local (x, z)-space. The solid circles numbered 1 and 2 represent the two masses in their initial
configuration (The angles ¢, > 7 correspond to complete rotations of the pendulum)

A comparison between trajectories as a result of different initial conditions
reveals that the physical system is highly sensitive to the choice of the initial
conditions yo = [¢1(0), ¥2(0), p1(0), p2(0)]. For instance, consider Figs. 6.4, 6.5,
and 6.6. In all three cases we chose yy in such a way that the initial angles
©1(0) = ¢2(0) = 0 and the generalized momentum coordinate p;(0) = 0. The
only difference is that we used different values for the initial value of the second
momentum coordinate p,. However, the resulting dynamics of ¢; vs. ¢ as well as
p1 VS. py are entirely different and so are the local (x, z)-space trajectories. Hence,
the system is chaotic. In the following section we will briefly discuss a method
designed to characterize chaotic behavior of physical systems [6—10].
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Fig. 6.6 Numerical solution of the double pendulum with initial conditions ¢; (0) = ¢,(0) = 0.0,
p1(0) = 0.0 and p,(0) = 6.5. (a) Trajectory in ¢-space, (b) trajectory in p-space, and (c) trajectory
in configuration space. The solid circles numbered 1 and 2 represent the two masses in their initial
configuration (The angles ¢, > 7 correspond to complete rotations of the pendulum)

6.3 Numerical Analysis of Chaos

It is the aim of this section to analyze in more detail the chaotic behavior
observed in the dynamics of the double pendulum. This requires the introduction
of some basic notations. We consider a physical system with f degrees of freedom
where g1 (1), . . ., g(t) denote the generalized coordinates and py(?), . . ., py(¢) denote
the corresponding generalized momenta. Together, both fully characterize the
state of the system at time ¢. Consequently, the f-dimensional vector g(r) =
[q1(), q2(1), ..., gr(1)]" describes a point in configuration space of the physical
system. In case of a pendulum consisting of f point-masses connected in a
similar fashion as the double pendulum discussed above, which corresponds to the
particular case f = 2, the configuration space is constrained to values ¢; € (—m, 7],
i=1,...,f. This resembles an f-dimensional torus.

The 2f-dimensional vector x(1) = [q1(?), ..., q/(1),p1(2),....ps(t)]" describes
a point in the phase space of the physical system at some particular time ¢. The
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time evolution of a physical system is represented by its phase space trajectory. Of
course, the phase space trajectories x(z) are differentiable with respect to .2

We define an autonomous system as a system which is time-invariant, i.e. the
HAMILTON function H(x, ) does not depend explicitly on time ¢, H(x,f) = H(x).
Hence, a physical system is referred to as autonomous if the HAMILTON function
H(x, ) of the system obeys

3
o D =0, (6.25)

Thus, the total energy is conserved.
An autonomous system is referred to as integrable if it has f independent
invariants Iy, ..., Ir

Li(x) =Ij=const, j=1,....f. (6.26)

One of these is the energy. Each particular invariant I; reduces the dimension
of the manifold on which the phase space trajectories can propagate. Hence, an
integrable system propagates on an f-dimensional subspace of the 2f-dimensional
phase space. We note that a one-dimensional autonomous system is integrable since
the conservation of energy delivers the required invariant.

On the other hand, non-integrable systems can show chaotic behavior. In this
case the trajectories develop a strong dependence on the initial conditions which
makes an analytic calculation of the dynamics extremely difficult. However, since
the trajectories can be computed without problems by numeric means, we discuss
now how to characterize chaotic behavior on the computer.

For this sake we investigate the dynamics of an autonomous Hamiltonian system
starting with one of two initial conditions, namely x and x;,. Then the system arrives
at time 7 at the phase space points x(1) = ¢,(xo) and x'(t) = ¢;(x;), respectively, as
a solution of HAMILTON’s equations of motion. Here ¢,(x) denotes the flow of the
system as defined in Sect.5.4. Since the trajectories in a chaotic system strongly
depend on the initial conditions x, and x;, we introduce the separation between
the two trajectories ¢;(xo) and ¢,(x;) at time 7 as d(f) = |¢,(x0) — ¢:(x;)| where
| - | denotes some suitable norm. This length can now, for instance, be used to
characterize the stability of the trajectory ¢;(xo) [11]. In particular, a solution ¢,(xg)
is referred to as stable if

Ve>038(e) >0:Vxy:d(0) <8 =d(r)<e, Vi>0. (6.27)

In words: We speak of a stable solution if the trajectory ¢;(x,) which corresponds
to the perturbed initial condition x; stays within a tube of radius € around the

2The symplectic mapping ¢, : xo —> x(¢) from the initial conditions x, to the phase space point
x(r) at time ¢ is referred to as Hamiltonian flow of the system. This was discussed in Sect. 5.4.
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unperturbed trajectory ¢;(xo) for all t > 0. Alternatively, a solution is referred
to as asymptotically stable if the distance to adjacent trajectories tends to zero,
ie. d(t) — 0 as t — oo. Such solutions tend to attract trajectories from their
neighborhood and, hence, they are referred to as attractors. Finally, a periodic orbit
is defined as a trajectory for which one can find a time t such that:

o:(x) =x, Vax. (6.28)

To find an easy answer to the question whether or not a particular solution
of a non-integrable system is stable, the clear, topological method of POINCARE
maps was introduced. The idea was to reduce the investigation of the complete
2f-dimensional phase space trajectory x(f) = ¢;(xo) to the investigation of its
intersection points through a plane X' which is transverse to the flow of the system.
This plane is a subspace of dimension 2f — 1 and is commonly referred to as
POINCARE section [3]. The transversality of the POINCARE section X means that
periodic flows intersect this section and never flow parallel to or within it.

Consider a trajectory which is bound to a finite domain, i.e. it does not tend
to infinity in any phase space coordinate. In this case it is possible to define the
POINCARE section in such a way that the trajectory will intersect this section not
only once but several times. Thus, a POINCARE map is then the mapping of one
intersection point P onto the next intersection point P’.

Let us substantiate this idea: we consider the initial condition x, for which a
trajectory I is periodic. We choose the initial time # = 0 in such a way that xo € X,
where ¥ is the POINCARE section, Fig.6.7. We suppose that after a time t(x)
the trajectory intersects this POINCARE section again.® Since we demanded that the
trajectory which started in x is periodic, we deduce that it intersects the POINCARE
section again at some point @ (x,)(xo) = xo. We consider now a slightly perturbed
initial condition x’ € Up(xo), where Uy(xp) is referred to as the neighborhood of xy.
In this case the trajectory will in general not be periodic, and the next intersection
point ¢;(vy(x) # x’. The mapping from one intersection point x’ onto the next
intersection point ¢, (v (x") is called the POINCARE map P(x') = ¢,(v)(x"). We note
that the particular point x is a fixed point of this mapping, P(xy) = xo. Furthermore,
we note that if X' € Uy(xy) we will have P(x') € Uj(xo), where Uj(xp) is the
neighborhood of first return. This is indicated schematically in Fig. 6.7.

3Note that we denoted T = 7(xp) in order to emphasize that the recurrence time r will depend on
the initial condition x.



6.3 Numerical Analysis of Chaos 97

Fig. 6.7 Schematic | —
illustration of the | z \
neighborhood Uy (xo) and the | |
neighborhood of first return | |

| U1(Xo) '

U, (xp) of a periodic | |

trajectory I". The intersection | |

point xo of I” with X is a '

fixed point of this mapping |
Ug(Xg)

We utilize now these concepts and analyze the dynamics of the double pendulum.
We have four generalized coordinates which, with the help of conservation of
energy, are constrained to a three-dimensional manifold within the four-dimensional
phase space. Since the investigation of these three-dimensional trajectories is very
complex we consider a two-dimensional POINCARE section. For instance, the
coordinates [¢1(¢), p1(t)]” can be ‘measured’ whenever ¢,(f) = 0 and p, > 0. Thus,
the system’s state is registered whenever mass 2 crosses the vertical plane from the
left-hand side.

We discuss now some of the most typical scenarios for POINCARE plots. (Such
a plot represents the POINCARE section together with all intersection points of
a particular trajectory.) Note that this discussion is, of course, not restricted to
the case of the double pendulum. Two different scenarios can be distinguished
for integrable systems: (i) the set of intersection points (71,72, ..., ) is finite.
(i1) In the more general case, the dimension N of the set of intersection points is
infinite. In both cases the intersection points form one-dimensional lines which
do not have to be connected. Figure 6.8a, b discuss this schematically. However,
if the system is non-integrable, a third scenario is possible: chaotic behavior. In
this case the intersection points appear to be randomly distributed on the two-
dimensional POINCARE section and one observes space-filling behavior. This is
illustrated schematically in Fig. 6.8c. Whether one observes chaotic behavior or not
depends on the choice of the initial conditions.
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Fig. 6.8 Schematic illustration of the three types of POINCARE plots as discussed in the text. (a)
Finite number of intersection points, (b) infinite number of intersection points which, however,
form closed lines, (¢) space-filling and, consequently, chaotic behavior
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Fig. 6.9 POINCARE plot of the double pendulum with initial conditions ¢;(0) = ¢,(0) = 0.0,
p1(0) = 4.0 and p,(0) = 2.0. It corresponds to the situation discussed in Fig. 6.2

In Figs. 6.9, 6.10, and 6.11 we present POINCARE plots of the double pendulum.
The graphs were obtained with help of the method discussed above, i.e. ¢, = 0 and
p2 > 0. Again, we set m = £ = 1 and g = 9.8067. The time step was chosen to
be At = 0.001 and we calculated N = 36 x 10* time steps. In Figs. 6.9 and 6.10
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Fig. 6.10 POINCARE plot of 6 —
the double pendulum with L -
initial conditions 4t

91(0) = 1.0, ¢2(0) = 0.0,
p1(0) = 0.0 and p,(0) = 3.0.
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discussed in Fig. 6.3
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we observe regular behavior as it was illustrated in Fig. 6.8b. In Fig. 6.11 the points
are space filling and, consequently, chaotic behavior is observed in this particular
case. Keeping in mind that this particular POINCARE plot refers to the initial value
problem of Fig. 6.4 we conclude that all problems of this series, i.e. Figs. 6.4, 6.5,
and 6.6, are non-integrable and chaotic.

Summary

The dynamics of the double pendulum is described by a system of four ordinary
first order differential equations. It is a typical initial value problem and, thus,
the methods introduced in Chap.5 are all candidates to find a numerical solution.
Here we concentrated on the explicit RUNGE-KUTTA algorithm e-RK-4 of Sect.5.3.
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Solutions were studied in detail for several classes of initial conditions. One of the
results was that rather small changes of the initial conditions could result in rather
strong, chaotic reactions of the outer mass. This triggered the obvious question about
the stability of a numerical analysis and of physical dynamics in general. While the
stability of numerical methods has already been discussed in Chap. 1 we focused
here on the chaotic behavior of Hamiltonian systems. Consequently, a short section
on the numerical analysis of chaos was added. It contained the most important
concepts and in particular the concept of the stability of a phase space trajectory
against variation of initial conditions. Finally, the importance of POINCARE plots
in recognizing whether a system is integrable or non-integrable was explained.
Non-integrable systems can develop chaotic behavior. Thus, POINCARE plots are
an important tool to study chaos in mechanics.

Problems

1. Verify HAMILTON’s equations of motion derived in Sect.6.1. Implement the
e-RK-4 algorithm discussed in Sects. 5.3 and 6.2 to integrate the equations of
motion. Plot the trajectories for various initial conditions. Use the examples
illustrated in Sect. 6.2 to check the code.

2. Produce POINCARE plots by plotting (¢, p1) whenever ¢, = 0 and p, > 0.
The condition ¢, = 0 is substituted by |¢2| < € in the numerically realization.
Note that if the points are space filling the dynamics are chaotic, as discussed in
Sect. 6.3. Try to find different initial conditions which result in regular behavior
and different initial conditions which produce chaotic dynamics.

3. Let x(t) = [g1(1). 92(0). p1 (). p2 ()] and X' (1) = [@] (1). 95(1). P}, (1), pH(1)]" be
two trajectories which correspond to different initial conditions xo and x;. In this
case the distance between trajectories is defined as

d(r) = \/[(pl(t) =l OF + [p2(t) — 93O + [p1(1) = p1 (O + [p2(0) — P (O]

Plot the distance d() as a function of time ¢ for two different initial conditions.

4. Extend the code of the double pendulum of equal mass and equal length to cover
the case when the lengths and masses of the individual pendula are different,
£y # £, and m; # my. What happens? For instance, one can choose a certain
initial condition and keep £; and £, fixed. What is the influence of £; and £, on
the dynamics?

5. Show that the dynamics become integrable in the absence of a gravitational force,
i.e. ¢ = 0. What are the conserved quantities? How do the POINCARE plots look
like? Again, try different initial conditions.
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Chapter 7
Molecular Dynamics

7.1 Introduction

It is the aim of many branches of research in physics to describe macroscopic
properties of matter on the basis of microscopic dynamics. However, a description
of the simultaneous motion of a large number of interacting particles is in most cases
not feasible by analytic methods. Moreover, a description is particularly difficult if
the interaction between the particles is strong. Within the framework of statistical
mechanics one tries to remedy these difficulties by employing some simplifying
assumptions and by treating the system from a statistical point of view [1-4].
However, most of these simplifying assumptions are only justified within certain
limits, such as the weak coupling limit or the low density limit. Nevertheless, it is
not easy to establish how the solutions acquired are influenced by these limits and
how the physics beyond these limits can be perceived. This makes the necessity of
numerical solutions quite apparent. There are essentially two methods to determine
physical quantities over a restricted set of states, namely molecular dynamics [5-T7]
and Monte Carlo methods. The technique of molecular dynamics will be discussed
within this chapter while an introduction into some basic features of Monte Carlo
algorithms is postponed to the second part of this book.

We strictly focus on a particular sub-field of molecular dynamics, namely on
classical molecular dynamics, i.e. the treatment of classical physical systems.
Extensions to quantum mechanical systems, which are commonly referred to as
quantum molecular dynamics [8], will not be discussed here.

© Springer International Publishing Switzerland 2016 103
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7.2 Classical Molecular Dynamics

The classical model system for molecular dynamics consists of N particles with
positions r; = r;(f), velocities v; = v;(tf) = #;(f) and masses m;, where i =
1,2,...,N. We note that r; and v; are vectors of the same dimension. We can write
NEWTON’s equations of motion as

mi'}’izﬁ(rl,rz,...,rN), (71)

where we introduced the forces f; = fi(r,r2,...,rn). Again, we note that the
forces f; are vectors of the same dimension as r; and v;. We specify the forces f;
by demanding them to be conservative. Thus, we write

ﬁ(rl,rz,...,rN)=—ViU(r1,r2,...,rN), (72)

where V; is the gradient pertaining to the spatial components of the i-th particle
and U(ry,r2,...,ry) is some potential which we will abbreviate by dropping its
arguments: U = U(ry, 1y, ...ry). We then specify this potential U as the sum of
two-particle interactions Uj; and some external potential Uey, as, for instance, the
gravitational field or a static electric potential applied to the system:

U= ; 3 Ui+ Uei - (7.3)
i

In our discussion of the two-body problem (Appendix A) and, in particular,
of the KEPLER problem in Chap.4 we considered a central potential, which was
proportional to —1/r. Due to the conservation of angular momentum, it was
convenient to introduce an effective potential U as the sum of an attractive and
repulsive part as it was defined in Eq. (4.3) and illustrated in Fig. 4.1. In contrast, in
molecular dynamics the most prominent two-body interaction potential is known as
the LENNARD-JONES potential [9]. It is of the form

12 6
U(lr|) = 4o ( € ) - ( ¢ ) , (7.4)
|| ||

where € and o are real parameters and |r| is the distance between two particles.
The significance of the parameters € and o as well as the form of U(|r|) defined by
Eq. (7.4) is illustrated in Fig.7.1. The LENNARD-JONES potential was particularly
developed to model the interaction between neutral atoms or molecules. The
repulsive term, which is proportional to || ~!2, describes the PAULI repulsion while
the attractive ||~ term accounts for attractive VAN DER WAALS forces.
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Fig. 7.1 Illustration of the 1.5
LENNARD-JONES potential, r
Eq. (7.4). o describes the 1.0
depth of the potential well I
and € is the position of the 05
root of the LENNARD-JONES 00 | €
potential | —
5 05 —
| o

-2.0 ; : : ; ;
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We introduce the distance between particles i and j via
rj =lri—r|=I|rp—rl=r, (7.5)
and define the two-body potential
Uj=U(ry) (7.6)

where U is approximated by the LENNARD-JONES potential (7.4). Furthermore, we
deduce from Eq. (7.4) that

12 6
7 = =,0r) = 115 [2 (5) -(5) } ,, a7

where we keep in mind that r is a vector. Hence, we write the forces f; which appear
in NEWTON’s equations of motion (7.1) with the help of (7.3) in the form

fi=-ViU

=-V; ; Z Z Ui + Uext

k1K
= - Z ViUjj — ViUext
#i
= Zf(rlj) +feixt
J#i

= fi+li (7.8)
j#i
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where we implicitly defined the external force f!, acting on particle i and the two-
particle forces f;; acting between particle i and j. We want to make the road visible,
which guides us to a numerical solution of NEWTON’s equations of motion (7.1),
and introduce the vectors R = (r1,72,...,r3)7, V. = (v, v2,...,08)7 = R, and
F = (fi/mi1,fo/ma, ....fyv/my)T. This transforms Eq. (7.1) into the very compact
form

R=F, (7.9)

which is equivalent to a set of two first order ordinary differential equations:

(8):(‘/) . (7.10)
14 F
This set is already of the standard form (5.1) of initial value problems.

We are now in a position to proceed with a discussion of some numerical methods
which have been developed in Chap.5 to solve this initial value problem. For this
sake, we regard discrete time instances #; = kAt, where k € N and function values
at these discrete time instances #; are denoted by a subscript &, as for instance Ry =
R(t).

(i) In a first approximation we apply the symplectic EULER method [see
Eq. (4.33)] to Eq. (7.10) and obtain

(R"“) = (R")+ (V"“)Az. (7.11)
Vit+1 Vi Fy
Inserting the second into the first equation results in

Riy1 = Ri + Vi At + FL AP (7.12)

The velocity V; at time #; is then approximated by the backward difference
derivative (2.10b) and we find the recursion relation:

Ris1 = 2Ry — Ry + FL AP . (7.13)
We note that it is only valid for k& > 1. The initialization step necessary to

complete the analysis is found by expanding R; in a TAYLOR series up to
second order:

1
R; = Ry + AtV + ZFOM . (7.14)

This method is referred to as the STORMER-VERLET algorithm [10]. Note
that Eq.(7.14) serves as the initialization of the sequence of time steps.
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Furthermore, we remark that Eq. (7.13) could have also been obtained using
the central difference derivative to approximate the second time derivative in
Eq.(7.1):

__ Riv1 = 2R + Ry

Ry ~ =F. 7.15
k A2 k (7.15)

In summary, the VERLET or STORMER-VERLET algorithm is defined by the
following set of equations:

Riy1 = 2Ry — Ry—1 + FkAtz R k>1,

1
R, = Ry + AtV + 2F0At2 ) (7.16)

We employ the central rectangular rule of integration (Sect.3.2) in order
to obtain approximations which are formally equivalent to Eq.(5.11). In
particular, we obtain from Eq. (7.10):

Rit1 = Ri+ Vi1 At (7.17)

We note that the value of Vi1, is yet undetermined. However, it can be
determined in a similar fashion via

Viey = Vi1 + FiAr. (7.18)

This method is referred to as the leap-frog algorithm and is initialized by the
relation

At
Vi=Vo+ _Fp. (7.19)

2 2
This equation can also be obtained by expanding Vi/; in a TAYLOR series up
to first order around the point #o = 0 and by noting that V; = F}. In summary

we write the leap-frog algorithm as

Rk+l :Rk+Vk+éAt7
Vk+% = Vk—% + Fr At

1
Vi=Vo+ FoAr. (7.20)
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(iii) A third, very elegant alternative is the so-called velocity VERLET algorithm.

We expand Ry :
1 2
Rit1 = Ry + Vi At + ZFkAl . (7.21)

This allows to calculate the spatial coordinates at time #;4; if Ry and Vj are
given. Note that F; = F(Ry) is completely determined by the positions Ry.
Nevertheless, we need one more relation in order to determine the velocities
at times #;+1. Again, we expand V;4; in a TAYLOR series. However, we
approximate the remainder by the arithmetic mean between #; and ;4 :

1
Vitr = Vi + ) (Fi + Fiy1) At (7.22)

The strategy is clear: we calculate the positions R4 from Eq. (7.21) for given
values of Ry and Vj. With the help of Ry, we compute Fi4, which is then
inserted into Eq.(7.22) which determines Vj4;. In summary, the complete
algorithm of the velocity VERLET method is defined by the steps:

1
Rit1 = Ry + Vi At + 2FkAt2 ,

1
Vier = Vi + ’ (Fx + Fry1) At . (7.23)

We note some properties of these methods. The STORMER-VERLET algorithm
of Eq.(7.16) is time-reversal symmetric (invariant under the transformation At —
— A1), hence reversible. This is a direct consequence of its relation to the symplectic
EULER method. Moreover, the positions R; obtained with this method are highly
accurate, however, the procedure suffers under an inaccurate approximation of the
velocities V. This shortcoming is clearly remedied by the leap-frog algorithm (7.20)
or the velocity VERLET algorithm (7.23). However, these methods are not time-
reversal invariant. Hence, one has to decide whether or not very accurate values
for the velocities are required for the problem at hand. In many cases the velocity
VERLET algorithm is the most popular choice.

7.3 Numerical Implementation

The rough structure of a molecular dynamics code consists of three crucial steps,
namely

¢ Initialization,
 start simulation and equilibrate,
e continue simulation and store results.
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In the following we discuss some of the most important subtleties associated with
these three parts. In particular we will focus on the choice of appropriate boundary
conditions and on the choice of the scales of characteristic quantities.

Boundary Conditions

Basically, there are two possibilities: (i) The system is of finite size and the
implementation of boundary conditions might be straightforward. For instance, let
us assume that we regard N particles within a finite box of reflecting boundaries,
we simply propagate the particle-coordinates in time and if a particle tries to leave
the box, we correct its trajectory according to a reflection law. The velocity is
adjusted accordingly. This is illustrated in Fig.7.2 for a two-dimensional case and
the particular situation that the particle is reflected from the right hand boundary of
the box. The corresponding equations read

Fey = (xk+1) _ (L_(;Ck+l —L)) , (7.24)

Vi+1 Vk+1

and
Vit 1 x —Upa1x
Vi1 = ( kL ) = ( kL ) . (7.25)
Uk+1,y Uk+1,y

Fig. 7.2 Illustration of the Y
reflection principle for a box
of finite dimension with
reflecting boundaries

~ ~
Kis1Yier1) (3(k+1’yk+1)

(X i)
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Here, L denotes the length of the box and Xgy1, Yi+1, Uk+1, and U4, are the
positions and velocities one would have obtained in the absence of the boundary,
see Fig.7.2.

(ii) The system is not confined. Then the situation is entirely different. Of course,
one could approximate the infinite volume by a large but finite volume. In such a
case the influence of a constraint to finite size is usually not negligible. The induced
errors are referred to as finite volume effects. A very popular choice are so called
periodic boundary conditions which means that a finite system is surrounded by an
infinite number of completely identical replicas of the system, where the forces
are allowed to act across the boundaries. Because of this, calculating the force
on one particle requires the evaluation of an infinite sum. This is numerically not
manageable and we have to find ways to truncate the sum. For instance, it might
be a good approximation to restrict the sum to nearest-neighbor cells. However, the
applicability of such an approach highly depends on the properties of the system
under investigation and, in particular, on the range of the interaction potential.
In case of a LENNARD-JONES potential the quantity defining the range of the
interaction potential is €, see Fig. 7.1.

If a particle leaves the box, it enters the box at the same time on the opposite
side. More generally, due to the requirement of identical replicas, we have for all
observables O(r) that O(r + nK) = O(r), where r lies within the central box, K is
a lattice vector pointing to one of the neighboring cells and n € Z.

There is another crucial point concerning periodic boundary conditions. In case
of a closed system, the system is definitely at rest. However, if periodic boundary
conditions are imposed it is possible that the particles move with constant velocity
from one cell to another, which, in our case, resembles circling trajectories. This is
definitely not desirable since the total velocity is a measure of the kinetic energy
and, therefore, of the temperature of the system. However, one can shift the total
velocity in order to remedy this problem. In particular, if

N
Vot = D Vi #0, (7.26)

i=1
the shift

v = v (7.27)
yields the desired result. We note that in a case where all masses are identical, i.e.
my = my = ... = my = m, this is equivalent to pys = Mu = 0.

In conclusion, we remark that the choice of boundary conditions is not the only
item to be considered in the definition of the system. Another quite crucial point
might be the size of the box. If an infinite system is modeled using finite systems,
the dimension of the box must fairly exceed the mean free path of the particles.
Otherwise, the influence of the boundaries is going to perturb significantly the
outcome of the numerical experiment.
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Initialization and Equilibration

We remember from statistical physics [1-4] that every degree of freedom in the
system (7.1) contributes just kg7/2 to the total kinetic energy because of the
equipartition theorem. Here kg is BOLTZMANN’s constant and 7 is the temperature.
If we regard N particles, which move in a d-dimensional space, we have d(N — 1)
degrees of freedom, if we demand that v, = 0. Hence, we have

N

1 diN —1
Exin = ) Zmivf = ( 5 )kBT, (7.28)

i=1
which gives a relation from which we can determine the temperature of the system:

N

1 2

ke T = - 1) ;m,vi : (7.29)
However, in many applications the system is supposed to be simulated at a given

temperature, i.e. the temperature 7 is an input rather than an output parameter and

is supposed to stay constant during the simulation. We can control the temperature

by rescaling the velocities and this might be necessary at several times during the

simulation in order to guarantee a constant temperature. We define

vl = Av;, (7.30)

where A is a rescaling parameter. The temperature associated with the velocities v’
is given by

N
ke T = A > m} (7.31)
d(N —1) i

i=1

This allows to determine how to choose A in order to obtain a certain temperature
T"

— DkgT’
A= \/ dN = DksT" (7.32)
2Exin

We note that if the total velocity, which is the sum of all velocities v;, is zero, the
total velocity corresponding to the rescaled velocities v! is also equal to zero since

N N
douf=2) vu=0. (7.33)

i=1 i=1
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This ensures that rescaling of the velocities does not induce a bias.

The choice of the initial conditions highly influences the time the system needs
to reach thermal equilibrium. For instance, if a gas is to be simulated at a given
temperature 7 it might be advantageous to choose the initial velocities according to
a MAXWELL-BOLTZMANN distribution. The MAXWELL-BOLTZMANN distribution
states that the probability [more precisely: the pdf (probability density function
describing the probability, see Appendix E)] that a particle with mass m has velocity
v is proportional to

m|v|?
p(jv|) « |v|2exp (— 2ILB|T) . (7.34)

Another intriguing question is how to check whether or not thermal equilibrium
has been reached. In statistical mechanics one is usually confronted with expectation
values of observables O(f) as a function of time. The expectation value (O) is
defined as

(0) = lim ! tdtO(t). (7.35)

=00 T Jg

Since O(t) is not known analytically one replaces the mean value by its arithmetic
mean

k+n

1
(0)~ 0 = o) . (7.36)

If n and k are sufficiently large, the average value can be regarded as converged.
In particular, one has to choose n reasonably large and then find & in such a way,
that for all values K’ > k the same result for O is obtained. Hence, equilibrium has
been reached after k time-steps and it is now possible to ‘measure’ the observables
by calculating their mean values. A more detailed discussion of such a procedure,
as, for instance, the influence of time correlations or a discussion of more advanced
techniques is postponed to Chap. 19.

There is one last point: In many cases the natural units of the physical system
might be disadvantageous because they are likely to induce numerical instabilities.
In such cases a common technique is to switch to rescaled variables by introducing
new units, which are characteristic quantities for the system and all physical
quantities are expressed in these new units. For instance one might introduce the
length L of the box as the unit of space. The new spatial coordinates would then be
given by

Fo= . (7.37)
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Hence all coordinates take on values within the interval ¥ € [0, 1]. However, one
cannot introduce an arbitrary set of characteristic quantities due to the physical
relations they have to obey. For instance, one might introduce a characteristic
energy Ey, a characteristic length A, and a characteristic mass m. In this case the
characteristic temperature T is determined via

. E
T="° (7.38)
kg

Moreover the characteristic time t is fixed to the value

_ (7.39)
T = E .

which results from the relation between the kinetic energy and the velocity.

To illustrate a molecular dynamics simulation we study a set of N = 100 particles
of mass m = 1 which are subject to a LENNARD-JONES potential (7.4) characterized
by € = o0 = 1 and to a gravitational force mg, g = 9.81. At initialization the
particles are placed in a 10 x 10 lattice starting with the lower left hand edge at
x = 10.5 and y = 10. The particles are equally spaced with Ax = Ay = e.
This initial configuration is shown in Fig. 7.3a. Furthermore, the left hand side, the
right hand side, and the bottom of the confinement (L = 30) are described by
reflecting boundary conditions, Eqgs. (7.24) and (7.25). The confinement is open at
the top, i.e. it extends to infinity. The time step is given by Az = 1073, Figure 7.3b—
d demonstrate how the system developed after 1200, 1800, and 3000 time steps,
respectively.

This chapter closes our discussion of the numerics of initial value problems. In
the following chapters we will introduce some of the basic concepts developed to
solve boundary value problems with numerical methods.

Summary

This chapter dealt with the classical dynamics of many particles (not neces-
sarily identical particles) which are confined in a box of finite dimension or
which are allowed to roam freely in infinite space. The particles are subject
to a particle-particle interaction and to an external force. The discussion was
restricted to classical molecular dynamics. From NEWTON’s equations of motion
for N interacting particles numerical methods were developed which allowed the
simulation of the particles’ dynamics. Based on the symplectic EULER method the
STORMER-VERLET algorithm was derived. Another approach was based on the
central rectangular rule and resulted in the leap-frog algorithm. Finally, the velocity
VERLET algorithm was introduced. All three methods do have their merits. The
first gives very accurate results for the particles’ positions but calculates inaccurate
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Fig. 7.3 (a) Initial configuration: the particles are placed in a 10x 10 equally spaced lattice starting
with x = 10.5 and y = 10.0; g = 9.81. The initial velocities are equal to zero. (b) Configuration
after 1200 time steps. (¢) Configuration after 1800 time steps. (d) Configuration after 3000 time
steps

velocities. It has the advantage that it is time reversible. The other two methods
lack this property but give very accurate estimates of the particles’ velocities. The
final part of this chapter was dedicated to the discussion of various subtleties of
the numerical implementation of these algorithms as there were: (i) definition of
boundary conditions, (ii) initialization of the algorithm, (iii) equilibration to a given
temperature, (iv) ensuring constant temperature throughout the simulation, and (v)
transformation to rescaled variables.

Problems

1. We investigate the pendulum of Chap. I and write its equation of motion as
o 2.
X+owx=0,

with o = \/ g/£. The STORMER-VERLET algorithm is applied to simulate the
pendulum’s motion and to compare the numerical results with the exact solution.
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Demonstrate that the result is very sensitive to the choice of the time step Af and,
in particular, of the product w At. Note that in this particular case the STORMER-
VERLET algorithm can also be studied analytically! What happens for the choice
wAt = 1 or wAt > 2? Which conclusions can be drawn from this example for a
proper choice of the time discretization?
Try the other two methods to simulate the pendulum’s dynamics.

2. Write a molecular dynamics code with the help of the following instructions. You
can use either the leap-frog or the velocity VERLET algorithm. We consider the
following system:

* There are N = 100 particles in a two-dimensional box with side length
L = 30. The boundaries at the bottom, at the left- and at right-hand side
are considered as reflecting, as in Fig. 7.2. The top of the box is regarded as
open (no periodic boundary condition or reflecting boundary is imposed).

» The particles interact through a LENNARD-JONES potential of the form (7.4)
where € and o define the interaction.

* Furthermore, a gravitational force Fe, = —mge, acts on each particle, where
m is the particle’s mass, g is the acceleration due to gravity, and e, denotes the
unit vector in y-direction.

* As an initial condition, the particles can be placed within the box on a regular
lattice, where the distance between the particles is the characteristic distance
according to the LENNARD-JONES potential, i.e. €. The form and position of
this lattice is arbitrary. This is illustrated in Fig. 7.3.

We measure the velocities and the positions of all particles. Since the particle’s
velocities and positions are to be analyzed with the help of an extra program, the
data are written to external files (it is not necessary to save all time steps!).

Perform the following analysis:

* Determine the temperature 7 from the kinetic energy as discussed in in this
chapter. Note that in this particular case we do not demand that v,,, = 0!

» Try different initial conditions. For instance, set the initial velocity equal to
zero and stack the particles in different geometric configurations (rectangle,
triangle, ..., one can also use more than one configurations at the same time!).
The nearest neighbor distance between the particles can be set equal to e.
Choose one configuration and place it at different positions in the box. What
happens?

* Sete = 0 = m = 1 (we change the units) and set in the initial condition to
the inter-atomic distance of 2¢¢. (Why?) Vary the gravitational acceleration g
(different systems of units) in order to simulate different states of matter. The
reference program developed solid behavior for g ~ 0, liquid behavior for
g ~ 0.1 and gaseous behavior for g > 1. Explain this behavior!

» Measure the particle density p(%) as a function of the height 4. You should be
able to reproduce the barometric formula:

p < poexp{—yh/T}, y>0.
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* Determine the momentum distribution (p; = mv;) of the particles and

demonstrate that it follows a MAXWELL-BOLTZMANN distribution
p(v]) o< [v]*exp{—y|v[*/T}. y >0,

with |v| = \/ vZ + v2, the Euclidean norm.

 Illustrate the results of the simulation graphically.
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Chapter 8
Numerics of Ordinary Differential Equations:
Boundary Value Problems

8.1 Introduction

It is the aim of this chapter to introduce some of the basics methods developed to
solve boundary value problems. Since a treatment of all available concepts is far
too extensive, we will concentrate on two approaches, namely the finite difference
approach and shooting methods [1-5]. Furthermore, we will strictly focus on linear
boundary value problems defined on a finite interval [a, b] C R. A boundary value
problem is referred to as linear if both the differential equation and the boundary
conditions are linear. Such a problem of order 7 is of the form

L] =f(),  xelab],

8.1
Uyl = Ay, v=1,...,n.

Here, L[y] is a linear operator
Lyl =" ar(y® (v . (8.2)
k=0
where y¥)(x) denotes the k-th spatial derivative of y(x), i.e. y¥ = d*y(x)/dx* and

f(x) as well as the a;(x) are given functions which we assume to be continuous.
Accordingly, linear boundary conditions U, [y] can be formulated as

n—1
b =) [euy®(@ + Buy )] = Ay (8.3)
k=0
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where the o, B,x and A, are given constants. The question in which cases a solution
to the boundary value problem (8.1) exists and whether or not this solution will be
unique [6], will not be discussed here.

Let us introduce some further conventions: The differential equation in the first
line of Eq.(8.1) is referred to as homogeneous if the function f(x) = 0 for all
x € [a, b]. In analogy, the boundary conditions are referred to as homogeneous if the
constants A, = 0 for all v = 1, ..., n. Finally, the boundary value problem (8.1)
is referred to as homogeneous if the differential equation is homogeneous and the
boundary conditions are homogeneous as well. In all other cases it is referred to as
inhomogeneous. Moreover, the boundary conditions are said to be decoupled if the
function values at the two different boundaries do not mix.

One of the most important types of boundary value problems in physics are linear
second order boundary value problems with decoupled boundary conditions. They
are of the form:

ax(x)y" (x) + a1(x)y'(x) + ao()y(x) =f(x) . x € [a.b] (8.4a)
aoy(a) +ay'(@) = A1, ol +lea| #0,  (8.4b)
Boy(®) + 1y (b) = Az, |Bol + [Bi] #0.  (8.4c)

This chapter focuses mainly on problems of this kind.
In particular, for second order differential equations, boundary conditions of the
form

y@ =a, yb) =8, (8.5)

are referred to as boundary conditions of the first kind or DIRICHLET boundary
conditions. On the other hand, boundary conditions of the form

Y@=a, YO®)=8. (8.6)

are referred to as boundary conditions of the second kind or NEUMANN boundary
conditions and boundary conditions of the form (8.4) are referred to as boundary
conditions of the third kind or STURM boundary conditions.

We note, that the particular case of decoupled boundary conditions does not
include problems like

y(@) =y(b) #0. (8.7)

We encountered such a condition in Sect.7.3 where we introduced boundary
conditions of this form as periodic boundary conditions.

In the following section the method of finite differences will be applied to solve
boundary value problems of the form (8.4). On the other hand, shooting methods, in
particular the method developed by NUMEROV (see, for instance, [7] and references
therein), will be the topic of the third section.
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A common alternative in the case of constant coefficients is to solve the
differential equation with the help of FOURIER transform techniques. A brief
introduction to the numerical implementation of the FOURIER transform is given
in Appendix D.

8.2 Finite Difference Approach

For illustrative purposes, we regard a boundary value problem of the form (8.4). The
extension to more complex problems might be tedious but follows the same line of
arguments. We discretize the interval [a, b] according to the recipe introduced in
Chap. 2: the positions x; are given by x; = a + (k — 1)h, where the grid-spacing h
is determined via the maximum number of grid-points N as h = (b —a)/(N — 1).
Hence, we have x; = a and xy = b. Furthermore, we use the notation y; = y(x;)
forallk = 1,...,N.It will be used for all functions which appear in Egs. (8.4).

Let us now employ the central difference derivative (2.10c) in order to approxi-
mate

Vi1 = 2V + Yi—1

- , (8.8)

i =" (%) ~

fork=2,...,N—1and

V41 — Yk—1

. (8.9)

Yo =¥ () ~
The boundary points x; and xy will be treated in a separate step. In order to

abbreviate the notation we will rewrite the differential equation (8.4) without the
indices as

a(x)y”(x) + b(x)y'(x) + c(@)y(x) = f(x) . (8.10)

Equations (8.8) and (8.9) are then applied and we arrive at the difference equation

Yitt = 2y + Vi1 Vi1 = Yik—1

b =fi, 8.11
ax 2 too T ave=h 8.11)

where k = 2,...,N — 1. Sorting the y; yields

ay bk 2ak ay bk

— _ — =fi, 8.12
(h2 2h))’k 1+(Ck hz))’k+(h2+2h))’k+l i (8.12)
and this equation is only valid fork = 2, ..., N—1 because we defined N grid-points

within the interval [a, b].
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A final step is necessary in which the boundary conditions are incorporated. This
will then enable us to reduce the whole problem to a system of linear equations.
Decoupled boundary conditions of a second order differential equation for the left-
hand boundary (8.4b) are of the general form:

agy(a) + a1y (a) = Ay, ool |ai| #0. (8.13)

In analogy, we find for the right-hand boundary (8.4c):

Boy(b) + B1Y'(b) = X2, |Bol, 181l #0. (8.14)

We discretize y'(a) as

f=y(@) ~ 2?0 (8.15)

1=yl wm

and set y; = y(a). Note that the function value y, in Eq. (8.15) is unknown since
the virtual point xo = a — h is not within our interval [a, b]. Nevertheless, we use
Eq. (8.15) in Eq. (8.13) and obtain:

Y2—Yo

=A. 8.16
o 1 (8.16)

aoy1 + o

We solve now Eq. (8.16) for y, under the premise that oy # 0,

2h
Yo=y2- (A1 —aoy1) (8.17)
1

rewrite Eq. (8.12) fork = 1,

ap by 2a; a by
— — =fi, 8.18
(h2 Zh)yo + (Cl Jps )yl + (h2 + 2h)y2 fi (8.18)

and insert (8.17) into (8.18):

2aq oo (2a; b 2aq y; Al b 2aq (8.19)
cr — _ —f _ _ . .
1 Jps + 1 " 1)y + w2 Y2 1 1 1 A

On the other hand, in the specific case of «; = 0 we immediately obtain from
Eq. (8.16):

A
y="". (8.20)
(o%0]
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The same strategy can be applied to incorporate the right-hand side boundary
condition, Eq. (8.14): We discretize Eq. (8.14) by introducing the function value
Yn+1 at the virtual grid-point xy4+; = N + h outside the interval [a, b] via:

Boywn + ,31))1\”“2_}1))1\’_1 =A. (8.21)

This equation is solved for yy; under the premise that §; # 0

2h
(A2 = Boyw) (8.22)
Bi

and insert this into Eq. (8.12) for k = N. This results in:

ZaN ZaN ,30 2611\/ Az 2611\/
_ — — b =fv— b .
pe IN l+|:CN w B (N+ n ):|)’N Iy 8, N+ b
(8.23)
In the specific case 1 = 0, the value yy is fixed at the boundary and one obtains

from Eq. (8.14):

YN+1 = YN—1 +

_ A (8.24)
)’N—IBO- .

All these manipulations reduced the boundary value problem to a system of
inhomogeneous linear equations, namely Eqgs. (8.12), (8.19), and (8.23). It can be
written as

Ay=F, (8.25)

where we introduced the vector y = (y1,y2,...,yn)’, the vector F

fim i =)
fa

F= , , (8.26)
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and the tridiagonal matrix A:

B, C; 0 )
Ar B, G
A=| 0 . (8.27)
: IR .0
An—1 By—1 Cn—1
0 - 0 Ay By

Here we defined

A = (8.28)

ZaN
2 k=N,
2 2
P G k=1,
]’l2 (03] h
2ak
B, = =" k=2,..N—1, (8.29)
2ay  Po 2ay
— b k=N,
[CN 2 ﬁl(” h)]
and, finally,
2(11
2 k=1,
Ci = (8.30)
w y D k=2,... .N—1
o )

The remaining task is now to solve this linear system of equations (8.25). (A
brief introduction to the numerical treatment of linear systems of equations can
be found in Appendix C.) Very effective methods exist for cases where the matrix
A is tridiagonal [8] as it is the case here. Although we discussed the method of
finite differences for the particular case of a second order differential equation with
decoupled boundary conditions, the same strategy can be employed to derive similar
methods for higher order boundary value problems. However, these methods will, in
general, be more complex. Furthermore, we note that in cases where ¢y = ; = 0
the function values at the boundaries y; and yy are fixed and the corresponding
system of linear equations reduces to (N — 2) equations.
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Let us briefly investigate the differential equation which corresponds to the
problem (8.4) together with periodic boundary conditions of the form (8.7). In this
case we have to consider that

Y1 =N, (8.31)
and, for a solution to exist, we have necessarily
ay = ay, bl = bN, and Cl =CpN . (832)

The finite difference approximations (8.8) and (8.9) are again applied to derive
Egs.(8.12)fork =2,...,N — 1. For k = 2 Eq.(8.12) becomes

an b2 2a2 as b2
— + — + + =f, 8.33
(h2 Zh)yl (Cz h2 )” (h2 2h)y3 f2 (8.33)

and we have fork = N — 1

ay—1  by— 2ayn— an—1 . by-i
( i o )yzv—z + (CN—l 2 )yN—l + ( e T oo )yN = fv-1 -
(8.34)

Since y; = yy this can be rewritten as

ay—1  by— 2an—1 an—1  by—1 _
( 2 o ))’N—z + (CN—l Jps )yN—l + ( e T oo )yl =fy-1-
(8.35)

Finally, Eq. (8.12) results for k = 1 in

a bl 2a1 a) bl
— 1+ — + + =fi, 8.36
(h2 211)”V ! (C‘ h? )yl (h2 2h)y2 /i (8.36)

where we identified yo = y(x; — h) = y(xy — h) = yy—1. All this results in a closed
system of N — 1 equations, which is of the form (8.25)

Ay=F. (8.37)
where y = (y1,y2, ..., ynv-1)7,
fi
S
F = ) , (8.38)

Sn—1
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and the (N — 1) x (N — 1) matrix A is given by

B, ¢, 0 - 0 Ay
Ay By, G 0
a=| O . (8.39)
: e - 0
0 An—2 By—2 Cn—2
Cnv—1 0 --- 0 Ay—y By—
Here, we defined
ay bk
A = — , k=1,....N—1, 8.40
k (h2 Zh) (8.40)
2a
Bk:(ck—hzk), k=1,....N—1, (8.41)
and
o k=1,....N—1 (8.42)
= 2 on) =1,..., . .

In contrast to the matrix (8.27) the matrix (8.39) is not tridiagonal since the
matrix elements (A); y—; and (A)y—1,; are non-zero. Nevertheless, it was possible
to reduce the boundary value problem to a system of linear equations which can be
solved iteratively.

8.3 Shooting Methods

For illustrative purposes, we restrict here the discussion to a second order boundary
value problem with decoupled boundary conditions of the form (8.4). The essential
idea of shooting methods is to treat the boundary value problem as an initial value
problem. The resulting equations can then be solved with the help of methods
discussed in Chap. 5. Of course, such an approach is ill-defined because no initial
conditions but only boundary conditions are given. The trick is, that one modifies the
initial conditions iteratively in such a way that in the end the boundary conditions
are fulfilled. Let us put this train of thoughts into a mathematical form: We rewrite
the second order differential equation (8.4a) as

Yi=f0.y.x). (8.43)
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which can be reduced to a set of first order differential equations as was demon-
strated in Chap.5. We note that Eq. (8.43) is not yet well posed since the initial
conditions have not been defined. The boundary condition on the left-hand side
reads:

aoy(a) + a1y (a) = A; . (8.44)

We now assume that y'(a) = z, where z is some number. This gives the well posed
initial value problem

Y =f0.y.x) .
A
yay=""-"2, (8.45)
(070} (070}
yi(a) =z,

under the assumption that oy # 0. The solution of this problem will be written as
y(x; z) in order to indicate its dependence on the particular choice y'(a) = z. We
remember, that the boundary condition at the right-hand boundary is defined as:

Boy(b) + 1y (b) = A5 . (8.46)

Let us introduce the function:
F(2) = Boy(b:2) + B1y'(b:2) — A2 . (8.47)
We observe that the solution of the equation
F(z) =0, (8.48)

gives the desired solution to the boundary value problem (8.4), because in this case
the second boundary condition (8.46) is fulfilled. In practice, one tries several values
of z until relation (8.48) is fulfilled. However, from a numerical point of view this
method is very inefficient since usually several initial value problems have to be
solved until the correct value of z is found. Nevertheless, in some cases shooting
methods proved to be very useful [7].

For instance, shooting methods are particularly effective if a solution to an
eigenvalue problem of the form

a(x)y”(x) + b(x)y' (x) + c(¥)y(x) = Ay(x) , (8.49a)
in combination with homogeneous boundary conditions,

aoy(a) +a1y'(a) =0, (8.49b)
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and

Boy(b) + B1y'(b) =0, (8.49¢)

is to be found. We note that Eq. (8.49a) has the trivial solution y(x) = 0 for all
values of A. However a non-trivial solution will only exist for particular values of A.
These particular values will be indexed by A, and are referred to as eigenvalues of
Eq. (8.49a) [9]. The corresponding functions y,(x) are referred to as eigenfunctions.
We note that the differential equation (8.49a) in combination with the boundary
conditions (8.49b) and (8.49c¢) define a homogeneous boundary value problem. Such
a problem is commonly referred to as an eigenvalue problem [9]. Furthermore, we
note the following property of homogeneous boundary value problems: Suppose
that y(x) is a solution of the boundary value problem (8.49), then y(x) = yy(x), with
y = const will also be a solution of (8.49). Hence, the solution of a homogeneous
boundary value problem is not unique but invariant under multiplication by a
constant y. Typically, the multiplicative factor y is fixed by some additional
condition, such as a normalization condition of the form

b
/ dely(n* = 1. (8.50)
We now employ this property and choose y(a) = 1. Inserting this choice
into (8.49b) yields
Vi) =-"" (8.51)
o

Note that for ¢p = 0 or o = 0, we are restricted to the choices y'(a) = 0 and
y(a) is arbitrary or y(a) = 0 and y'(a) is arbitrary, respectively. If we assume that
a(x) # 0 for all x € [a, b], we can solve the initial value problem

e _b(x) reoy c(x) — A
yix) = at)’ (x) a(o) y(x) ,
ya) =1, (8.52)
Vi) ="
)

The solutions are denoted by y(x; A) in order to emphasize that they will highly
depend on the choice of the parameter A. The strategy is to solve the initial value
problem (8.52) for several values of A and whenever one finds that

F(An) = IBOy(van) + ﬂly/(b;kn) - An =0 P (853)
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is satisfied, an eigenvalue A,, with the corresponding eigenfunction y,(x) = y(x; A,)
of the eigenvalue problem (8.49) has been found.

However, this strategy is also very time consuming. The most common applica-
tion of the shooting method is its combination with a very fast and accurate solution
of initial value problems. This method is known as the NUMEROV method [7]. It is
applicable whenever one is confronted with a differential equation of the form

y'(x) + k(x)y(x) =0, (8.54)

in combination with homogeneous boundary conditions. Here k(x) is some function.
If we are particularly interested in eigenvalue problems then k(x) has the form
k(x) = g(x) — A, where g(x) is some function and A is the eigenvalue [see the
discussion after Eq. (8.49)]. For instance, consider the one-dimensional stationary
SCHRODINGER equation [10-12],

Y00+ = Vly @ =0, (8.55)

where ¥ (x) is the wave-function, m is the mass, # denotes the reduced PLANCK
constant, E is the energy, and V(x) is some potential. In this case we identify

k(x) = i’zl [E— V()] . (8.56)

We note that Eq. (8.55) together with its boundary conditions defines an eigenvalue
problem with eigenvalues E,, the possible energies of the system. We remember
from Chap. 2, Eq. (2.34), that

PR Raa T o T R ) _
i = h2 _12j ... = 7K (857)
Here we made use of Eq. (8.54) and introduced k; = k(x;). Furthermore, we write
the fourth derivative of y(x) at point x = x; as

@ Y =2V ke + 2k — k1o
Y~ 5 = 5 , (8.58)
h h
where we employed Eq. (8.54). Truncating (8.57) after the fourth order derivative
yl(.4) , inserting relation (8.58), and solving for y;; yields

2 2
2 (1 -1 kj) Vi = (1 + }fz"j—l) Vi1 5.59)
yj+1 = 2 . .
1+ Illzkj+1

This gives a very fast algorithm to solve the differential equation (8.54) with some
initial values of the form (8.52). The remaining strategy is the same as discussed
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above, i.e. one screens the parameter A in order to find the eigenvalues A, and
eigenfunctions y,(x). In case of the SCHRODINGER equation, one can screen the
energy E in order to obtain the energy eigenvalues E, which satisfy a condition of
the form (8.53).

Before we present two illustrating examples in the next two chapters let us
conclude this section with two important remarks on the NUMEROV method. We
note from Eq.(8.59) that in order to compute y3 one already needs the function
values y; and y;. Usually, one obtains these values from the boundary conditions
in combination with some additional condition for the problem at hand. Such an
additional condition might be, for instance, the normalization of the function y(x),
like Eq. (8.50). We also emphasized that one has to run the NUMEROV algorithm
several times for different trial values of the parameter A. In order to reduce the
computational cost of the method it is in many cases advantageous to store the
function values g;, where k; = ¢; — A, in an array which is then regarded as an
input argument of the NUMEROV algorithm.

Summary

We focused on linear boundary value problems defined on a finite interval [a, b] C
R. Most important for physics are second order boundary value problems with
decoupled boundary conditions, i.e. the boundary conditions at the two different
boundaries do not mix. The numerical treatment of the second order differential
equation together with its boundary conditions concentrated either on the applica-
tion of finite differences or on shooting methods. In the finite difference approach
the methods developed in Chap.2 were applied and the boundary conditions were
incorporated directly. This resulted in a set of linear algebraic equations which
was to be solved for each grid-point of the discretisized interval [a, b]. The case
of periodic boundary conditions was also discussed in detail.

The shooting methods, on the other hand, try to link the decoupled boundary
value problem to an initial value problem. This allowed the application of the
methods discussed in Chap. 5. The idea was to start with some initial value at one
of the two boundaries, solve the differential equation numerically and to modify
the initial value iteratively until it agreed with the original boundary condition
within some predefined error. Such a procedure is rather time consuming. Never-
theless, shooting methods, in particular its NUMEROV variation, proved to be very
useful in the numerical solution of eigenvalue problems. This was demonstrated
using the homogeneous boundary value problem of the one-dimensional stationary
SCHRODINGER equation as an example.
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Problems

1.

Solve the linear second order boundary value problem
Y'®) +y() = x,

for x € [0, /2] with the boundary conditions y(0) = 0 and y(7/2) = 1
analytically and then numerically with the help of finite differences.

. Solve the linear, second order boundary value problem

y"(x) — 2 cos(2x)y(x) = 0,

on the interval [—7/2, /2] and with the boundary conditions y(£x/2) = 1.
Use the finite difference method.

Comment: The solution can be expressed analytically in terms of so-called
MATHIEU functions [13, 14] which might be intrinsically available from your
computing environment. If this happens to be the case, it might be a good idea to
compare the numerical solution with the analytical result.
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Chapter 9
The One-Dimensional Stationary Heat Equation

9.1 Introduction

This is the first of two chapters which illustrate the applicability of the methods
introduced in Chap. 8. Within this chapter the finite difference approach is employed
to solve the stationary heat equation. Let us motivate briefly this particular problem.
We consider a rod of length L which is supposed to be kept at constant temperatures
Ty and Ty at its ends as illustrated in Fig. 9.1. The homogeneous heat equation is a
linear partial differential equation of the form

ZftT()c, 1) = kAT (x,1) . 9.1

Here T'(x, 1) is the temperature as a function of space x € R?® and time t € R,
A=V:=29+ 33 + 92 is the LAPLACE operator, and k = const is the thermal
diffusivity.

We remark, that Eq.(9.1) is a partial differential equation together with initial
and boundary conditions. Moreover, we note in passing that the heat equation is
equivalent to the diffusion equation [1]

gtp(x, t) = DAp(x, 1), 9.2)

with particle density p(x, ) and the diffusion coefficient D = const. Here we restrict
ourselves to a simplified situation in order to test the validity of the finite difference
approach discussed in Sect.8.2. The general solution of the heat or diffusion
equation will be discussed in Sect. 11.3. (The problem of the one-dimensional heat
equation was studied in all conceivable detail by J. R. CANNON [2].)

If we assume that the cylindrical surface of the rod is perfectly isolated, we can
restrict the problem to a one-dimensional problem. Furthermore, we assume that the
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Fig. 9.1 We consider a rod T0 Ty
of length L. Its ends are kept

at constant temperatures T
and Ty, respectively

steady-state has been reached, i.e. gt T(x,t) = 0. Hence, the remaining boundary
value problem is of the form

d2
02 T(x) =0, xel0,1],

T(0) =Ty . ©-3
T(L) =Ty .
The solution can easily be found analytically and one obtains
x
T(x) =Ty + (Ty —Tp) L 9.4)

In the following section we will apply the approach of finite differences to the
boundary value problem (9.3) as discussed in Sect. 8.2.

9.2 Finite Differences

We discretize the interval [0, L] according Chap. 2 by the introduction of N 41 grid-

points x, = nh, with h = L/N, xo = 0, and xy = L. Furthermore, T,, = T(x,) and,

in particular, we refer to the boundary conditions (9.3) as Ty and Ty, respectively.
On the basis of this discretization, we approximate Eq. (9.3) by

Tn+1 - 2Tn +1T, —1
5 -0, (9.5)

or equivalently
Tyy1—2T,+T,—1 =0. (9.6)
We can rewrite this as a matrix equation,

AT=F, 9.7)
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where the boundary conditions have already been included. In Eq. (9.7) the vector

T = (T\,T»,...,Ty_1)". Furthermore, the tridiagonal matrix A is given by
-21 0 ... 0
1 -210...0
A= 0 1 -21 : (9.8)
0 1 =2

and the vector F by

F=| : |. 9.9)

It is an easy task to solve Eq. (9.7) analytically. It follows from Eq. (9.6) that
Toy1 = 2T, — Ty, n=1,....N—1. (9.10)

We insert n = 1, 2, 3 in order to obtain

Ty =2T—T, (9.11)
Ty =2T,— T,

= 3T, — 2T, , (9.12)
T, =2Ts—T,,

= 4T, — 3T, . (9.13)

We recognize the pattern and conclude that 7, has the general form
T, =nTi—(n— 1Ty, (9.14)
which we prove by complete induction:

Thv1 = 2T, — Ty
=2[nTy — (n — DTo] — [(n — DT — (n —2)To]
=(n+ )T, —nTyp . (9.15)
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Hence, expression (9.14) is valid for all n = 1,..., N. However, since Ty is kept
constant according to the boundary condition, we can determine 7 from

Ty = NT), —NTy+ Ty, , (9.16)
which yields
T, = + T . 9.17)
Inserting (9.17) into (9.14) gives
n
Tn = TO+(TN_TO)N
nh
=To + (Ty — To) L (9.18)

which is exactly the discretized version of Eq.(9.4). Hence the finite difference
approach to the boundary value problem (9.3) is exact and independent of the
grid-spacing h. This is not surprising since we proved already in Chap. 2 that finite
difference derivatives are exact for linear functions.

9.3 A Second Scenario
We consider the inhomogeneous heat equation

E?tT(x’ 1) =kAT(x,t) — I'(x,1) . 9.19)

Here I'(x,f) = I'(x) is some heat source or heat drain, which is assumed to be
independent of time ¢. Again, we consider the one dimensional, stationary case, i.e.
Crew="rw 920)

X) = X) , .
dx? K

with the same boundary conditions as in Eq. (9.4). Furthermore, we assume I”(x) to
be of the form

o _L 2
re) = (Zexp [—(x :) } , 9.21)

i.e. I'(x) has the form of a GAUSS peak which is centered at x = L/2 and has a width
determined by the parameter £ and a maximum height given by the constant ®. Such
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a situation might occur, for instance, when the rod is heated with some kind of a heat
gun or cooled by a cold spot. (In cases where the diffusion equation (9.2) is used
to describe the random motion of electrons in some device, one can imagine, that
the density of electrons p is constant at the contacts at x = 0 and x = L. The
source/drain term I"(x) then accounts for a constant generation or recombination
rate of electrons, for instance, through incoming light or intrinsic traps, respectively
(31)

Furthermore, we note that in the limiting case £ — 0 we have
lim I"(x) «x ®§ L (9.22)
o o) '

where §(-) is the DIRAC §-distribution; in this case the spatial extension of the
source/drain term /" (x) is infinitesimal.

We now employ the results of Sect. 8.2 and rewrite the system of equations in the
familiar form'

AT = F, (9.23)

where A has already been defined in Eq.(9.8), T = (T}, Ts,..., TN_l)T, and F is
given by

Fl - ;:2 TO
n2 r
F= : . (9.24)
p :
I'n

I — oIy

Here we used the notation I, = I'(x,).

The system is solved numerically quite easily using methods discussed by PRESS
et al. [4] for the solution of sets of algebraic equations of the kind (9.24) with
tridiagonal matrix A. We chose L = 10,k = 1,0 = —04,{ = 1,Tp = 0
and Ty = 2. The resulting temperature profiles 7T'(x) (solid line) for different values
of N can be found in Figs.9.2, 9.3, and 9.4 as well as the respective form of the
function I"(x) (dashed line). With increasing number of steps we see, as it was to be
expected, a refinement of the temperature profile. Its maximum does not quite agree
with the minimum of I"(x), it is shifted slightly towards the end of the rod because
of the boundary conditions, i.e. Ty < Ty.

'We note that Eq. (9.20) can also be solved with the help of FOURIER transforms, see Appendix D.
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Fig. 9.2 Temperature profile
T(x) (solid line, left hand
scale) and the source function
I'(x) (dashed line, right hand
scale) for N = 5

Fig. 9.3 Temperature profile
T(x) (solid line, left hand
scale) and the source function
I'(x) (dashed line, right hand
scale) for N = 10

Fig. 9.4 Temperature profile
T(x) (solid line, left hand
scale) and the source function
I'(x) (dashed line, right hand
scale) for N = 100
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Summary

The methods of Sect.8.2 were applied to find the numerical solution of the
stationary heat equation with DIRICHLET boundary conditions. We studied the
particular case of an isolated rod of length L. This reduced the dimensionality of the
differential equation to one. The length of the rod was then divided into N discrete
grid-points. Using finite differences the one-dimensional ordinary second order
differential equation which described this particular problem was transformed into
a set of linear algebraic equations which determined the temperatures at each grid-
point. This set of algebraic equations was characterized by a tridiagonal coefficient
matrix. Solutions have been studied without and with a heat source which was
described as a ‘point’ source characterized by a Gaussian of given width and
amplitude. In the first case analytic solutions were easily derived. They described a
linear temperature profile increasing (decreasing) from 7y to Ty. In the latter case
solutions were generated numerically using specific algorithms designed for sets of
algebraic equations with a tridiagonal coefficient matrix A.

Problems

1. Calculate the stationary temperature profile across the cylindrical rod of Fig. 9.1
which is exposed to a heat sink centered around x = L/2. This heat sink is
described by a function I"(x) which is of rectangular shape of width a and depth
6. Both ends of the rod are kept at constant temperatures Ty and Ty, respectively.

2. Investigate the three cases Top > Ty, Ty < Ty, To = Ty > 0, and study the
influence of the width a of the heat sink on the temperature profile.

3. Consider the one-dimensional drift-diffusion equation [5]

0 0 0?
8tp(x’ t) = _Dl axp(-xv t) + DZaxzp(-xv t) + F(-xv t)

where D, is the drift constant and D, the diffusion constant. For instance, if
we want to model the electron density in an electronic device, the drift constant
would be in the simplest case D; = pE, where pu is the charge carrier mobility
and E is the x-component of the electric field.

Discretize the above equation for the stationary case and solve it numerically
for different values of D;. The boundary conditions are p(0) > 0 and p(L) >
p(0), where L denotes the length of the device. Solve it numerically and analyt-
ically for I'(x) = 0 and compare the results. Investigate also a scenario with a
generation rate I" given by an exponential function like I"(x) = Ijexp (—Ax)
with A > 0.
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Chapter 10
The One-Dimensional Stationary
SCHRODINGER Equation

10.1 Introduction

The numerical solution of the stationary SCHRODINGER equation is discussed to
illustrate the application of NUMEROV’s shooting method introduced in Sect. 8.3.

We start the discussion with a brief survey of basic quantum mechanics. Of
course, this chapter is not supposed to give a self-contained introduction into this
field and the reader not familiar with quantum mechanics should, therefore, regard
the following discussion from a purely mathematical point of view. For more in-
depth reading on quantum mechanics we refer to the books [1-4] to name a few.

A quantum-mechanical wave-function ¥ = ¥(x,7) € C is a function of time
t € R™ and space x € R3 and obeys the SCHRODINGER equation:

d
ih V¥ =HY. (10.1)
dr

Here, i = h/(2m) is the reduced PLANCK constant, i is the imaginary unit, and
H is the HAMILTON operator or Hamiltonian. If H # H(f), i.e. the Hamiltonian is
independent of time ¢, we can employ a product ansatz

U(x,t) = exp (—;Er) v(x), (10.2)
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where E is the energy and v (x) is the time-independent part of the wave-function.
This ansatz transforms Eq. (10.1) into

ih ((lit [exp (—;Et) W(x):| = ih (—;E) exp (—;;Et) ¥(x)
= exp (—;;Et) Hy(x) , (10.3)

and ¥ (x) is determined by the eigenvalue problem [5]
Hy = Ey , (10.4)

augmented by appropriate boundary conditions. We already came across Eq. (10.4)
when we discussed shooting methods in Sect. 8.3.
The one-particle Hamiltonian is of the general form

PZ
H=T+V = +V, (10.5)
2m

with the kinetic energy operator 7, the potential operator V, the momentum operator
P, and the particle’s mass m. If the system is not exposed to an external magnetic
field, P can be expressed in position space by

P=—ihV, (10.6)

and the potential operator V by V(x). Thus we get for Eq. (10.5):
hz
H=—-_ A+4+V(). (10.7)
2m

Hence, we have to solve the linear, second order partial differential equation:

hz
- 2mA1p(x) + VX)) (x) = E¥(x) . (10.8)

This equation will certainly not have solutions for arbitrary values of the
energy E. The particular values E = E,' for which it has a solution are referred to as
eigenenergies and the corresponding solution v, (x) is referred to as eigenfunction

Tt depends on the problem on hand whether or not the index n will be continuous or discrete. For
simplicity, we assume here n to be discrete.
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to the eigenenergy E, [1-3, 5]. To emphasize this point we rewrite Eq. (10.8) as:

2
- ;lmﬂl/fn(x) + V(X)) Va(x) = Epa(x) , VneN. (10.9)

It is the purpose of this chapter to develop a numerical procedure which will, in the
end, allow to calculate numerically the eigenvalues E,, and eigenfunctions ¥, (x) as
solutions of this equation.

We proceed in our analysis by defining the scalar product between two functions

x(x) and ¢(x)
() = / dx W) | (10.10)

where y*(x) denotes the complex conjugate of y(x). The corresponding L?-norm
reads

2=V xlx) = \// dx|x ()2 . (10.11)

The expectation value of an operator O in the quantum mechanical state ¥ is given
by

(WlOW) [ dxl*(x)0% (x)
= = . 0- 2
Oy T fagwr (1012

It follows from Eq. (10.4) that the energy is the expectation value of the Hamilto-
nian H

[ dx* (x)HY (x) _

=T o

(10.13)

We quote now some important properties; a detailed discussion can be found in
any textbook on quantum mechanics.

* The expectation value (O) of a Hermitian operator O, 0" = 0, is real, i.e. (O) =
(0)*. Here O denotes the adjoint of O, i.e. 0T = (0*)".

* Every real expectation value can be described by a Hermitian operator.

* All observables can be described by Hermitian operators, in particular, the
Hamiltonian has to be a Hermitian operator to ensure that the eigenenergies E,
arereal, E, € R.
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e It follows from the hermiticity of H that the eigenfunctions ¥,(x) form a
complete, orthogonal basis in HILBERT space [5]. Furthermore, the functions
can be normalized and the relation

(Yl V) = Sum (10.14)

holds, with §,,,, the KRONECKER-6.

Thus, with the help of Eq. (10.14) we rewrite the expectation value (10.12) of a
Hermitian operator O as:

(0) = /dxllf*(x)O ¥(x) . (10.15)
In a next step we define the wave function ¥, (x, r) following the ansatz (10.2)

W,(x.1) = exp (—;Ent) Valx) | (10.16)
and the total wave-function ¥ (x, ¢) is then a superposition of wave-functions ¥, (x, f)

W) =Y calulx.1) (10.17)

n

because the ¥, (x,t) constitute a complete, orthogonal basis.2 Furthermore, we
demand ¥ (x,?) to be normalized for all z. Employing Eq.(10.14) in Eq.(10.17)
yields

/dx|l1/(x, DE=> el =1. (10.18)

We quote BORN’s interpretation of the squared modulus of the total wave-
function (referred to as BORN’s rule):

| (x, 1)|>dx = The probability that the particle described by
the wave-function ¥ (x, r) can be found at time

t within a volume dx around the point x. (10.19)

2This is only possible because the SCHRODINGER equation is linear.
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This interpretation justifies the requirement of a normalization of the wave-function
W(x,1)

/dx|l11(x, D=1, (10.20)

because, by definition, the particle has to be found somewhere anytime.

Suppose we start with an initial state y(x) = ¥(x,t = 0). Since the functions
¥, (x) form a complete basis in HILBERT space, y(x) may be written with the help
of Eq.(10.17) as

A0 =) el . (10.21)

n

We deduce from Eq. (10.14) that
Wnl) = Yo [ @z = co (1022)

Consequently, |c,,|* is the probability that the particle was initially in state m.
This allows us to interpret Eq.(10.17) in the following way: The coefficients ¢,
determine the composition of the initial state. The exponential factor describes an
oscillation and we note that different eigenfunctions, which correspond to different
eigenenergies, oscillate with different frequencies. This can, for instance, induce the
diffluence of a wave packet.

10.2 A Simple Example: The Particle in a Box

We concentrate on the one-dimensional SCHRODINGER equation and discuss a
simple problem which will then be solved numerically in Sect. 10.3. We rewrite
the one-dimensional SCHRODINGER equation (10.7), with x € R, as

n &
= o g2 V) T V@) = En () (10.23)
and specify
0 0<x<IL,
Vi = (10.24)

00 elsewhere,
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together with the boundary conditions

Vn(0) = ¥u(L) =0, (10.25)

and the normalization condition

L
/ x|y, () > = /0 Ay ()P = 1. (10.26)

We note that the boundary conditions are dictated by the particular form of the
potential (10.24) which requires that ¥,,(x) = 0 for x ¢ [0, L]. This problem is
commonly referred to as the particle in a one-dimensional box.

Let us introduce dimensionless variables in order to simplify the numerics of
Eq. (10.23). We define new variables

, (10.27)

where L is the length scale and E is the energy scale. The energy scale E is fully
determined by the relation

hZ
E= . (10.28)

We note that s € [0, 1], hence the rescaled wave-function is given by
0u(s) = VLY (x) (10.29)
which satisfies the normalization condition
L 1
[ etnwr = [ alnor=1. (10.30)
0 0

The rescaled SCHRODINGER equation can be obtained by multiplying Eq. (10.23)
with 1/E:

K2 d? V(x) 12 42
e O T ) == Ve vy )
e
= = 4o V@ VOV
="

= e, () . (10.31)
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Here we introduced the rescaled potential v(s)

0 0<s<l,
v(s) = (10.32)
o0 elsewhere.

Hence, the rescaled wave-function (10.29) is a solution of the differential equation:
1 d?
T odg2 @n(s) + v($)@n(s) = enpn(s) . (10.33)

The form (10.32) of the potential implies that ¢, (s) = 0 for all s ¢ [0, 1] and the
complete boundary value problem is defined as:

2
—stzgo,,(s) =e,pn(s), s€]0,1],
0,(0) =0, (10.34)
(1) =0.

It is an easy task to solve this boundary value problem analytically. For s € [0, 1]
we choose the ansatz

on(s) = A, sin(k,s) + B, cos(k,s) , (10.35)
where A, and B, are some constants and k,, is given by
kn = /26, . (10.36)
From the boundary conditions we obtain
¢n(0)=8B,=0, (10.37)
and

@n(1) = Aysin(k,) = 0. (10.38)
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Thus,
k, =nm , (10.39)

and the eigenenergies ¢, are quantized:

&n = . (10.40)

The corresponding eigenfunctions ¢, (s) are then given by:

A, sin(nrs) sel0,1],

uls) = (10.41)

elsewhere.

The constants A,, are determined from the normalization condition (10.30)

1 1
/ ds|ga(s))* = A,%/ ds sin?(nms)
0 0

A2
~ 2
21, (10.43)
and:
A, =2, (10.44)

Finally, we apply the relations (10.27), (10.28), and (10.29) and obtain

2 .
Yalx) = JL¢n (z) = \/L Sm(nzx) relo.4d. (10.45)

0 elsewhere,

3 Here we make use of

/du sin?(u) = ; [u — cos(u) sin(u)] . (10.42)
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and

h2m2n?

E, =¢,FE =
2ml?

(10.46)
In most cases expectation values of some observables are to be determined. We
might, for instance, be interested in the expectation value (x) of the position operator

X or its variance var (x) = ((x— (x))z) (see also Appendix E). It follows from
Eq. (10.27) that

(x) =L(s), and ((x — (x))z) =% ((s — (s))z) = [var (s) . (10.47)

Definition (10.15) gives together with solution (10.41) the expectation value (s):
! 1
(s) = 2/ ds sin’(ns)s = 5 (10.48)
0

Thus, the expectation value of the position operator is independent of the quantum
number 7. Furthermore, we obtain for (s?):

2 L 2 _ 1 1
(s ) =2 | dssin“(nmws)s” =
0

3™ o2 (10.49)

Hence, the variance var (s) is determined by

6
(5= (D)) = {?) — (5)> = ; - 2,,21],2 - i = 112 (1 - n2n2) . (10.50)

We note that the variance increases with increasing n.

In the next section these results are reproduced numerically by the NUMEROV
shooting method. (See Sect. 8.3 and, for instance, Ref. [6].) Moreover, this numeri-
cal formulation will allow us to find solutions for more complex potentials V(x).

10.3 Numerical Solution

The following discussion is based on the scaled SCHRODINGER equation (10.33),
but we consider now a more general potential of the form

v(s) 0<s=<1,
v(s) = (10.51)
oo} elsewhere,
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which results in the boundary value problem:

1 d?
—2ds2<pn(s) + 0(s)@n(s) = e,pn(s) s€[0,1], neN,
on(0) =0, (10.52)

As our numerical treatment will be based on shooting methods, discussed in
Sect. 8.3, the second order differential equation in Eq. (10.52) will be transformed
into a form which corresponds to Eq. (8.54), namely:

@r(s) + 2 e, — 0(s)] guls) = 0. (10.53)

The interval [0, 1] is discretized using N + 1 grid-points s, = £/N, { =
0,1,2,...,N (h = 1/N) and we denote with ¢,(s;) and ¥(s;) = v, the values
of ¢,(s) and v(s) at those grid-points. Thus, Eq. (8.59) can immediately be applied
and we get:

2 [1 - 61%’2 (Sn - ﬁl)] (pn(sl) - [1 + 611/2 (sn - ﬁ(i—l)] (pn(sl—l)

On(se41) = .
1+ 611\,2 (& — Vg1)

(10.54)
We use the initial conditions ¢,(so) = 0 and ¢, (so) = 1, which is always

possible, since (10.52) is a homogeneous boundary value problem. This gives

n 2/ ACE 2
¢l (s0) ~ ¥ (s1) 2;) D S e = N (10.55)

The normalization of the wave-function (10.30) is then approximated with the help
of the forward rectangular rule (3.9):

1 N
| aslonor =13 o £ 1. (10.56)

=0

Consistently, we approximate the expectation value (s) via

1 N
[ asslen = 1Y tontool s (10.57)
{=0
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Table 10.1 Comparison
between analytic and
numerical eigenenergies for
the particle in a box for

N =100

O 00 1 N bW~ I

—
(=)

ey-analytic
4.934802
19.739209
44.413219
78.956835
123.370055
177.652879
241.805308
315.827341
399.718978
493.480220
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£,-numeric
4.934802
19.739208
44.413205
78.956753
123.369742
177.651943
241.802947
315.822077
399.708300
493.460113

The NUMEROV shooting algorithm is then defined by the following steps:

1
2
3
4
Eq. (10.54).
5. If g, <0, set e, = &, and go to step 4.
6. If o, <0, set e, = &, and go to step 4.

7. Terminate the loop when |e, — &,| < 7.

. Choose two trial energies ¢, and ¢, and define the required accuracy 7.
. Calculate ¢(sy; €,) = ¢, and @(sy; €5) = @, using Eq. (10.54).
. If g, > 0, choose new values for ¢, or &5 and go to step 1.

L If a0 < 0, calculate e = (g, + &) /2 and determine ¢(sy;&.) = ¢, using

These steps have been carried out for 100 grid-points, a potential v = 0, and a
required accuracy of n = 10710, The first ten eigenenergies are given in Table 10.1

and are compared with analytic results (10.40).

In addition, Fig. 10.1 presents the first five eigenvalues ¢, (right hand scale) as
horizontal straight lines. Aligned with these eigenvalues we find on the right hand
side of this figure the corresponding normalized eigenfunctions calculated using
N = 100 grid-points. The agreement with the analytic result of Eq.(10.41) is

excellent.
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Fig. 10.1 The first five numerically determined eigenvalues ¢, of Table 10.1 are presented
as horizontal lines (left hand scale). Aligned with these eigenvalues are the corresponding
eigenfunctions ¢, (s) vs s for N = 100 (right hand scales)
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10.4 Another Case

Here we discuss briefly some results achieved with the help of NUMEROV’s shooting
algorithm. In particular, we discuss the particle in the box for three different
potentials v (s)

(s=3)°

D1(s) = 50cos(ms), vy(s) = 50exp |:— 0 Og

] . D3(s) = 50s .

(10.58)
The potentials are illustrated in Fig. 10.2. All calculations were carried out with
N = 100 grid-points and an accuracy n = 107!°, The first five eigenenergies &, are
shown in Figs. 10.3, 10.4, and 10.5, respectively, as horizontal lines (left hand scale).
The numerically determined normalized eigenfunctions ¢, (s) vs s (solid lines) are
presented on the right hand side of these figures and are aligned with their respective
eigenvalues. They are also compared with the eigenfunctions (dotted lines) of the
particle in a box, i.e. v(s) = 0. In all cases the eigenfunctions reflect the symmetry
of the various potentials ¥ (s) which becomes particularly transparent in Fig. 10.3 for
the potential v; (s). The eigenfunctions develop an additional node in comparison to
the eigenfunctions calculated for 7(s) = 0. In the other two cases only the very
first eigenfunctions n > 3 appear to be affected by the potential. Moreover, in all
three cases, the respective eigenvalues are shifted towards higher values which is
consistent with a general result of quantum mechanical perturbation theory.

Fig. 10.2 The three different 60
potentials v (s) defined in == _.
Eg. (10.58) 40 - 7 v T
, >
D -7 N

-20 | v,(s)
= == v,9)
BT A !
-60 : : :
0.0 0.2 0.4 0.6 0.8 1.0
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Fig. 10.3 Numerically determined eigenvalues ¢, (left hand scale) and eigenfunctions ¢, (s) vs
s (right hand scales) for the potential v (s). The first five eigenvalues are presented as straight
horizontal lines. Aligned with these lines the eigenfunctions are shown on the right hand side of
this figure. The dotted lines indicate the eigenfunctions of the particle in the box with v(s) = 0
(see Fig. 10.1)
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160 -
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Fig. 10.4 Numerically determined eigenvalues &, (left hand scale) and eigenfunctions @,(s) vs
s (right hand scales) for the potential v,(s). The first five eigenvalues are presented as straight
horizontal lines. Aligned with these lines the eigenfunctions are shown on the right hand side of
this figure. The dotted lines indicate the eigenfunctions of the particle in the box with v(s) = 0
(see Fig. 10.1)
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160
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Fig. 10.5 Numerically determined eigenvalues ¢, (left hand scale) and eigenfunctions @,(s) vs
s (right hand scales) for the potential v3(s). The first five eigenvalues are presented as straight
horizontal lines. Aligned with these lines the eigenfunctions are shown on the right hand side of
this figure. The dotted lines indicate the eigenfunctions of the particle in the box with v(s) = 0
(see Fig. 10.1)
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Summary

The quantum-mechanical problem of a particle in a box was described by a
homogeneous boundary value problem which could be solved analytically if the
box’ potential v(s) = 0. On the other hand, NUMEROV’s shooting algorithm was
particularly designed to treat effectively homogeneous boundary value problems.
Consequently, the problem of the particle in the box was used to design a NUMEROV
shooting algorithm which was then tested against the analytic results. The agreement
between numerics and analytical results turned out to be excellent and proved the
quality of the method. For illustrative purposes the problem of the particle in the
box was then solved numerically for three different, more complex, box-potentials

v(s).

Problems

1. Solve the one-dimensional stationary SCHRODINGER equation in an infinitely
deep potential well by employing the shooting method according to NUMEROV
of Sect. 8.3. The total potential v(s) is assumed to be of the form (10.51). Choose
different potentials ¥ (s) within the well.

You can check your code by reproducing the results presented in Sects. 10.3
and 10.4. In addition, determine numerically the expectation value (x) and the
variance var (x) of the position operator x for the first five eigenfunctions. This
can be achieved by employing the rectangular rule of Chap. 3, as illustrated in
Eq. (10.57).

2. Solve the SCHRODINGER equation for some potential v(s) of your choice and
plot the first five eigenfunctions. This potential should not be equal to one of the
potentials discussed in this chapter. Again, calculate (x) and var (x) for the first
five eigenfunctions.

3. Solve the stationary SCHRODINGER equation (10.4) for the harmonic potential
V(x) = mw?*x*/2. The algorithm discussed in this chapter can be applied by
choosing the box length L sufficiently large, so that the harmonic oscillator
potential is well within the box for all energies of interest.

4. Solve the SCHRODINGER equation for a double well potential which can be
obtained by adding two mutually displaced harmonic potentials.
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Chapter 11
Partial Differential Equations

11.1 Introduction

This section discusses some fundamental aspects of the numerics of partial differ-
ential equations and it will be restricted to methods already encountered in previous
chapters, i.e. on finite difference methods. These are particularly useful to find
solutions of linear partial differential equations (PDEs). Nonlinear PDEs, such as
the NAVIER-STOKES equations, require more advanced techniques as there are
finite element methods or finite volume methods for conservation laws. A detailed
discussion of a wide spectrum of methods can be found in many textbooks on the
numerics of PDEs the interested reader is referred to [1-7].

Since we already introduced the concepts of finite difference derivatives in
Chap. 2 and their application to boundary value problems of ordinary differential
equations in Sect. 8.2, we concentrate mainly on the application of these methods
to specific types of PDEs. In detail, we investigate the POISSON equation as an
example for elliptic PDEs, the time dependent heat equation as an example for
parabolic PDEs, and the wave equation as an example for hyperbolic PDEs. The
concepts presented here are, of course, also applicable to other problems. However,
in contrast to the numerics of ordinary differential equations, there exists no general
recipe for the solution of PDEs.

Another important point to note is that, as in the theory of ordinary differential
equations, the problem is only fully determined when initial and/or boundary
conditions have been defined. For instance, in the case of the POISSON equation
only boundary conditions are required, while for the time-dependent heat equation
initial conditions are required as well. In general, pure boundary value problems
are easier from a numerical point of view because the question whether or not the
algorithm is stable does not play such an important role. For combined boundary
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and initial value problems it is essential to check carefully that the discretization of
the time axis is not in conflict with the discretization of the space domain. This is
of particular importance in the numerical treatment of hyperbolic PDEs, where the
so called COURANT-FRIEDRICHS-LEWY (CFL) condition determines the stability
of the algorithm. We shall come back to this point in Sects. 11.3 and 11.4. Finally,
we conclude this chapter with a discussion of the numerical solution of the time-
dependent SCHRODINGER equation.

11.2 The POISSON Equation

We consider the POISSON equation as a model for an elliptic PDE [8, 9]. Neverthe-
less, we review briefly some basics of electrodynamics [10, 11]. The force F(r, t)
as a function of position » € R* and time t € R™ acting on a particle with charge
g, which moves with velocity v within an electromagnetic field described by the
electric field E(r, f) and the magnetic field B(r, t), is determined from:

F(r,t) = q[E(r,t) + v X B(r,1)] . (11.1)

We consider here the electrostatic case which is characterized by a zero magnetic
field [B(r, f) = 0] and a time independent electric field. The electric field E itself is
described by the equation

1
V-E(r) = Gop(r) , (11.2)

where the charge density p(r,t) acts as the source of the electric field E(r,1).
Here ¢ is the dielectric permittivity of vacuum. Furthermore, the electric field E
is connected to the electrostatic potential ¢(r) via

E(r) = =Vo(r) . (11.3)
Thus, Eq. (11.2) is reformulated as:

Aﬂﬂ=—€?. (11.4)

This equation is referred to as the POISSON equation and in the particular case of
p(r) = 0 it is referred to as the LAPLACE equation [12].
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We focus now on the numerical solution of the two dimensional POISSON
equation (11.4) on a rectangular domain £2 = [0, L,]x[0, L,] together with boundary
conditions ¢(x,y) = g(x,y) on d52. In detail, we want to solve the two-dimensional
boundary value problem

d? 02
L9y + . el y) = —plx.y) , (x.y) € £2,
x ay (11.5)
px.y) = gx.y), (x,y) € 952,
where we absorbed € into the charge density p(x, y). Note that a treatment of the
three dimensional case can be carried out in analogue.

We employ a finite difference approximation to the derivatives which appear in
Eq. (11.5) (see Chap. 2) and we define grid-points in x and y direction via

xi=xo+ih, i=0,1,2,...,n, (11.6a)
yi=yo+jh, j=012,....,m, (11.6b)
where h, and h, denote the grid-spacing in x- and y-direction, respectively. As
discussed in Chap.2 we consider only equally spaced grid-points. An extension to

non-uniform grids is straight forward.
We define the function values on the grid-points as

vij = o(xi,y) , 11.7)

and similarly p;; = p(x;, y;). Consequently, we find the finite difference approxima-
tion of Eq. (11.5):

Qi—1j — 2¢ij + Qi1 n Gij—1 = 20ij + Qij+1

= —Pij - (11.8)
2 2 ;
h2 h?
The boundary conditions (11.5) can be written as
©oj = 8o » j=0.1,....m, (11.9a)
@nzi:g}’l‘js j:Oslv"'sms (11.9b)
®i0 = 8i0 » i=12,...,n—1, (11.9¢)

(pi,m:gi,mv i:1525---sn_1- (11.9(1)
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Equation (11.8) is multiplied by —h§h§ /2 and we obtain after rearranging terms

1 (hyh )2
(7 + 1) i — ) [ (@i-1j + @it14) + B (@ij—1 + @ij1)] = 5 Pii
(11.10)
fori = 1,...,nandj = 1,...,m. There are different strategies how this set of

equations might be solved. The common strategy is to employ the assignments

Y11 = ¢,

Q12— ¢2,

Gnn — P (11.11)
where £ = nm. Equation (11.10) is then rewritten as a matrix equation with a

vector of unknowns ¢ = (@1, ¢, ...,9)" according to Eq.(11.11). The boundary
conditions are to be included in the matrix. This matrix equation is then solved either
by direct or iterative methods as they are discussed in Appendix C.

It is our plan to solve Eq.(11.10) iteratively. This requires the introduction of
a superscript iteration index ¢ and ¢} ; denotes the function value @(x;,y;) after ¢-
iteration steps. There are two different implementations of an iterative solution,
namely the GAUSS-SEIDEL or the JACOBI method (Appendix C). They differ only
in the update procedure of the function values (p{zi at the grid-points. The basic idea
is to develop an update algorithm which expresses the function values (p{zi with the
help of function values at already updated grid-points and of function values (pi’;l
determined in the preceding iteration step [Appendix, Eq. (C.27)].

We formulate this iteration rule as

t+1 __ (h h )2 1 t+1
Y= om0 T a2 1 ) (13 (v + 0is1.)

+h3 (qofj_‘l + <p£j+1)] , (11.12)
where we abstained from incorporating a relaxation parameter (see Appendix C).

Note that by using the iteration rule (11.12) the boundary conditions have to be
accounted for in an additional step.
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Let us specify the boundary conditions for a concrete problem: We we want
to determine the electrostatic potential of an electric monopole, dipole, and
quadrupole, respectively. They are placed inside a grounded box of dimensions
L, and L,. Thus, we have to impose DIRICHLET boundary conditions ¢(0,y) =
¢(Ly,y) = 0 in x-direction and ¢(x,0) = ¢(x,L,) = 0 in y-direction. In
this particular case the boundary conditions can be made part of Eq.(11.12) by
restricting the loop over the x-grid (y-grid) toi = 2,...,N — 1 which leaves the
boundary points ¢(0,y) [¢(x,0)] and ¢(L,y) [¢(x,Ly)] unchanged. Furthermore
we set L, = L, = 10, the number of grid-points on both axes to n = m = 100, and
define the domains:

21 = (xg-10,%7] % (vy-10.37] (11.13a)
22 = (x5, x5410] X (yg-10,37] (11.13b)
23 = (xg-10,%5] ¥ (v, 5410] (11.13¢)
24 = (xg,x3510] X (y3.y5410] - (11.13d)

The charge density p(x,y) is described by three different scenarios, namely the
electric monopole

50 (x,y)G.QlU.QzU.Q3U.Q4,

p1(x,y) = (11.14a)
0 elsewhere,

the electric dipole

50 (x,y) € 2, U 82,
p2(x,y) = 4 =50 (x,y) € 25U £y, (11.14b)

0 elsewhere,
and the electric quadrupole:

50 (x,y) € 21U 824,
p3(x,y) = 4 =50 (x,y) € 2, U 25, (11.14¢)

0 elsewhere.

These charge densities are illustrated in Fig. 11.1.
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® (b)

Fig. 11.1 The electric monopole, dipole, and quadrupole charge densities (a) p; (x, y), (b) p2(x,y),
and (c) p3(x,y), respectively, as defined in Eq. (11.14)

The solution of Eq.(11.12) is regarded to be converged if the potential ¢(x,y)
does not change significantly between two consecutive iteration steps, i.e.

max (|¢f; — ¢/7') <, (11.15)
ax (|gi; — ¢,

where = 107 is the required accuracy. A criterion to check the relative
change can be formulated in a similar fashion. The resulting potential profiles
@(x,y) are presented in Fig.11.2. They reflect perfectly the symmetries of the
charge densities p; (x,y), p2(x,y), and p3(x, y), respectively. Finally, standard finite
difference methods can be applied to calculate, based on Eq. (11.3), the electric field
E(x,y) from the potential profiles ¢(x, y).!

'We note that the electrostatic potentials that we calculated here numerically can also be
determined analytically with the method of mirror charges [10].
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(a) (b)

Fig. 11.2 Potential profile ¢(x,y) obtained for charge density (a) p;(x,y), (b) p2(x,y), and
(©) p3(x.y)

11.3 The Time-Dependent Heat Equation

We discuss here the numerical solution of the time-dependent heat equation [13,
14] which is a representative of parabolic PDEs. This equation has already been
introduced in Sect. 9.1, Eq. (9.1), and is, reduced to the one-dimensional case, of the
form

2

g2 T (11.16)

5?; T(x,1) =«
with the thermal diffusivity «. It is augmented by appropriate boundary and initial
conditions. Again, we will not discuss the extension to higher dimensions since it
is straight forward, however, maybe tedious in the general case. We approximate
the right hand side of Eq.(11.16) with the help of the central finite difference
approximation (Sect. 2.2) and obtain

0 Ti—1(t) = 2T (1) 4 Ti41(2)

5 WO =k 2 (11.17)
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with the usual discretization x; = xo + kh, k = 0, ..., N, in combination with the
notation Ty (1) = T (x, 1).

The time derivative in Eq. (11.17) can be approximated with the help of methods
already discussed in Chap. 5. In particular, one has to decide whether the solution
of Eq.(11.17) should be approximated by an explicit or an implicit integrator. In
order to emphasize the differences between the two methods, the application of the
explicit EULER and of the implicit EULER method will be studied. However, more
complex integrators may be applied as well. In particular, the CRANK-NICOLSON
method [15] proved to be very useful for the solution of parabolic differential
equations.

We define #, = fy + nAt and T = T(t,) and employ the explicit EULER
scheme (5.9) in Eq. (11.17) to get

T -1y Ty = 2T + Ty
_ , 11.18
At “ h? ¢ )

with the solution:

Ty = 2T + Ty

n+1 __ n
T, =T, + kAt 2

(11.19)
The right hand side of this equation depends only on temperatures of the previous
time step, since we used an explicit method. Although this might seem advantageous
on a first glance, it turns out that the above scheme is not stable for arbitrary choices
of At and h. In particular, it is possible to prove that the above discretization is stable
only for

kAt 1
< _. 11.20
h —2 ( )
A detailed discussion and proof of this property can be found in any advanced
textbook on numerics of PDEs [1-5].
On the other hand, if we apply the implicit EULER method (5.10) to solve
Eq. (11.17) we obtain

n+1 n+1 n+1 n+1
nt T LA -2t

A o , (11.21)

which is unconditionally stable. However, Eq. (11.21) is an implicit equation, i.e.
the function values T,:‘j_'ll and T,:‘fll are required in order to evaluate T,:‘H. Hence,
Eq.(11.21) has to be solved as a system of linear equations. This system may be

written as

AT =T+ F, (11.22)
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with the vector 7" = (T3, T}, ..., Ti)" and the tridiagonal matrix A:
A= _KhAzr 14+ 2kAt kAt . (1123)

h? h?

The boundary conditions are incorporated in the matrix A and in the vector F. (See
Sects. 9.2 and 9.3.) The linear system of equations (11.22) can be solved numerically
using a direct or an iterative method. Employing an iterative method, imposes a third
index ¢ on the function values of the temperature 7' which accounts for the iteration
step.

Let us give a brief numerical example. We consider the time-dependent homo-
geneous heat equation (11.16) on a finite interval [0, L] together with the boundary
conditions of Sect.9.1:

T(0) = To. T(L) =Ty . (11.24)
In addition we introduce the initial condition
T(x,0) =0, x€[0,1] . (11.25)

Figure 11.3 presents the time evolution of T'(x,7) at six different time-steps as
it was obtained with the explicit EULER method (11.19). Here we chose Ty = 0,
Ty = 2,N =20,L = 10,k = 1 as well as At &~ 0.5. Note that for this choice of
parameters, the condition (11.20) is fulfilled since & &~ 1.05 and therefore

Kk At 1
~045< . 11.26
h? -2 ( )
Figure 11.4 corresponds to Fig. 11.3 but now Ar was chosen to be approximately
0.7 and:

KAt

1
~ 0.63 . 11.27
2 > 5 ( )

Thus, the stability criterion was violated and the solutions became unstable. Finally,
Fig. 11.5 presents results obtained with the same parameters as for Fig. 11.4 but with
the help of the implicit EULER method (11.21). Obviously, this procedure provides
a stable solution of the problem.
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Fig. 11.3 Solutions of the time-dependent heat equation T'(x) vs x generated by the explicit EULER
method. The stability criterion (11.20) is fulfilled. Results after n = 25, 50, 100, 150, and 300 time
steps are presented. n = 0 represents the initial conditions
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Fig. 11.4 Solutions of the time-dependent heat equation 7'(x) vs x generated by the explicit EULER
method. The stability criterion (11.20) is not fulfilled and, therefore, the solution is apparently
unstable. Results after n = 25, 50, 100, 150, and 200 time steps are presented. n = 0 represents
the initial conditions
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Fig. 11.5 Solutions of the time-dependent heat equation 7'(x) vs x generated by the implicit
EULER method. Results after n = 25, 50, 100, 150, and 300 time steps are presented. n = 0
represents the initial conditions

11.4 The Wave Equation

As a model hyperbolic PDE we consider briefly the wave equation [16]. Again, we
regard only the one-dimensional case:

2

32
atzu(x, 1) =c? axzu(x, 1. (11.28)

Here, c is the speed at which the wave u(x, r) propagates. Equation (11.28) is to
be augmented by appropriate boundary and initial conditions. A finite difference
approach similar to the one discussed in Sect.11.3 will be employed and the
discussion will be restricted to the explicit EULER approximation. Consequently,
Eq. (11.28) is replaced by
un—l _ 214" + Mn+l Mn_ _ 2un + Mn

k A;kZ koo 2t th k+1 (11.29)

We define the parameter A = Cﬁ’ and solve Eq. (11.29) for MZ-HZ

Wt =21 =AM — ™" + A+ ufyy) (11.30)
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We note two important points: (i) The solution for time step n + 1 can only be
determined if the solutions for the time steps n and n — 1 are known. In particular,
the solutions for n = 0 and n = 1 are required to obtain the solution for n = 2. The
function values for n = 1 can be obtained from the initial conditions which must
include a first order time derivative of u(x, r) since Eq.(11.28) is a second order
differential equation with respect to time ¢. (ii) As in the case of parabolic problems,
the explicit EULER approximation (11.30) will not be stable for arbitrary values of
A. It is only stable for

A= <1. (11.31)

This condition is referred to as the COURANT-FRIEDRICHS-LEWY or CFL condition
[17, 18]. Its importance stems from the fact, that this condition is not limited to the
wave equation but holds for hyperbolic problems in general. In particular, since the
wave equation can always be viewed as a combination of a right- and a left-going
advection equation, i.e.

ad ad
8tu()c, 1) = :l:caxu(x, 1), (11.32)

we gain the very important property that explicit time integrators applied to solve
equations of the type (11.32) are only stable if relation (11.31) is obeyed.

Let us return to the discretization (11.30). Suppose we have initial conditions of
the form

0
u(x,0) = f(x), atu(x, 0) =g . (11.33)

They can be approximated by
u,i — u,(()

0

=Jk = 8k » 11.34
u = fi At 8k ( )
and the solution of the second relation in (11.34) yields the desired function values

forn = 1:
up = uf + Atgy . (11.35)

However, in many cases it is beneficial to take higher order terms into account. This
can be achieved by employing a TAYLOR expansion of the form (Chap. 2):

0 2

1
Uy — Uy, ad At 0 5
= O(Ar) . 11.
Ar atu(x, 0) + 5 a2 u(x,0) + O0(Ar) (11.36)
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We make now use of the initial conditions (11.33), employ the wave equa-
tion (11.28), and solve for u}( This gives

1 0 Are?, 3
u, = u; + Atgi + , Je + 0(Ar) . (11.37)
Here we assumed that the second spatial derivative f;’ = BBXZ ,f (x¢) of the initial

condition f(x) exists. It may then be approximated by a finite difference approach.

To be specific we consider a vibrating string of length L, which is fixed at its
ends, i.e. u(0,7) = u(L,t) = 0. Furthermore, we assume that the string was initially
at rest, i.e.

ad
atu()c, 0)=0, (11.38)
and impose initial conditions
) (an) (L :|
sin xe| ,.L|.
u(x,0) = L 2 (11.39)
0 elsewhere.

Figure 11.6 presents results obtained with L = 1,¢ = 2, N = 100. Ar was
chosen in such a way that A = 0.5. On the other hand, Fig. 11.7 presents calculations

1.0 | r 1
n=0 n=25 n=50
0.5 i r 1
™ I
5 00 V
-0.5 r 1
-1.0 ;
1.0 r 1
n =100 n =150 n =200
X 00
=1
-0.5
-1.0 . r i 1
0.0 0.5 1.0 0.5 1.0 0.5 1.0
X X X

Fig. 11.6 Solutions of the wave equation u(x) vs x generated by the explicit EULER method with
A = 0.5. Results after n = 25, 50, 100, 150, and 200 time steps are presented. n = 0 represents
the initial conditions
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Fig. 11.7 Solutions of the wave equation u(x) vs x generated by the explicit EULER method with
A = 1.01. Results after n = 25, 50, 100, 150, and 200 time steps are presented. n = 0 represents
the initial conditions

performed with the same parameters but now A was set to 1.01. Thus, the CFL
condition (11.31) was violated and the solutions become unstable.

In general, the numerical solution of hyperbolic PDEs can be very difficult
to obtain since in many cases these equations represent conservation laws. A
very popular class of methods in this context is referred to as finite volume
methods. A detailed discussion of these methods can be found in the book by
R. J. LEVEQUE [6].

11.5 The Time-Dependent SCHRODINGER Equation

We already came across the time-dependent SCHRODINGER equation in Chap. 10.
It reads

9
ih, Vo) = HY () (11.40)

where 7 is the reduced PLANCK constant, ¥ (x, ¢) is the wave function, and H is the
HAMILTON operator. Since the SCHRODINGER equation contains a complex coef-
ficient, it cannot be categorized as a PDE of one of the familiar types, i.e. elliptic,
parabolic or hyperbolic. In fact, the SCHRODINGER equation shows parabolic as
well as hyperbolic behavior (it is of the form of the diffusion equation but allows
for wave solutions). We discuss here briefly a very elegant method developed to
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numerically approximate solutions of the time-dependent SCHRODINGER equation,
A prominent alternative method, the split operator technique, is briefly explained in
Appendix D.

We note that Eq. (11.40) has the formal solution

U(x,1) = exp (—ZH) U(x,0)=U@0¥(x,0), (11.41)

where we assumed that H is independent of time . We note that the operator U(¢)
on the right hand side of Eq. (11.41) propagates the solution in time. Furthermore, it
is a unitary operator and therefore preserves the norm of the wave-function ¥ (x, 1).
U(?) is usually referred to as the unitary time-evolution operator [19].>

We employ relation (11.41) and obtain

i(t+ At)H

U(x,t+ At) = exp |: 5

} W(x,0) = exp (— iﬁty) Wnr . (11.42)

Expanding the exponential in this equation in its series representation and truncating
the series after the second term results in the approximation

iAt

U(x,t + Af) ~ (1— "

H) W(x,1) . (11.43)

Again, we introduce grid-spacing x; = kAx, k € N and the correspondingly indexed
functions ¥' = ¥ (x;, nAt) which results in

At
! = (1 - ‘h H) 7 (11.44)

Using Eq. (10.23) for the Hamiltonian in its position space representation in the one-
dimensional case and by approximating the second derivative with the help of the
central difference approximation we arrive at
iAt B2 W =29+
lI/"+1 — ll/n_ _ k—1 k k+1 Vll/n , 1145
k ooh ( 2m Ax? + Vi ( )

where we defined V; = V(x).

The iteration scheme (11.45) resembles the explicit EULER approxima-
tion (11.18) of the heat equation with the difference that we have here an
imaginary coefficient. An implicit procedure for the time-dependent SCHRODINGER

2We remember that unitary means that UUT = UTU = 1.
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equation (11.40) can be obtained by inversion of Eq. (11.42):
+ iAt
U(x,t) = U (AW (x,t + Af) = exp i H|Y(x,t+ At) . (11.46)
A series expansion of the exponential results in the desired relation:
n iAt nt1
=1+ 5 H)y/ ™. (11.47)

We emphasize that the unitarity of the time-evolution operator is of fundamental
importance since it preserves the norm of the wave-function. However, in truncating
the series representation of the unitary time evolution operator U(Af) we certainly
violate the unitarity of U(Aft). This problem can be remedied by imposing unitarity
of the time evolution as an additional requirement. This requirement can be
incorporated by normalizing the wave-function after each time step.

We demonstrate now that the CRANK-NICOLSON scheme [15] can be applied
successfully to solve Eq. (11.40) numerically for a particular potential. The CRANK-
NICOLSON scheme can be obtained by realizing that

U(Ar) = exp (—iﬁtH)
iAt iAt
=en(o ) (5)
iAt
:exp(zh H) exp( o H)
-1
|: ( t):| U (At) . (11.48)

Hence, we obtain from Eq. (11.45)

T At n+1 At n
U ) v =U ) v, (11.49)

or by expanding U in a series and truncating after the second term

1+iAtH grtl = (1] iAtH 17 (11.50)
2h ke 2h ke :
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Inserting the finite difference approximation of the Hamiltonian H and rearranging
terms yields

iAt (R iAth .
n+1 n+1 1y An
[1 * 2h (msz * Vk):| e AmAx? () = 2, (11.51)

where we defined SAZ,’(’ as

An iAt [ h? . iAth ;
Qr = [1 ~ (msz + Vk)} L ((ZE 7 (11.52)

Both sides of Eq. (11.51) are now multiplied by i4mAx?/(h At) and this gives

2mAx? mAx2
gl 4 2( h 1— " Vk) gt gt = @ (11.53)
where
" " 2mAx> mAx? " "
Q=W 2T L Vi) (11.54)

We recognize that Eq. (11.53) establishes a system of linear equations and rewrite
it in matrix form:

Awtl = Qn (11.55)

Here, we defined the vectors ¥" = (lllg’, 2L lllﬁ)T, "= (96‘ 1., .Q]’\’,)T
and the tridiagonal matrix

A= 1 I 1 , (11.56)

with I} fork = 1,2,..., N given by

r—» 2mAx? 1 mAxZV (11.57)
T A n ) '

according to Eq. (11.53).
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The system (11.56) is solved iteratively. However, in this case we employ a more
elegant ansatz which is allowed for tridiagonal matrices. We set

gt = a @t 4+ 0] (11.58)

and apply it to Eq. (11.53). After rearranging terms we arrive at:

mAx? PRmAX:  a w1 a1 u "
2(1+ 4 Vi — Arh —2)l11k =¥ + b — 2. (11.59)
We define
2 (14 mAx? PRmAX  a (11.60)
o = — - , .
¢ T A 2
and obtain from Eq. (11.59)
1 b} — 27
gl = gl TR T (11.61)
O O
However, due to the ansatz (11.58) we also have
ot = gt bl (11.62)
which results in the relations
1
ai—1 = s (1163)
(673
and
bt — Q"
by =5 TF = (b 2) - . (11.64)
(673
Equation (11.63) leads to the recursion relation
(14 mAxZV 2mAx? 1 (11.65)
= n T Ak Qo '
and we derive from Eq. (11.64):
n bllz—l n
by = + 82/ . (11.66)

Ar—1
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The remaining question is how to choose ag and bj. We impose the boundary
conditions ¥ = 0 and ¥y = 0 and derive from Eq. (11.53):

on > 2mAx? mAx
e Ath h?

2
—1- vl) gt gttt (11.67)

A comparison of this equation with the ansatz (11.58), i.e. lI’f“ = alllff“ + b7,
reveals that

mAx? 2mAx?
a1:2(1+ 42 Vi — Arh ) , (11.68)
and
b= 2. (11.69)
These expressions are equivalent to ag = oo and it is, thus, impossible to

calculate lI/l”+1 from lI/(’)H'l. However, we can determine the function values l1/,f+1
via a backward recursion

1
gt = a (vt =By . (11.70)

which is initialized with the boundary condition ¥y ' = 0. We can now summarize
the algorithm:

1. Choose the initial conditions lllko, k = 0,1,...,N which satisfy the boundary
conditions ¥ = 0 and ¥y = 0.

2. Set

(14 ATy, _ mAY (11.71)

o= o' Ak ) ‘

and calculate fork =2,...,N—1

2 (14 mAx2V 2mAx? 1 (11.72)

ay = - — . .

¢ YT Atk At

3. Start the time loop: n = 0, 1, ..., M, with M the maximum number of time steps.

4. Calculate fork =1,2,...,N—1

" " 2mAx> mAx? " "
) =-v ,+2 A + 1+ 4 Vi) W — Wy (11.73)
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5. Set
b’f = ,Q’l’ , (11.74)

and calculate fork =2,...,N—1

n bz—l n
b = + 2. (11.75)
ap—1
6. Calculate fork=N-—-1,N—-2,...,1
1
R U Zna ) I (11.76)

Ak

where the boundary conditions ¥ = ¥}, = 0 are to be considered.
7. Setn = n + 1 and go to step 4.

The application of this algorithm is now elucidated with the help of a specific
example, the quantum mechanical tunneling effect. The initial condition is described
by a GAUSS wave packet

2o? (11.77)

lII(_x, O) = exp (qu) exp |:_ ()C — X0)2i| ’

centered at x = xo which propagates in positive x-direction with momentum ¢. This
wave-function is not yet normalized. Furthermore, we regard the single potential
barrier

Vo x € la,b],
Vilx) = (11.78)
0 elsewhere,
or the double potential barrier
Vo x € [a,b] U [c,d],
Volx) = (11.79)
0 elsewhere.

The scales and parameters are chosen in the following way: L = 500, Ax = 1,
At=01,m=h=1,x =200,g=2,0 =20,Vy =0.7,a =250,b = 260,c =
300, and d = 310. Figure 11.8 presents the time evolution of the square modulus of
the resulting wave-function | (x, nAf)|? vs x (solid line, left hand scale) at different
time steps n = 500, 1000, and 1500. The time step n = 0 corresponds to the initial
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Fig. 11.8 Time evolution of the square modulus of the wave-function |y (x)|? vs x (solid line, left
hand scale). The potential V(x) = V| (x) is also plotted vs x (dashed line, right hand scale). We
present the results for n = 500, 1000, and 1500 time steps. The graph labeled by n = 0 represents
the initial configuration

condition. The potential V;(x) vs x is also plotted (dashed line, right hand scale).
Figure 11.9 corresponds to Fig. 11.8 but now the potential is described by V,(x) and
additional time steps for n = 2000 and 2500 have been added.

In both figures a typical quantum mechanical effect which is referred to as
tunneling can be observed. In particular, there exists a finite probability that the
potential barrier can be crossed, although, from a classical point of view, the
particle’s energy is not sufficient to overcome the barrier. A detailed discussion of
this effect and its technological importance can be found in any standard textbook
on quantum mechanics [19-21].

In conclusion we remark that a very prominent method to solve numerically the
time-dependent SCHRODINGER equation is based on the FOURIER transformation.
The numerical implementation of the FOURIER transformation as well as its
application to the SCHRODINGER equation is briefly discussed in Appendix D.
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Fig. 11.9 Time evolution of the square modulus of the wave-function |y (x)|? vs x (solid line, left
hand scale). The potential V(x) = V,(x) is also plotted vs x (dashed line, right hand scale). We
present the results for n = 500, 1000, 1500, 2000, and 2500 time steps. The graph labeled by
n = 0 represents the initial configuration

Summary

This chapter was about linear PDEs and how to find solutions numerically. The
dominating theme was the application of the various finite difference methods.
The two-dimensional POISSON equation served as an example for an elliptic PDE.
The algorithm to solve this equation developed here was based on the central
difference derivative. Parabolic PDEs were represented by the time-dependent one-
dimensional heat equation. The numerical solution proved to be possible by either
using an explicit or an implicit EULER scheme. For the explicit EULER scheme the
appropriate choice of time and space discretization proved to be essential for the
stability of the algorithm. The one-dimensional wave equation was introduced as
an example of a hyperbolic PDE. The solution was found by employing an explicit
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EULER approximation. Again time and space discretization had to follow a specific
stability criterion, the COURANT-FRIEDRICHS-LEWY condition. Finally, the one-
dimensional time-dependent SCHRODINGER equation was studied. It does not fit
into any of the above categories. The algorithm to find a numerical solution was
developed here on the basis of a CRANK-NICOLSON scheme and it was tested with
the quantum mechanical tunneling effect.

Problems

1. Write a program which solves the two-dimensional POISSON equation for an
arbitrary charge density distribution p(x, y). Use the numerical method discussed
in Sect. 11.2.

a. Impose DIRICHLET boundary conditions ¢(x,0) = ¢(x,L,) = ¢(0,y) =
¢(Ly,y) = 0 as described in Sect. 11.2. Test the program by first reproducing
Fig.11.2.

b. Solve the POISSON equation for different charge densities of your choice.

c. Calculate the electric field E(x, y) with the help of Eq. (11.3).

2. Calculate the time evolution of the temperature distribution T'(x,7) along a
cylindrical rod described in Sect.9.3. The rod is kept at constant temperatures
Ty and Ty at its ends. The parameters used in Sect. 9.3 stay unchanged. Study
also the case of a heat sink as suggested in the Problems section of Chap. 9.

3. Calculate the time evolution of the square modulus of the wave-function |y (x)|?
vs x for a potential V;(x) according to Eq. (11.78) with V < 0 (quantum well).
In a second step, modify the potential according to

Vi x € [a,b] U [c,d]
Vix) =3 W, x € [b, ]

0 elsewhere,

with Vi > 0, V, < 0, and |V}| < |V3].
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Stochastic Methods



Chapter 12
Pseudo-random Number Generators

12.1 Introduction

Stochastic methods in Computational Physics are based on the availability of
random numbers and on the concepts of probability theory. (Readers not familiar
with the basic concepts of probability theory are highly encouraged to study
Appendix E before proceeding.) The required random numbers are provided by
numerical random number generators and, thus, we have to speak, more precisely,
of pseudo-random numbers. Let us now motivate the problem and discuss some
preliminary items.

A popular example of randomness in physical systems is certainly the outcome
of a dice-throw or the drawing of lotto numbers. Even though the outcome of a
dice-throw is completely determined by the initial conditions, it is effectively unpre-
dictable because the initial conditions cannot be determined accurately enough. A
probabilistic description, which assigns the random variables 1,2,3,4,5, and 6 a
probability of 1/6, respectively, is much more convenient and promising. It has to
be kept in mind, of course, that all predictions obtained on the basis of such an
approach are also clearly probabilistic in their nature.

Another example is Brownian motion or diffusion which describes the random
motion of dust particles on a fluid surface. It is in this case particularly obvious
that a description with the help of a stochastic differential equation, such as the
LANGEVIN equation [1], is completely sufficient and more to the point than a
description based on the dynamics of a large number of interacting particles.

Stochastic methods are not confined to physics: They are applied very success-
fully in many other fields of expertise, like biology [2], economics [3, 4], medicine
[5], etc. Finally, an interesting and purely mathematical application can be found in
the evaluation of integrals as an alternative to the methods discussed in Chap. 3. This
method is referred to as Monte-Carlo integration and will be addressed in Chap. 14
together with a basic introduction to stochastics and its applications in physics.
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From the numerical point of view, there is one common denominator to all
these applications: Random numbers are an essential tool and, consequently, so are
random number generators. Thus, a closer inspection of randomness in general and
the generation of random numbers or sequences in particular is required. We have to
explain what we understand by randomness and how it can be measured. Moreover,
based on this discussion we have to formulate requirements to be imposed on the
random number generators to deliver useful random numbers.

Although, we might have an intuitive picture of randomness it is hard to
formulate without relying on mathematics. For instance, consider the sequence s
which consists of N elements:

s1 =0,0,0,0,0,..., N elements. (12.1)

Is it random? The question cannot be answered without further information.
Suppose, the numbers in sequence s; were drawn from some set .. If this set is
of the form

S = {0}, (12.2)

then the above sequence s; is certainly not random since there is only one possible
outcome. However, suppose the numbers of the sequence s; were drawn from the
set .S

S =1{0,1}, (12.3)

with the events 0 and 1 together with assigned probabilities P(0) and P(1). These
probabilities describe the probability that the outcome of a measurement on the set
% yields either the event O or 1, respectively. For instance, in the case of tossing a
coin the event 0 may correspond to heads while 1 stands for fails. (To register this
result is, within this context, a measurement.) In this case the probabilities are given
by P(0) = P(1) = 1/2 under the premise that the coin is perfectly ideal and has
not been manipulated. Even, if we know that the coin has not been manipulated,
sequence (12.1) is still a possible outcome, although it is rather improbable for a
large number N of measurements (repeated tosses of the coin).

A literal definition of randomness within the context of a random sequence was
given by G. J. CHAITIN [6]:

[...] a series of numbers is random if the smallest algorithm capable of specifying it to a
computer has about the same number of bits of information as the series itself.

This definition seems to include the most important features of randomness
which we are used to from our experience. Since, no universal trend is observable,
reproducing the sequence requires the knowledge of every single constituent. Hence,
one may employ the sloppy definition: Randomness is the lack of a universal trend.

But how can we test whether or not a given sequence really follows a certain dis-
tribution? Of course, one can simply exploit the statistical definition of probability,
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Appendix, Eq. (E.4): The probability of a certain outcome is measured by counting
the particular results. This procedure seems to be quite promising, however, it has
to be kept in mind that the statistical definition of probability is only valid in the
limit m — oo, where m is the number of measurements. Hence, it is fundamentally
impossible to determine whether or not a sequence is random because an infinite
number of elements would have to be evaluated and analyzed. More promising
appears to be the calculation of moments or correlations (see Appendix, Sects. E.2
and E.10) from the sequence and to compare such a result with known values
for real random numbers. These statistical tests will be discussed in Sect. 12.3.
If we consider the sequence (12.1) drawn from the set .%5, [Eq. (12.3), uniform
distribution assumed] we can deduce that it is a very improbable result for large
N, although it is certainly a possible outcome. Methods based on this train of
thoughts are known as hypothesis testings and we discuss the y>-test as a simple
representative of such tests in Sect. 12.3.

We are now in a position to clarify what we understand by a random number: We
regard a random sequence drawn from the set

3 =10,1,2,3,4,5,6,7,8,9}. (12.4)

If the random number is to be uniformly distributed, we assign probabilities P(k) =
1/10,k = 0,1,...,9 and if we would like to obtain a random number out of the
interval

£2;=1[0,1), (12.5)

we may simply draw the sequence s, = ay, as,as, ... from .#5 and compose the
random number r as

r=0.a1azas... . (12.6)

Section 12.2 is dedicated to the discussion of different methods of how to
generate so called pseudo-random numbers. A pseudo-random number is a number
generated with the help of a deterministic algorithm, however, it shows a behavior
as if it were random. This implicates that its statistical properties are close to that of
true random numbers. In contrast to pseudo-random numbers, real random numbers
are truly random. A real random number can be obtained from experiments. One
could, for instance, simply toss a coin and register the resulting sequence of zeros
and ones. A more sophisticated method is to exploit the radioactive decay of a
nucleus, which is believed to be purely stochastic. There are also more exotic
ideas, such as using higher digits of = which are assumed to behave as if they
were random. However, all these methods have in common that they are far too
slow for computational purposes. Moreover, an experimental approach is obviously
not reproducible in the sense, that a random sequence cannot be reproduced on
demand, but the reproducibility of a random number sequence is essential for many
applications.
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This leads us to the formulation of several criteria a random number generator
will have to comply with. It should

* produce pseudo-random numbers whose statistical properties are as close as
possible to those of real random numbers.

* have a long period: It should generate a non-repeating sequence of random
numbers which is sufficiently long for computational purposes.

* bereproduciblein the sense defined above, as well as restartable from an arbitrary
break-point.

* be fast and parallelizable: It should not be the limiting component in simulations.

We restrict, within this chapter, our discussion to random numbers that are
uniformly distributed over a finite set. Thus, we assign to all possible outcomes of
a measurement the same probability. The generation of non-uniformly distributed
random numbers from uniformly distributed random numbers is not a difficult task
and will be discussed in more detail in Chap. 13.

12.2 Different Methods

We discuss here different types of pseudo-random number generators [7-9] which
generate a pseudo-random number r which is uniformly distributed within the
interval [0, 1). Hence, its probability density function (pdf) is given by

1 refo1),
p(r) = { (12.7)

0 elsewhere,

and from this follows the cumulative distribution function (cdf; see Appendix E):

0 r<o,
P(r) =/ di'p(y =13 r 0<r<l1, (12.8)
0
1 r>1.

We introduce here only some of the most basic concepts for pseudo-random
number generators. However, in huge simulations based on random numbers
standard pseudo-random number generators provided by the various compilers may
not be sufficient due to their rather short period and bad statistical properties. In
this case it is, therefore, recommended to consult the literature [7, 10] and use more
advanced techniques in order to obtain reliable results.
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Linear Congruential Generators

Linear congruential generators are the simplest and most prominent random number
generators. They produce a sequence of integers {x,}, n € N following the rule

Xnt1 = (ax, + ¢) mod m , (12.9)

where a, ¢ and m are positive integers which obey 0 < a,c < m. Furthermore,
the generator is initialized by its seed xo, which is also a positive (in most cases
odd) integer in the range 0 < xp < m. The seed is commonly taken from, for
instance, the system time in order to avoid repetition at a restart of the sequence. In
many environments it is, therefore, necessary to fix the seed artificially whenever
one wants to perform reproducible tests.

We note that the sequence resulting from Eq. (12.9) is bounded to the interval
X, = [0, m — 1] and, hence, its maximum period is m. However, the actual period
of the sequence highly depends on the choices of the parameters a, ¢ and m as
well as on the seed xy. In general, linear congruential generators are very fast and
simple, however, they have rather short periods. Moreover, they are very susceptible
to correlations since the value x,,4 is calculated from x, only. (This is obviously a
property which does not apply to real independent random numbers and it should
therefore be eliminated!) In Sect. 12.3 we will discuss some simple methods which
allow to identify such correlations.

One of the most prominent choices for the parameters in Eq. (12.9) are the PARK-
MILLER parameters [10]:

a=7, ¢=0, m=2"-1. (12.10)

Note that one has to be particularly careful when choosing ¢ = 0. It follows from
Eq. (12.9) that if ¢ = 0 and if for any n, x, = 0 one obtains x; = O for all k > n.
The random numbers r,, described by the pdf (12.7) are obtained via

rm=""e[0,1). (12.11)
m

Let us briefly discuss two famous improvements which concentrate on the
reduction of correlations and an elongation of the period: The first idea which is
referred to as shuffling [10] includes a second pseudo-random step. One calculates
N numbers r, from Egs. (12.9) and (12.11) and stores these numbers in an array.
If a random number is needed by the executing program, a second random integer
k € [1,N] is drawn and the k-th element is taken from this array. In order to avoid
that the same random number is used again, the k-th element of the array is replaced

by a new random number which, again, is calculated from (12.9) and (12.11).
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The second idea to improve the linear congruential generator is simply to include
more previous elements of the sequence:

14
Xnt1 = (Z akxn—k) mod m , (12.12)
k=0

where £ > 0 and a; # 0. Again, the periodicity depends highly on the choice of
the parameters and on the seed. A specific variation of random number generators
using Eq. (12.12) are the FIBONACCI generators.

FIBONACCI Generators

The FIBONACCI sequence is given by
Xnt+1 = X + Xn—1, =0, x=1, (12.13)
which results for n > 1 in
1,1,2,3,5,8,13,21,34,55,89,... . (12.14)

Choosing in Eq.(12.12) m = 10, £ = 1 and a9 = a; = 1 simply leaves the last
digits of the sequence (12.14):

1,1,2,3,5,8,3,1,4,5,9,.... (12.15)

This suggests the definition of a pseudo-random number generator based on the
FIBONACCI sequence [11]. It is of the form

X1 = (X, + x,—1) mod m , (12.16)

which, according to our previous discussion, allows a periodicity exceeding m. A
straightforward generalization results in the so called lagged FIBONACCI genera-
tors:

Xnt1 = (Xn—p ® Xy—g) mod m , (12.17)

where p, ¢ € N and the operator ® stands for any binary operation, such as addition,
subtraction, multiplication or some logical operation. Two of the most popular
lagged FIBONACCI generators are the shift register generator and the MARSAGLIA-
ZAMAN generator.

The shift register generator is based on the exclusive or (XOR; @) operation,
which acts on each bit of the numbers x,—, and x,—,. In particular, the recurrence
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relation reads
Xp = Xn—p ® Xp—g - (12.18)

The XOR operation @ is shown in the following multiplication table:

- O = O o
—_— 0 O o
O'—‘—O@

Hence, suppose that the binary representation of x,—, is of the form 01001110. ..
and for x,—, we have 11110011 ... Then we get from Eq. (12.18):

A very prominent choice is given by p = 250 and ¢ = 103 which yields a
superior periodicity of order ¢/(107°). The algorithm is initialized with the help
of, for instance, a linear congruential generator.

In contrast, the MARSAGLIA-ZAMAN generator (subtract-with-borrow scheme)
[12] uses the subtraction operation and may be written by introducing the so called
carry bit A as

A= Xyp — Xpn—g— Cpn—1 (12.19)

where x; € [0, m] for all i. Then,

A A>0,
X, = (12.20)
A+m A<O.
and c, is obtained via
0 A>0,
Ch = (12.21)
1 A<O.

For the particular choice p = 10, ¢ = 24 and m = 2?* one finds an amazingly large
periodicity of order ¢/(10'7"). The random numbers x, are integers in the interval
X, € [0, m], hence dividing the random numbers by m gives r,, € [0, 1].
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12.3 Quality Tests

Here, we discuss some tests to check whether or not a given, finite sequence of
numbers x, consists of uniformly distributed random numbers out of the interval
e o, 1].!

Statistical Tests

Statistical tests are generally the most simple methods to arrive at a first idea of the
quality of a pseudo-random number generator. Statistical tests are typically based
on the calculation of moments or correlations. Since we regard the simplified case
of uniformly distributed, uncorrelated random numbers within the interval [0, 1], the
moments can be calculated immediately from (see Appendix, Sect. E.2)

1

, 12.22
k+1 ¢ )

(Xk) = /dxxkp(x) = /01 dxxt =

for k € N. These moments are approximated using the generated finite sequence of
numbers {x, },=1.

(x*) ~ 2k = Z% (12.23)

As illustrated in Appendix, Sect. E.2, the error of this approximation is of order

ﬁ(l/«/N) and

(x)=x+0 (\}N) . (12.24)

Another method studies correlations (see Appendix, Sects.E.2 and E.10)
between the random numbers of the sequence and compare it with the analytical
result. We obtain for uncorrelated random numbers:

1
XoXi) = (Xa)” = (12.25)

"From now on we define quite generally the interval out of which random numbers x, are drawn by
€ [0, 1] keeping in mind that this interval depends on the actual method applied. This method
determines whether zero or one is contained in the interval.
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(a) 10

0.8

0.6

Xn+1

0.4

0.2

0.0

Fig. 12.1 Spectral test for a linear congruential generator. We used the PARK-MILLER parameters,
@a=7,c=0andm=2"—1,()a=137,¢c=0,and m = 2'!, and plotted N = 10°
subsequent pairs (x,, x,41) of random numbers. In frame (a) the random numbers evolve nicely
distributed within the unit square, showing no obvious correlations. On the other hand, in frame
(b) subsequent random numbers lie on hyperplanes and, thus, develop correlations: They do not
fill the unit square uniformly

Another, quite evident test, is the analysis of the symmetry of the distribution. If
X, € [0, 1] is uniformly distributed then it follows that (1 — X,,) € [0, 1] should also
be uniformly distributed.

Finally, we discuss a graphical test, known as the spectral test [7]. The spectral
test consists of plotting subsequent random numbers x, vs x,4+; and of visual
inspection of the result. One expects the random numbers to uniformly fill the unit-
square, however, if correlations exist, particular patterns might evolve. We illustrate
this method in Fig. 12.1 where it is applied to a linear congruential generator (12.9)
with two different sets of parameters.

Hypothesis Testing

Basically, one could employ different hypothesis tests, such as the KOLMOGOROV-
SMIRNOV test, to test random numbers. These tests are rather basic and are
discussed in numerous books on statistics. In what follows we shall briefly mention
the )(z-test; for more advanced techniques we refer the reader to the literature
[13, 14].

The y2-test tests the pdf directly. One starts by sorting the N elements of the
sequence into a histogram. Suppose we would like to have M bins and, hence,
the width of every bin is given by 1/M. We now count the number of elements
which lie within bin %, i.e. within the interval [(k — 1)/M, k/M], and denote this
number by n;. The histogram array & is given by & = c(ny,n,. ... ,ny)" where
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Fig. 12.2 Histograms for 1.10
N =10°, N = 10% and . - N=10° q
N = 107, M = 100 bins as "
obtained with the 1.05 -
PARK-MILLER linear . a1 n. T |
congruential generator,
a=7°,¢c=0and 1.00 |
m=21—1
0.95
0.90 ‘ ‘ T T
N=10°
1.05
1.00
0.95
0.90 ‘ + : - ‘ ! ; |
1.05 - N =10’
1.00
0.95
090
0.0 0.2 0.4 0.6 0.8 1.0
X, € [0,1]
the constant ¢ = M/N normalizes the histogram. In Fig.12.2 we show three

different histograms for N = 10>, N = 10°® and N = 107 uniformly distributed
random numbers as obtained with the PARK-MILLER linear congruential generator.
In Fig.12.3 we present a histogram for N = 107 obtained with the bad linear
congruential generator defined in Fig. 12.1b. We recognize numerous empty bins
which are a clear indication that the random numbers are not uniformly distributed.
Let us briefly remember some points from probability theory [15, 16]. One can
show, that if numbers Q,, are normally distributed random variables, their sum

=30, (12.26)
n=1
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Fig. 12.3 Histogram for N = 107 and M = 100 bins as obtained with a linear congruential
generator with parameters ¢ = 137, ¢ = 0 and m = 2!

follows a y2-distribution where v is the number of degrees of freedom. The pdf of
the y2-distribution is given by
x2"le2

>
) =", , x>0, 12.27
p(x;v) 207 (1) x ( )

where I"(-) denotes the I"-function. The probability of finding the variable x within
the interval [a, b] C R™ can be calculated as

b
P(x € [a,b];v) = / dxp(x;v), (12.28)

and in particular for a = 0 we obtain
b
P(x < b;v) = / dxp(x;v) = F(b;v) . (12.29)
0

Here we introduced the cdf F(b;v). Let us consider the inverse problem: the
probability that x < b is equal to «, i.e. F(b;v) = «. We then calculate the upper
bound b by inverting Eq. (12.29) and obtain:

b=FYa;v). (12.30)

These values are tabulated [17, 18].

We return to our particular example: the hypothesis is that the sequence {x,}
generated by some pseudo-random number generator complies to a uniform distri-
bution. It is a consequence of the central limit theorem (see Appendix, Sect. E.8) that
the deviations from the theoretically expected values n!" obey a normal distribution.
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We define the variable

thy2

M

(ng—n

x=yxt= Z nj(hk . (12.31)
k=1

If our hypothesis is true, y? follows a y2-distribution with v = M — 1 because the
requirement that the sum of all numbers n; is equal to N reduces the degrees of
freedom by one. We employ relation (12.30) for « = 0.85 and v = 99 and obtain
b = 113. Hence, values y> < b are very likely if y? really follows a y? distribution,
while values y? > b are unlikely and therefore the hypothesis may require a review.
However, it has to be emphasized that it is fundamentally impossible to verify
a hypothesis. It can only be falsified or strengthened. We note that the resulting
value of y? will highly depend on the seed number of the generator as long as the
maximum period has not been reached.

Summary

We first concentrated on a possible definition of randomness and on a mathematical
definition of random numbers and sequences. As the generation of random numbers
was the main topic of this section we moved on to describe the requirements an
‘ideal’ random number generator will have to obey. On the other hand, the numerics
of computational physics demanded reproducible sequences of random numbers
and this resulted in the notion of ‘pseudo’ random numbers which will be generated
by deterministic methods and, thus, cannot possibly be ‘ideal’. A number of rather
simple but quite effective pseudo-random number generators was discussed before
the question of how to test the quality (randomness) of these numbers was raised.
We discussed statistical tests and demonstrated the simple spectral test using a linear
congruential generator. More sophisticated is the method of quality testing. The
histogram technique as a direct test for the probability density function from which
the random numbers are drawn was discussed in detail. Finally, some basics of the
x>-test have been presented.

Problems

1. Write the computer code for a linear congruential generator. This generator is
described by

Xjy1 = (axj+c) mod m .
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The random numbers #; € [0, 1] can be obtained by normalizing x; as was
discussed in Sect. 12.2. Use the following parameters

a.a=16807, ¢c=0, m=23—1, x)=3141549,
ba=5, ¢c=0, m=2", x =1

2. Perform the following analysis:
a. Compute the mean (r) and the variance var (r) for random numbers generated
in N steps. Plot the result.
b. Plot two successive random numbers r; versus ry4; fork =1,2,...,N—11in
a two dimensional plot.
c. Repeat the above steps for random numbers generated by your system’s
software.
d. Discuss the results!
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Chapter 13
Random Sampling Methods

13.1 Introduction

Most applications require random number generators that follow a particular
probability density function (pdf) which is not a uniform distribution on the interval
[0, 1]. We present in this chapter methods to generate random numbers that follow
some arbitrary pdf. As a source will serve uniformly distributed random numbers as
they are generated with the help of the methods we discussed in Chap. 12.

The two most prominent techniques to generate random numbers from an
arbitrary distribution, are the inverse transformation method and the rejection
method. They will be discussed in Sects. 13.2 and 13.3, respectively. In addition,
we comment in Sect. 13.4 briefly on sampling from piecewise defined pdfs and
combined pdfs. It has to be emphasized that these methods are in many cases not
sufficient and a more powerful approach is required. One of these is based on the
idea of importance sampling and is referred to as the METROPOLIS method. It will
be discussed briefly in Chap. 14.

Nevertheless, it is also possible to obtain quite easily random numbers for some
specific pdfs by direct sampling [1]. For instance, suppose xj, x, are two uniformly
distributed random numbers. Hence, their pdf is given by

1 xelo.1],
pu(x) = { (13.1)

0 elsewhere.

and the corresponding cumulative distribution function (cdf) follows:

0 x<0,
X
P.(x) = / dxXp,(X)=4x x€]0,1], (13.2)
0
1 x>1.
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One can prove that the new random number y

y = max(xy, x2) , (13.3)
conforms to the cdf
FO) =y, (13.4)
and to the pdf’:
f) =2y. (13.5)

The consequence is an elegant method to generate random numbers z which follow
the pdf

g2) =k, (13.6)
by defining
7z = max(xy, x2, ..., X) . (13.7)
Here, the random numbers x; are uniformly distributed and can be obtained with the
help of the methods introduced in Chap. 12.

Another equally elegant method can be employed to calculate random numbers
which follow a normal distribution:

() = ! ex (—Zz) (13.8)
pz—\/zn p R .

Again, we act on the assumption that the random numbers x; are uniformly
distributed within the unit interval [0, 1]. We take two random numbers (x;, x;) and
construct two random numbers (z;, z2) using the transformation:

71 = cos(2mxy) \/—21nx1, 75 = sin(27wx;) \/—21nx1 . (13.9)

I'This follows from the transformation of pdfs (see Chap. 14):

1 1
fo) = /0 dxl/O daxy [y — max(x1, x2)] = 2y.
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It is easy to demonstrate that (z;,z2) follow the pdf (13.8). We introduce the
joint distribution p,(x1,x2) = p,(x1)p.(x2) (assumption of no correlations). The
transformation of probabilities [2—4] gives

P(z21,22)dz1dzs = pu(x1, x2)dxdxs | (13.10)

or, equivalently, the JACOBIAN determinant

9(x1,x2)

, 13.11
3(11,22) ( )

p(z1,22) =

where we employed Eq. (13.1). We recognize that Eq. (13.9) is equivalent to

2 2 1
m=ep(-2T2),  n= ' an (?). (13.12)
2 21 21
The JACOBIAN determinant is readily evaluated and gives?:
dx1x2) _ §3‘ §2
a(Zl s ZZ) 3;? 32
—Z1X] —22X1
=|_ 2 21
2(B+23) 2n(B+D)
j— X1
T 2w
1 2 + 2
= exp _AaTe
2w 2
= p(z)p(z2) - (13.13)

This is the product of two normal distributions and, thus, z; and z, follow indeed a
normal distribution.

2We make use of:

d
dxtan x) = L+
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13.2 Inverse Transformation Method

The inverse transformation method is one of the simplest and most useful methods
to sample random variables from an arbitrary pdf [1, 5-7]. Let p(x), X € [Xmin, Xmax]»
denote the pdf from which we want to obtain our random numbers. The correspond-
ing cdf will be denoted by

P(x) = /X dx'p(x) . (13.14)

‘min

It follows immediately from the positivity and the normalization condition of pdfs
(Appendix, Sect. E.5) that P(x) is monotonically increasing and, furthermore, that
P(Xmin) = 0 and P(xpx) = 1. Let £ denote some random number uniformly
distributed within the interval [0, 1]. We obtain from the conservation of probability
[2-4]

dg\ ™!
P = pax — 1 =© =0 (1) (1315
which can be solved by the choice § = P(x), since

d
P(x) = p(x) . (13.16)
dx
Hence, we arrive at
x=P (&) (13.17)

where P~! denotes the inverse of P. It is an obvious caveat of this method
that it requires the inverse P~!(£) to exist and that P(x) must be calculated and
inverted analytically. This is, for instance, not possible in the case of the normal
distribution (13.8).

Let us illustrate this method with two simple examples:

1. Suppose we want to draw random numbers which are uniformly distributed
within the interval [a, b]. The corresponding pdf reads

1

)= (13.18)

and the cdf takes on the form

P(x) = Z:Z (13.19)
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where we set, in this particular example, xni, = a. Hence, we have

o (13.20)

Ezb—a

which is uniformly distributed within [0, 1]. Consequently, we determine random
numbers x € [a, b] uniformly distributed via

x=a+ (b—a) . (13.21)

2. We are interested in random numbers x drawn from a pdf given by the exponential
distribution:

plx) = i exp (—i) . (13.22)

Here, A > 0 and x € [0, 00). These could, for instance, describe the free path
x of a particle between interactions, where the mean free path (x) = A. From
Eq. (13.17) we obtain

R B X\ x
E—A/deexp(—k)—l exp( A)’ (13.23)

and consequently the relation
x=-Aln(1-§), (13.24)

gives random variables x which comply to the exponential distribution (13.22) if
¢ follows the pdf p,(§¢) of Eq. (13.1). Moreover, it follows from the symmetry of
the uniform distribution that

x=—AlIn() . (13.25)

without affecting the resulting random numbers. In Fig.13.1 we show a
histogram with random numbers drawn according to (13.25).

We pointed out already that it is certainly a caveat of this method that the cdf
P(x) has to be calculated and inverted analytically. Even if P(x) is not analytically
invertible, it is possible to employ the inverse transformation method by calculating
P(x) for certain grid-points x; and then interpolating P(x) piecewise between
these points with the help of an invertible function. However, in many cases it is
advantageous to employ the rejection method, which will be discussed next.
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Fig. 13.1 The histogram representation of the pdf p(x) vs x generated by random numbers drawn
from an exponential distribution Eq. (13.22) with the help of the inverse transformation sampling
method. Two different values for A have been considered, namely (a) A = 1 and (b) A = 5.
N = 10° random numbers have been sampled. The solid line corresponds to the pdf p(x) according
to Eq. (13.22)

13.3 Rejection Method

The rejection method is particularly suitable if the inverse transformation method
fails [1, 6, 7]. One of the most prominent versions of the rejection method is the
METROPOLIS algorithm. It will be introduced in Sect. 14.3.

The basic idea of the rejection method is to draw random numbers x from another,
preferably analytically invertible pdf 4(x) and check whether or not they lie within
the desired pdf p(x). If this is the case the random number x is accepted, otherwise
it will be rejected. This is also the basic idea of the hit and miss version of Monte-
Carlo integration which will be discussed in Sect. 14.2.

We specify the rejection method: Let p(x) denote the pdf from which we want
to draw random numbers. Furthermore, let /(x) be another pdf, which can easily
be sampled (for instance with the help of the inverse transformation method) and
which is chosen in a such a way that the inequality

p(x) < ch(x) , (13.26)

holds for all x € [Xmin, Xmax], Where ¢ > 1 is some constant. The function c h(x)
is referred to as the envelope of p(x) within the interval [xmin, Xmax]- The strategy
is clear: we sample a random variable x' (trial state) from 4 (x) and accept it with
probability p(x)/[c h(x)]. This procedure is sketched in Fig. 13.2. Let p(A|x) denote
the probability that a given value x is accepted and g(x) denotes the probability that
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Fig. 13.2 Schematic YA
illustration of the rejection
method. The trial state x’ is
accepted with probability

p()/[ch(x)]

reject

“x

we produce a variable x with the help of this algorithm. Furthermore, P(x = x')
stands for the probability that a trial state x” is generated. We have

8(x) o P(x = x")p(Alx')

p(x)
ch(x)

o p(x') . (13.27)

= h(x")

Hence, we indeed generate random numbers which follow the pdf p(x). We may
also calculate the probability P(A) that an arbitrary trial state x’ is accepted. This is
done with the help of the marginalization rule (E.39):

PA) = /dx’p(A AX)
= /dx’p(A|x’)P(x =x')

- / ax P9 hey

ch(x")
=, [ a0
C
_ (13.28)
C

More generally, the probability P(A) to accept a d-dimensional random variable is
given by:
1
PA) = . (13.29)

C
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We deduce that the bigger ¢ the worse is the acceptance probability of the rejection
method. It is therefore advisable to choose the envelope A (x) very carefully.
As an example we aim at sampling the normal distribution (E.43) forx € R

1 x?
p(x) = Jano2 &P (— 202) : (13.30)

with expectation value (x) = xo = 0 and variance o. In a first step we restrict our
investigation to x € [0, co) due to the symmetry of the pdf. The slightly modified
pdf for the right-half axis reads

—\/ 2 % 0 1331
ooy Ben(-Z) . emm

where we adjusted the normalization. The complete normal distribution (13.30) is
re-obtained by sampling the sign of x in an additional step. We use as an envelope
h(x) the exponential distribution Eq. (13.22). Furthermore, A and ¢ are chosen in
such a way that the acceptance probability (13.28) has a maximum under the
constraint (13.26). Since this is equivalent to ¢ — min we have to solve the
optimization problem

q(x)
c> h(x) — max . (13.32)

The resulting ¢, is then given by

q (x0pt)

in = 13.33
Cmin h(-xopt) ( )
and x,p; is the yet unknown optimal value for x. We obtain
d g(x) \/ 202 d x ¥
= exp —
dx h(x) mo?dx A 202
_ \/ 2)2 . x X 1 x
Va2 ®P\A T 202 ) 2T 02
Lo . (13.34)

and, therefore,

Q

Yo = - (13.35)



13.3 Rejection Method 205

Consequently, we have

212 0?2
Crin = \/naz exp (ZAZ) . (13.36)

The above relation gives the minimum value of ¢ for arbitrary values of A. However,
since h(x) is our envelope, we can choose A in such a way, that ¢y, — min. This is
achieved in a second step

d \/ 2 o? : o?
min — ex -
€ xo2 TP\ 2y A2

0. (13.37)
which results in the optimum value Aoy = o. This, finally, results together with
Eq.(13.36) in:

2e
Cmin = \/ . (13.38)
i

The algorithm is executed in the following steps:

. Draw a uniformly distributed random number & € [0, 1].

. Calculate x = —Aqp In(§), where Agpy = 0.

3. Draw a uniformly distributed random number r € [0, 1]. If r < g(x")/[cminh(x")],
then x = x' is accepted and if r > g(x")/[cminh(x")], X" is rejected and we return

N —

to step 1.
4. If x' was accepted, we draw a uniformly distributed random number r € [0, 1]
and only if r < 0.5 we set x = —x otherwise x stays as is.

5. We repeat steps 1-4 until the number N of desired random numbers has been
reached.

Figure 13.3 shows random numbers obtained with the help of this method in a
histogram representation. We calculated (a) N = 103, (b) N = 10*, and (c) N = 10°
random numbers for o = 1. It is quite obvious that the original pdf (13.30) is the
better approximated the bigger the number N of sampled random numbers becomes.
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13.4 Probability Mixing

The method of probability mixing was developed to offer an algorithm which allows
to generate random numbers by sampling piecewise defined or composite pdfs. Such
a pdf is of the general form

N
) =Y afitx), i #0, (13.39)
i=1
where the sub-pdfs f;(x) fulfill the normalization requirement

/dx’f,»(x’) =1, (13.40)
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and are non-negative, i.e.

fix) =0, (13.41)
foralli=1,...,N. It follows that
N
dai=1, (13.42)
i=1
which ensures that
/dx’p(x’) =1, (13.43)

is fulfilled. The question is how to sample random numbers from such a pdf, since
in most cases it might be hard to invert the sum (inverse transformation method)
or find a suitable envelope (rejection method). However, this question can easily be
answered: We define

gi=Y a. (13.44)
(=1

Thus, gy = 1 and the interval [0, 1] has been divided according to:

| | | |
! ! ! !
o aqa, q 9, d09d d, 1

The index i of the relevant pdf is determined by the condition
qi-1 <r <gqi, (13.45)

where r € [0,1] is a uniformly distributed random number. We then draw the
required random number x from the sub-pdf f;(x) with any of the methods discussed
above.

This procedure is quite plausible, since the coefficients ; give the relative weight
of the sub-pdfs f;(x). In particular, ; determines the importance of the sub-pdf f;(x).
It is, therefore, a natural approach to use ¢; as a measure of the probability that a
random variable is to be sampled from the particular sub-pdf f;(x).
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Summary

To generate random numbers is essential for many application in Computational
Physics. This chapter concentrated on basic methods to generate the desired random
numbers: (a) the direct sampling method used transformations of the uniform
distribution to generate the required random numbers; (b) the inverse transformation
method was based on the availability of an inverse cdf which was in most cases
required to be calculated analytically; finally, (c) the rejection method which
was basically a hit or miss method. It used an easily invertible pdf A(x) which
enveloped the desired pdf p(x) completely within some interval x € [Xyin, Xmax]. The
effectiveness of this method depended on how ‘well’ the envelope i(x) enclosed
the original pdf p(x). In a last step the method of probability mixing was discussed.
It was an easily verifiable method which allowed to sample random numbers from
composite pdfs.

Problems

Draw random numbers from the following pdfs:

1. Direct Sampling:

Sample the normal distribution with (x) = 0 and o = 1 with the help of the
method discussed in Sect. 13.1. Check the result by plotting the random numbers
against the pdf p(x) in a histogram.

2. Inverse Transformation Method.:

Write a function which samples random numbers from the exponential
distribution with the help of the inverse transformation method as discussed in
Sect. 13.2. Compare the generated random numbers to the pdf in a histogram.

3. Rejection Method:

Sample the normal distribution with (x) = 0 and 0 = 1 with the help of the
exponential distribution as discussed in Sect. 13.3. Compare the generated ran-
dom numbers with the pdf in a histogram. Determine the acceptance probability
numerically.

4. Probability Mixing:

We choose an alternative envelope for the normal distribution with (x) = 0
and o = 1. This envelope is chosen to be constant for all |x| < xo, and decays
exponentially for |x| > xo. (xo is a parameter of your choice.) The parameters
do not need to optimize the acceptance probability. Again, plot the generated
random numbers in a histogram and compare the acceptance probability with the
acceptance probability of point 3.
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Chapter 14
A Brief Introduction to Monte-Carlo Methods

14.1 Introduction

This chapter presents a brief introduction to Monte-Carlo methods in general, and
to Monte-Carlo integration as well as to the METROPOLIS-HASTINGS algorithm in
particular. A detailed discussion of the fundamental concepts involved is postponed
to Chap. 16. The introduction given here is not supposed to be self-contained and
methods will be introduced without reference to their background.

The notion of Monte-Carlo methods, Monte-Carlo algorithms or Monte-Carlo
techniques is not well defined. In particular, the term Monte-Carlo summarizes a
wide field of methods which are based on the sampling of random numbers [1—
3]. In general, the advantage of Monte-Carlo algorithms lies in their computational
strength. In many cases it is simply not feasible to employ deterministic methods due
to their very high computational cost. However, in many cases the use of methods
based on random sampling is also motivated by the nature of the processes to be
described. We mentioned in the previous chapter as a typical example the radioactive
decay of some nucleus. This process is believed to be purely stochastic in nature.

The development of Monte-Carlo techniques was initialized in the 1940s by J.
VON NEUMANN, S. M. ULAM and N. METROPOLIS who coined the term Monte-
Carlo methods. One of the earliest illustrations of the principle of Monte-Carlo
techniques in general, and of Monte-Carlo integration in particular is the Monte-
Carlo approximation of 7. The discussion which follows now includes the essential
ideas of Monte-Carlo integration.

We regard the unit square characterized by the corner points (0, 0), (0, 1), (1,0),
and (1, 1). The area A; of this square is one. We insert a quarter-circle of radius r = 1
which, consequently, possesses the area A, = /4. Suppose, we are throwing darts
on this unit square in such a way that the impact points are uniformly distributed;
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then the probability P that a certain dart becomes stuck within the interior of the
quarter-circle is given by

p="=4a, = Z =0.785398.... . (14.1)

From a probabilistic point of view, we have after N throws of which » hit the
interior of the quarter-circle the probability:

P= lim . (14.2)
N—>oo N

The strategy is clear: we draw uniformly distributed random numbers x;, y; from
the interval [0, 1]. These are the intersection points of the darts. Repeating this
experiment several times and counting the number of hits n within the quarter-circle
allows us to approximate 7 via

P= =~ . 14.3
4 N ( )

The resulting approximation of 7 will be strongly influenced by the number
of experiments N as well as by the performance of the random number generator
used. Table 14.1 lists computed approximations of & for different numbers of
experiments N as they were obtained with the help of a linear congruential generator.
Linear congruential generators have been introduced and discussed in Sect. 12.2.
The parameters used to initialize the generators are given in the caption of the table.
Furthermore, Fig. 14.1 illustrates the result after N = 10° experiments for both
generators.

Table 14.1 Approximate values 7" obtained with the method discussed in the text. The linear
congruential generators are initialized by the following parameters: generator (1): a = 7°, ¢ = 0,
m = 231 — 1, and xy = 281 (PARK-MILLER) and generator (2): a = 7°,¢ = 0, m = 2'!, and
Xo = 281. We also give the absolute errors |m£') — 7|

N 20 1 = x| 22 o _

|7 7|
10 2.8000 0.34159 2.8000 0.34159
10? 2.9200 0.22159 3.1600 0.01841
10° 3.1600 0.01841 3.1840 0.04241
10* 3.1304 0.01119 3.1868 0.04521
10° 3.1358 0.00579 3.1875 0.04589
10° 3.1393 0.00229 3.1875 0.04599

107 3.1413 0.00028 3.1875 0.04599
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Fig. 14.1 N = 103 uniformly distributed random numbers within the unit-square. Frame (a) gives
the results for generator (1) while frame (b) is for generator (2). The number of elements within

the quarter-circle indicated by the solid line determines the value of 7", The inferior result of the
approximation obtained with generator (2) [frame (b)] originates in correlations between the x and
y coordinates

14.2 Monte-Carlo Integration

We generalize the ideas formulated above and consider a function f(x) > 0 for
x € [a, b] C R where the area of interest is

b
A= [ ave. (144)
We denote
£ = xrg[%]f(x) . (14.5)

and obtain using the above example

A=A, lim ", (14.6)

N—o00

where 7 is the number of random points under the curve indicated schematically in
Fig. 14.2. The area A; is given by

Ay = (b—a)t (14.7)

and the random numbers r; = (x;, y;) are uniformly distributed within the intervals
x; € [a,b] and y; € [0, &]. This method is referred to as hit and miss integration [4].
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illustration of the
Monte-Carlo integration
technique

Fig. 14.2 Schematic f(x) ﬂ\

Y

Another way to perform a Monte-Carlo integration is the so called mean-value
integration. It is essentially based on the mean value theorem of calculus which we
already employed in our discussion of quadrature in Chap. 3. We restate it here for
the sake of a more transparent presentation: The mean-value theorem states that if
f(x) is a continuous function for x € [a, b] then there exists a z € (a, b) such that

b
/ dxf(x) =f(2)(b—a) . (14.8)

The function value f(z) = (f) is referred to as the expectation value or mean value
of f(x). We know from probability theory [5—7] that the expectation value can be
approximated by the arithmetic mean f

r=f , (14.9)
N

1 b 120N ~o
b_a/a () ~ f

with the error given by the standard error, Eq. (E.14). The arithmetic mean f, on the
other hand, is given by

1N
f=y ;f(xi) : (14.10)
and consequently
1N
2 — 2(x:
2= N,;f () - (14.11)

Note that here the variables x; are assumed to be uniformly distributed random
numbers within the interval [a, b]. (This result will immediately be discussed in
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more detail.) However, first of all we note from the law of large numbers, Eq. (E.25),
that this approach is exact in the limit N — oo:

1o, 1
b_a/a dxf(x):nggoN;f(xi). (14.12)

Let us now consider the more general case which, in the end, will guide us to
a very prominent formulation of Monte-Carlo integration. We want to estimate the
expectation value

() = / xS (@) (14.13)

where x € R? and p(x) is a pdf. A typical example is the calculation of the thermal
expectation value in statistical physics where the pdf p(x) is given by the normalized
BOLTZMANN distribution

E(x)} . (14.14)

1
p(x) = 7 %P [— kaT

Here E(x) denotes the energy as a function of the parameter x € R’ kg stands
for BOLTZMANN’s constant, 7 is the temperature, and the normalization factor Z is
referred to as the canonical partition function [8—11].

Equation (14.13) may be rewritten as

(f) = / dxf () = / affa(f) . (14.15)

where we introduced the probability density ¢(f) of f via

a(f) = / ax8 [f —f@]p(x) . (14.16)

with §(-) DIRAC’s §-distribution. Let us briefly explain how we arrived at this
definition. Let the cdf P(x) be defined by'

Px) =Pr(X <x) = /_x dxp(x) . 14.17)

IPlease note that according to the conventions established in Appendix E capital letters denote
random variables.
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We define in analogy the cdf Q(f):

O(f) = Pr(F < f) =Pr[f(X) < f]. (14.18)

Note that we distinguish between the function f(X) of the random variable X [which
follows the pdf p(X)] and the particular function value f € R. Furthermore, the
probability Pr[f(X) < f] can be rewritten as

Pr{f(X) <f] = Pr(a, <X <by) . (14.19)

where the values a,, < b, are the ordered intersection points a; < b; < a; < by <
... < ay < by chosen in such a way that

fla,) =fby) =f, and flx € (a.b,)] <f. (14.20)

It is a matter of the particular form of f(x) whether or not the boundary points have
to be included. Equation (14.19) can be rewritten:

by
Pr(a, <X < by) = P(by) —P(an) = | dxp(x). (14.21)
The pdf g(f) is related to the cdf Q(f) via
d
q(f) = 0O(f), (14.22)

df

and we obtain

d
af) =Yy g Pr@n =X =b)

n

db, da,
=3[ yroa =y pan)]

d -1 d -1
= [(];(j)) o = (7)o

x=a,,:|

x=by,

(14.23)
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However, we know from Eq. (14.20) that:

d ! d !
YOI Lo e Y9 Lo, (14.24)
dx x=b, dx x=ay,
We introduce the intersection points x; where x; < x; < ... < xg and K = 2N (if
the boundary points are not included) for which f(x;) = f(x2) = ... = f(xx) = f.
Hence, Eq. (14.23) may be rewritten as
af) =) ()
X=Xy
p(xe)
= . (14.25)
2 If” (x|

We want to improve this result and remember that the DIRAC §-distribution of an
arbitrary function g(y) can be expressed as [12]

8lg)] = Z I(y’(yii (14.26)

where the y; are the zeros of g(y), i.e. g(v;) = 0. Hence, we arrive at the final form
of Eq. (14.23)%:

a(f) = / a8 [f — ()] p() - (14.27)

We note, furthermore, that:

[oran = [ o [astr-senpem = [ e =1. (14.28)

2We give an example. Suppose f(x) = exp(x). Then we deduce that

81 —expa] = °¢ )
f
and, consequently,
. _ p(nf)
q(f) = P

A second example was given in Chap. 13 where we derived the pdf (13.5).



218 14 A Brief Introduction to Monte-Carlo Methods

As a result, the variance of f, var (f), can be expressed as

var (f) = / ax [ () — ()P p) = / O Lf — (NP a(h) - (14.29)

Let us define in a next step the arithmetic mean of f(X)
l |
F = ) = i 14.30
N ;f(x) N ;f (14.30)

calculated with the help of N random numbers. Hence, we have

(F)=(f), (14.31)
and
var (%) Var]\ff ) (14.32)

according to Appendix E. It follows from the central limit theorem, Appendix
Sect. E.8, that for large values of N, the pdf of .7, p(%) converges to a normal
distribution (E.43) with (%) and var (%):

2T~ N (y ‘(f) , VarN(f)) . (14.33)
Based on this property (f) can be estimated from:
s var(f) 1 N \/Var(f)
(f)—/:t\/ N —N;f(x,-):i: N (14.34)

Here, the random numbers x; are sampled from the pdf p(x). This method is the
most prominent formulation of Monte-Carlo integration.

We shall briefly discuss some properties of this method. We deduce from
Eq. (14.34) that the error scales like N~2. In contrast to the integration methods
we discussed in Chap. 3, N is no longer the number of grid-points but the number
of random numbers sampled.® In principle, the error scaling is worse than in the
case of classical integrators. For instance, in the case of the central rectangular rule
(Sect. 3.2) we had an error scaling of N~ when summed over the whole interval.
However, we obtained this result for the one-dimensional case, in higher dimensions
we will certainly need much more grid-points. On the other hand, in Eq. (14.34) N

3Nevertheless, there is certainly some conceptual similarity between grid-points and random
numbers within this context.
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corresponds to the number of d-dimensional random numbers x. Hence, Monte-
Carlo integration can be of advantage whenever one has to deal with complicated,
high dimensional integrals. In contrast, restricted to one dimension it is in most
cases not an improvement of the methods discussed already.

Monte-Carlo integration can also be of advantage whenever the integrand f(x) is
not well behaved. In such a case a very fine grid would be required to compute a
reasonable estimate of the true value of the integral. Monte-Carlo integration offers
a very convenient alternative due to its conceptual simplicity [13].

It is certainly a drawback of Monte-Carlo integration in its formulation (14.34),
that the error is also proportional to \/ var (f) which is a yet unknown quantity.
One has to approximate it with an adequate estimator, for instance with the help of
the sampling variance. Moreover, if the variance var (f) diverges, the central limit
theorem does not hold and the procedure (14.34) is no longer justified and will fail
for sure.

Closely related to the problem of how to determine var (f), is the question of
how many random numbers should be drawn. In most cases an iterative approach
is the most promising strategy. In a first step N random numbers are drawn and the
integral is computed using Eq. (14.34). Then another set of N random numbers is
sampled and Eq. (14.34) is reevaluated now using all 2N random numbers. If the
change in the resulting estimate of the integral is less than some given tolerance ¢,
the loop is terminated otherwise another set of N random numbers is added.

We mention that this form of Monte-Carlo integration can be improved partic-
ularly by sampling only from points which dominantly contribute to the integral.
This method is referred to as importance sampling [13—16] and will be discussed in
more detail later on.

14.3 The METROPOLIS Algorithm: An Introduction

The METROPOLIS algorithm is a more sophisticated method to produce random
numbers from given distributions. In fact, the METROPOLIS algorithm is a special
form of the rejection method (Sect. 13.3). This section introduces the algorithm on
a very basic level which will, in the end, allow a first glance at an interesting model
out of statistical physics, namely the ISING model. It will be discussed in Chap. 15
and a more detailed discussion of the METROPOLIS algorithm will be postponed to
Sect. 16.4.

The METROPOLIS algorithm is particularly useful to treat problems in statistical
physics where thermodynamic expectation values of some observable O are of
interest [8—11]. They are defined as

(0) = / dxO(x)q(x) , (14.35)
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where x is a set of parameters and ¢(x) is the BOLTZMANN distribution (14.14).
The set of parameters x could be, for instance, the position- and momentum-space
coordinates of N different particles. In most cases x is a high dimensional object
which makes classical numerical integration (Chap. 3) cumbersome. Instead Monte-
Carlo integration is employed and the integral (14.35) is approximated with the help
of Eq. (14.34) by

1 var (O)
)~ ;O(x,-) + \/ v (14.36)
where the uncorrelated random numbers x;, i = 1,2,...,N are sampled from the

pdf, Eq. (14.14). We recognize immediately the problem: we need to know the exact
functional form of g(x) if we want to apply either the inverse transformation method
or the rejection method discussed in Chap. 13. However, the partition function Z
itself is determined by an integral which can be approximated using Eq. (14.36). We
set

g0 =" g) . (14.37)
and
Z= /dxp(x) (14.38)

follows from the normalization of ¢(x). The METROPOLIS algorithm was
designed to avoid precisely this problem. We concentrate on a pdf which is of
the form (14.37), but g(x) must not necessarily be described by a normalized
BOLTZMANN distribution, Eq. (14.14). Thus, p(x) is arbitrary but it ensures that

/dxq(x) =1 /dxp(x) =z, (14.39)

and g(x) > O for all x. In other words, g(x) is a pdf. Suppose we already have a
sequence X, X1, ...,%, = {x,} of parameters which indeed follows the pdf g(x).*
We now add to the last element of this sequence x,, a small perturbation § and set

X =x,+6. (14.40)
Note that the perturbation § is of the same dimension as the vector x. Similar to the

rejection method we seek for a criterion which helps us to decide whether or not the
test value x, can be accepted as the next element of the sequence {x,}.

“The question of how one can obtain such a sequence will be discussed in Sect. 16.3.
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The METROPOLIS method proposes an acceptance probability of the form

if q(x;) >1,
q(xn)
Pr(A|x;, x,) = (14.41)
q(x;) .
otherwise.
q(xn)

Hence, if Pr(A|x,, x,) = 1, we set x,4+1 = x;, and if Pr(A|x,, x,) < 1, we draw a
random number r € [0, 1] and accept x; if r < Pr(A|x;, x,) and reject x, otherwise.
We note that in this formulation the knowledge of the normalization factor Z is no
longer required since it follows from Eq. (14.37) that

q(x:) _ p(x:)

= . (14.42)
q(n)  p(xa)
Consequently we rewrite Eq. (14.41) as
Pr(Alx;, x,) = min (p(x,) , 1) = p(xilxa) (14.43)
p(xn)

where we introduced in the last step a more compact notation.

A discussion of the underlying concepts and why the choice (14.41) indeed
samples random numbers according to the pdf g(x) requires some basic knowledge
of stochastics in general and of MARKOV-chains in particular. This is the reason
why we postponed this discussion to Chap. 16. Nevertheless, there is a particular
property, referred to as detailed balance which requires our attention because it
is crucial for the METROPOLIS algorithm: Let p(x;|x,) denote the pdf for the
probability that a random number x; is generated from the random number x, as
defined in Eq. (14.43). Then the condition of detailed balance is defined as

P(ailxn)q(xn) = pOxalx)g(xs) . (14.44)

In words: The probability p(x;|x,) that a random number x; is generated from a
random number x, times the probability g(x,) that the random number x, occurred
at all is equal to the probability p(x,|x,) that the random number x, is generated
from x, times the probability g(x;) that x, occurred. Detailed balance is motivated by
physics and is a condition of thermodynamic equilibrium.

Let us briefly demonstrate that the METROPOLIS algorithm (14.43) satisfies
detailed balance: We distinguish three different cases: (i) Suppose that p(x|x,) =
p(x,|x) = 1. From Eq. (14.43) we note that this is only possible if p(x;) = p(x,)
and therefore g(x;) = g(x,) which is already Eq. (14.44) for this particular case. (ii)
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We assume that p(x;|x,) = 1 but p(x,|x;) # 1. It follows from Eq. (14.43) that

p(xn)
P(alx)gq(x) = q(x;)
p(xr)
= q(x) . (14.45)
This corresponds to Eq.(14.44) for p(x;x,) = 1. Note that we made use of

definition (14.37) in order to achieve this result. (iii) Finally, we find for p(x,|x,) = 1
and p(x;|x,) # 1 that

px)
() q(xn)

= q(x,) , (14.46)

P(xr |xn)Q(xn) =

which, again, is Eq.(14.44). Hence, the METROPOLIS algorithm (14.43) indeed
obeys detailed balance.

So far the question of how to choose the initialization point xo of the sequence
stayed unanswered. This is clearly not a trivial problem and it is strongly related
to one of the major disadvantages of the METROPOLIS algorithm, namely that
subsequent random numbers (x,,x,+1) are strongly correlated. One of the most
pragmatic approaches is to choose a starting point xy at random out of the parameter
space and then discard it together with the first few members of the sequence.
This approach is strongly motivated by a clear physical picture: The sequence of
random numbers resembles the evolution of the physical system from an arbitrary
initial point xo toward equilibrium which manifests itself in the condition of detailed
balance. Hence, the approach of discarding the first few members of the sequence is
referred to as thermalization.

The integral of interest, Eq.(14.35) is then approximated with the help of
Eq. (14.36), where the random numbers xi, Xg+1, ..., Xk+n are used, if the ther-
malization required k steps. There is a remedy which helps to reduce correlations
between subsequent random numbers within the sequence which is based on a
similar strategy. In particular, the modified sequence

Xies X0 Xk+2€5 + + - (14.47)

generated by discarding ¢ intermediate random numbers will reduce correlations
between the members of this final sequence of random numbers.

Summary

This chapter set the stage for an important numerical tool in Computational Physics:
the Monte-Carlo techniques. It started with the conceptual transparent task of how
to calculate 7 using a sequence of uniformly distributed random numbers of the
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range [0, 1]. This established the so-called hit and miss technique. It moved on to a
discussion of Monte-Carlo integration in a more formal way and discussed in detail
the error involved by this type of integration as opposed to the error experienced
by deterministic methods. The conclusion was, that Monte-Carlo integration was
certainly preferable whenever estimates of high dimensional integrals were required
and it also had advantages when the integrand was heavily structured. The second
part of this chapter dealt with the METROPOLIS algorithm which allowed to generate
a sequence of random numbers from some pdf p(x). It was conceptually similar
to the rejection method discussed earlier. The mathematical background which is
more involved was not discussed within this first contact with the METROPOLIS
algorithm. Instead, the emphasis was to demonstrate that this algorithm obeyed
detailed balance a property purely based on physics as a condition of thermo-
dynamic equilibrium. It was, furthermore, pointed out that the random numbers
generated by this algorithm were highly correlated and some strategies to remedy
this problem were discussed.

References

1. Gentle, J.E.: Random Number Generation and Monte Carlo Methods. Statistics and Comput-
ing. Springer, Berlin/Heidelberg (2003)
2. Kalos, M.H., Whitlock, P.A.: Monte Carlo Methods, 2nd edn. Wiley, New York (2008)
3. Kroese, D.P., Taimre, T., Botev, Z.I.: Handbook of Monte Carlo Methods. Wiley, New York
(2011)
4. Fishman, G.S.: Monte Carlo: Concepts, Algorithms and Applications. Springer Series in
Operations Research. Springer, Berlin/Heidelberg (1996)
5. Chow, Y.S., Teicher, H.: Probability Theory. Springer Texts in Statistics, 3rd edn. Springer,
Berlin/Heidelberg (1997)
6. Kienke, A.: Probability Theory. Universitext. Springer, Berlin/Heidelberg (2008)
7. Stroock, D.W.: Probability Theory. Cambridge University Press, Cambridge (2011)
8. Schwabl, F.: Statistical Mechanics. Advanced Texts in Physics. Springer, Berlin/Heidelberg
(2006)
9. Halley, J.W.: Statistical Mechanics. Cambridge University Press, Cambridge (2006)
10. Pathria, R.K., Beale, P.D.: Statistical Mechanics, 3rd edn. Academic, San Diego (2011)
11. Hardy, R.J., Binek, C.: Thermodynamics and Statistical Mechanics: An Integrated Approach.
Wiley, New York (2014)
12. Ballentine, L.E.: Quantum Mechanics. World Scientific, Hackensack (1998)
13. Press, W.H., Teukolsky, S.A., Vetterling, W.T., Flannery, B.P.: Numerical Recipes in C++, 2nd
edn. Cambridge University Press, Cambridge (2002)
14. Doucet, A., de Freitas, N., Gordon, N. (eds.): Sequential Monte Carlo Methods in Practice.
Information Science and Statistics. Springer, Berlin/Heidelberg (2001)
15. Ripley, B.D.: Stochastic Simulation. Wiley, New York (2006)
16. Landau, D.P., Binder, K.: A Guide to Monte Carlo Simulations in Statistical Physics, 3rd edn.
Cambridge University Press, Cambridge (2009)



Chapter 15
The ISING Model

15.1 The Model

Ferromagnetic materials are materials which develop a non-vanishing magnetization
M even in the absence of an external magnetic field B. It is an experimental obser-
vation, that this magnetization decreases smoothly with increasing temperature, and
vanishes above the critical temperature T¢, referred to as CURIE temperature [1].
Above this temperature the magnetization is zero and the material is no longer
ferromagnetic but paramagnetic. This typical situation is illustrated in Fig. 15.1 and
it is the signature of a phase transition. In a theoretical description of this transition
the magnetization M serves as an order parameter.! At T = T¢ the system exhibits
a second order phase transition: The magnetization is not differentiable with respect
to T’ it is, however, continuous.

The microscopic origin of this macroscopic phenomenon is based on the
exchange interaction between identical particles, the atoms or molecules forming
the material. The exchange interaction is a purely quantum-mechanical effect which
is a consequence of the COULOMB interaction in combination with the PAULI
exclusion principle.? For more detailed information please consult Refs. [2-8].

Given two atoms or molecules with spins S and S,, where S;, S, € R3, the
exchange interaction energy is of the form?

E=1JS S, (15.1)

'For a short introduction to phase transitions in general please consult Appendix F.
2The statement that magnetism is a purely quantum-mechanical phenomenon that cannot explained
in classical terms is known as the BOHR-VAN LEEUWEN theorem [3, 4].

3n this discussion we regard the spin as a classical quantity. In the quantum mechanic case one
has to replace the vectors by vector operators S;.
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Fig. 15.1 Schematic M A
illustration of the

magnetization M as a

function of temperature 7 in a

ferromagnetic material

Fig. 15.2 Schematic (a) (b)
illustration of the I I
spin-orientation in a (a)
ferromagnetic (J < 0) or (b)

antiferromagnetic (J > 0) l l
two-dimensional crystal

with the exchange constant J. The magnitude of J as well as its sign are determined
by overlap integrals which include the COULOMB interaction. If / < 0 a parallel
orientation of the spins is energetically favorable and ferromagnetism arises if 7 <
Tc. On the other hand, if J > 0, an antiparallel orientation is established as long as
the temperature does not exceed the NEEL temperature Ty. However, in both cases
the system undergoes a phase transition to a paramagnetic state if the temperature
T exceeds the CURIE temperature (ferromagnetic case) or the NEEL temperature
(antiferromagnetic case). A schematic illustration of ferro- and antiferromagnetism
for a two-dimensional crystal is illustrated in Fig. 15.2. We summarize the different
scenarios:

J <0 ferromagnetic,
J >0 antiferromagnetic,

J =0 non-interacting.

We concentrate on a cubic crystal lattice in which the atoms are localized at
positions x;. The spin of atom ¢ will be denoted by S; € R? and the exchange
parameter between atom £ and atom £’ by Jy. Furthermore, we consider the
ferromagnetic case with Jy¢» < 0. The HAMILTON function [9-11] is of the form

1 1
H = ) ZJM/S( -Sp = ) ZJ(_[/S[ - Sy (15.2)
ow ow
Here Jy was replaced by Ji—y = Jy—¢ to account for translational invariance.

Moreover, we define that J;; = 0, otherwise we would have to exclude the
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contributions £ = ¢’ from the above sum. The HAMILTON function (15.2) is genuine
to the HEISENBERG model [1]. We note that in this model there is no distinguished
direction of spin orientation and, consequently, the HAMILTON function is invariant
under a rotation of all spin vectors S;. The actual spin orientation may be determined
by an external magnetic field or by an anisotropy of the crystal lattice. Furthermore,
the restriction of the spin orientation to the positive or negative z-direction is the
characteristic of the ISING model.

In a quantum mechanical description the HAMILTON operator (Hamiltonian) of
the ISING model is defined by

1
H=, > JevSiS; (15.3)
1224

where S; are the spin operators in z-direction. If spin 1/2 particles are described by
this Hamiltonian, the spin operators S; are replaced by (%/2)o; with o} the PAULI
matrix and % the reduced PLANCK’s constant. Furthermore, we redefine Jl’{_l, =
—h*/H v, J,_p > 0, and represent the Hamiltonian in the basis of eigenstates
of the operators o;. These eigenstates have eigenvalues o, = %1 which correspond
to spin up and spin down states, respectively. We obtain in this representation

1
H — _2 Z]{_[/O’[U{/ —hZG[ 5 (154)

174 14

where we dropped the prime on the exchange parameter J,— for the sake of a more
compact notation. We added, furthermore, a term which accounts for the possible
coupling of the spins to an external magnetic field,* where & stands for the reduced
field h = —jupgB/2.

There are some special cases in which the ISING model can be solved analytically
[12, 13]. For instance, one can solve the general case described by Eq. (15.4) with
the help of the mean field approximation: The contribution /4, acting on site £

hy=h+ Z](_g/ag/ , (15.5)
Z/

is replaced by its mean value

(he) = h+Jm , (15.6)

“We note in passing that the Hamiltonian (15.4) is invariant under a spin flip of all spins if # = 0
(Z, symmetry). This symmetry is broken if & # 0, i.e. the spins align with the external field h.

SWe note that H o /4 - B where B is the magnetic field and 1 is the magnetic moment. Furthermore,
i can be expressed as 4 = —upgS/h = —upgo/2, where up is the BOHR magneton, g is the
LANDE g-factor and o is the vector of PAULI matrices. The sign is convention.
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where m = (oy) and J = > ¢ Je. (The term Jm is commonly referred to as the
molecular field.) With the help of this ansatz it is, for instance, possible to reproduce
the experimentally observed CURIE-WEISS — law of ferromagnetic materials: The
temperature dependence of the magnetic susceptibility y for T > T¢ can be
described by:

X% (15.7)

Another very interesting special case of the general model (15.4) is the restriction
to nearest neighbor (n. n.) interaction with the assumption that the interaction
between non-nearest neighbor spins is negligible. One step further goes the
approximation that Jy_y = J for nearest neighbors. Hence, we have

J it £,¢ n.n.,
Jo—p = (15.8)
0 otherwise.

In this case Eq. (15.4) is rewritten as

H= —; ZU@U@/—}I%:(T@, (15.9)

(ee)

where ), denotes the sum over all nearest neighbors. This model can be solved
analytically in one and two dimensions if the system is assumed to be spatially
unlimited. The solution in one dimension was published by E. ISING [14]. The
solution in two dimensions, which is much more involved, was reported by L.
ONSAGER [15].

We briefly discuss ISING’s solution in one dimension. The Hamiltonian (15.9)
for N-particles aligned in a one-dimensional chain is rewritten as

N N
H=-]Y 010041 —h) o, (15.10)
=1 =1

where we applied periodic boundary conditions, oy+; = 07, and the factor 1/2 was
absorbed into J. Let us now briefly elaborate on the kind of observables we would
like to describe within this model. (We note in passing that the following discussion
is not restricted to the one-dimensional case.) Given a particular spin configuration
% = {0}, we assume that the probability of finding the system in this configuration
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is given by the BOLTZMANN distribution p(%)°:

E(%) }

15.11
ke T ( )

1
€)= _ exp|—
p(%) 7, &P [
Here, T is the temperature and kg is BOLTZMANN’s constant. The energy E(%)
associated with configuration 4" is given by Eq.(15.10). Please note that now,
obviously, we have to treat the model in the classical sense, although we consider

spin degrees of freedom. The partition function Zy is given by the sum over all
possible configurations ¢’ [3, 4, 16]:

E(%
Iy = Zexp [— kiT)} . (15.12)
¢

In general, the task of solving the ISING problem is a problem of how to evaluate the
sum (15.12). This is certainly not trivial since, for instance, in the one dimensional
case with N = 100 grid-points one has 2V = 219 ~ 1.3 x 10% different
configurations %’. On the other hand, once Zy has been determined more information
about the properties of the system can be derived [2, 12, 13]. For instance, the
expectation value of the energy’ is given by

9
— _ 2
(E) = é}:p(%)E(%) = kT*, InZy. (15.13)

and the expectation value of the magnetization follows from

9
(M) = ;p(%)///(%) = kT, InZy, (15.14)

where we defined the magnetization .# (¢’) of a configuration ¢’ via:

M(E) = (Zw) : (15.15)
4

4

The term ) ,0¢ was placed within parenthesis indexed by % to emphasize
its dependence on the particular configuration 4. From the observables (15.13)
and (15.14) the fluctuation quantities, namely, the magnetic susceptibility, y, and

%In particular we assume ergodicity of the system as will be explained in Chap. 16.

7(E) is also referred to as internal energy U.
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the heat capacity, c;,, can be derived. The following relations hold:

d 3
n (M) and ¢, =, _(E). (15.16)

X= aT

Equation (15.13) is applied to rewrite the expression for the heat capacity:
ch = ZE(‘@”) 0 (€) (15.17)
"L ot ‘

Here we made use of the fact that E(%) is independent of temperature 7. We
evaluate, furthermore, the derivative of p(%’) with respect to temperature 7

g [exn(-59)

9
o) = or Zy

_p(®)

= ot [E(%) — (E)] . (15.18)

This is inserted into Eq. (15.17) and results in a final expression for the heat capacity:

Ch

TP [E6) - E6) (E)]
13

= (- )

1
kBTzvar(E) . (15.19)

This result justifies why the heat capacity is referred to as a fluctuation quantity.

We determine now, following the same ideas, the magnetic susceptibility using
relation (15.14):

9
x=2_ M%), p(®). (15.20)
(f)

We note that

3
gy E@) = (7). (15.21)
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and obtain:
3 g [exn(-77)
WP = o Zy
&
”k(B VL) — oy (15.22)

This results in a final expression for the magnetic susceptibility y which relates it to
the variance of the magnetization M:

1
1= r ;p(% [#2() =€) ()]

1
kT

(%) - 0)?)

1
= kBTvar(M) . (15.23)

After this excursion, we return to the analytic treatment of the infinite one-
dimensional ISING model with nearest neighbor interaction, Eq. (15.10). If it were
possible to evaluate the partition function Zy, the required observables would be
directly accessible via the above relations. In most cases this task is not analytically
feasible. Nevertheless, in our particular case it appears to be possible because we
recognize that we can actually evaluate Eq. (15.12) explicitly by keeping in mind
Eq. (15.9):

Zy = Zp(%)
€
1 N N
= Zexp |:k T (JZU£U€+1 + hZU{)]
2 B (=1 (=1

h
. 15.24
;He [k 7OLOt+ + T (0¢ +0z+1)} ( )

(=1

In the last step the sum over oy was replaced by an alternative sum

N 1 N
{Z_:lmz =, ZZ—:I (0¢ +0¢r1) (15.25)
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which is a consequence of the periodic boundary conditions oy4+; = o;. Equa-
tion (15.24) can be rewritten as

Zy = u(7Y) . (15.26)
where tr (-) denotes the trace operation and we introduced the transfer matrix:

I, h

o =
g exp[kBTaa + 2T

(o0 + o’):| . (15.27)

Let us briefly clarify this point: The trace operation in the basis of the spin
eigenvalues 0 = +1 results in

(7)) = Tog=To1-1+Ti1. (15.28)

Hence, we have

w(7V) =Y (7"),,

o

= Z %,01 ‘%1,02"'%N—1 0
o {oi}
i=1,...N—1
= S T Tnes Tonen (15.29)
{oi}
i=1,...N

In the last step we redefined the sum indices and we used the notation {o;} to indicate
that the sum runs over all possible values of o}, 07, ...,0y in order to abbreviate
the notation. However, the sum over all possible values of 01, 0,,...,0y can be
replaced by a sum over all configurations 4 where one configuration is a specific
combination of definite values o1, 07, ..., oyn. For these definite values the product
of transfer matrices in Eq. (15.29) is equivalent to the product of exponentials in
Eq. (15.24) due to our definition of the transfer matrix .7 ;. Hence we demonstrated
that expression (15.26) is indeed equivalent to Eq. (15.24).
It follows from definition (15.27) that

T = exP({‘:Th) exP(_";T) . (15.30)

exp (— k;T) exp (g}‘)
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It is an easy task to determine the eigenvalues of this matrix [17, 18]. The
characteristic polynomial

P Gy) ( ) (15.31)

{ewlC) woli)

is of the form
ex J+h Al lex J=h A ex 2
P ket P ket Pl ke
h 2
= A2 —2Xexp / cosh + 2 sinh !
kgT kgT kgT

L0, (15.32)

which is easily solved. We get for the two eigenvalues A »

+ 2\ h? h + 2/ (15.33)
€X Sin X — . .
Pl ket ke T P\ "kt

and note that A > A, for all temperatures 7 > 0.

‘We now make use of the fact that the trace is invariant under a basis transforma-
tion I". Hence we can express the transfer matrix in a basis in which it is diagonal
and set

7 — o — (tl AOZ) , (15.34)

which immediately results in:
Zy =N+ 25 . (15.35)
Everything required to calculate the expectation value of energy per particle (g)

ksT? 9
(e) = N aTanN, (15.36)
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in the thermodynamic limit N — oo is now in place and, thus, we can investigate
the possibility of a phase transition. First, we consider the limit

o1 1 N N
Nll)ngo NZN :Nll)n;ONln (AY +2)) =InA;, (15.37)

since Ay > A, forall T > 0.8
If there is no external field, i.e. & = 0, we have

.1 J
1\/1520 NZN =1In |:2 cosh (kBT):| , (15.38)

which is a smooth function of 7 for T > 0. Consequently, we do not observe a
phase transition in the one dimensional ISING model. Even more information about
the system can be provided by the spin correlation function (0,0 )

(oror) =Y p(€)oior . (15.39)
¢

A basic, however, tedious calculation shows that in the thermodynamic limit it is
described by

Az -t
(ovow) = (Al) . (15.40)

with the result that the spin correlation decreases with increasing distance £ — ¢’
since A, < Ay for T > 0.

We move on and briefly sketch the solution of the infinite two-dimensional ISING
model according to L. ONSAGER [15]. The HAMILTON function (15.10) changes
into:

H = —JZUU/ (Oe+1,r + 0100 + Opr—1 + Ogpr41) — hZUM/ . (1541
I o

8We transform

A Ay =2 {1 + (AZ)N}
1 - Al ’

and use that
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The strategy developed for the one-dimensional case can again be applied: The
system is treated as a classical system with spin degrees of freedom. The HAMILTON
function (15.41) is inserted into the expression, Eq. (15.12) for the partition function
Zy. With the help of the correct basis Zy can be described by the trace over a product
of transfer matrices. However, in this case the transfer matrix .7 is of dimension
2N x 2N rather than 2 x 2. It is quite obvious that the search for the largest eigenvalue
for arbitrary values of N is not a trivial task. Therefore, we limit our discussion to a
summary of the most important results for the particular case 7 = 0.

In the two-dimensional case a phase transition is indeed observed: The magnetic
susceptibility becomes singular at a particular temperature 7¢. This temperature is
given as the solution of equation:

2J
2tanh2( ) =1. (15.42)
ksTc

The expectation value of the energy per particle takes on the form

(¢) = —J coth (kiJT) {1 + :Kl(é) [2tanh2 (kiJT) - 1}} : (15.43)

where K (£) is the complete elliptic integral of the first kind [see Eq. (1.14)] with
the argument:

2sinh (2, )

2( 27
cosh (kBT)

The magnetization per particle (m) is proved to be determined from

£ = (15.44)

1 Ny g2 45
(1+2%)+(1 —6z2>+ 73 for T < Tp .
(m) = V1-22 (15.45)
0 forT > Tc¢ ,

2J
7 =exp kT )

Equation (15.45) clearly describes a phase transition at 7 = T¢.

with
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15.2 Numerics

We study a finite two-dimensional ISING model on a square lattice §2 with grid-
points (x;,y), i,j = 1,2,...,N, which will be denoted by (i,j). We write the
HAMILTON function in the form

H=-1Y oyory—hY oy, (15.46)
ij ij
(%)

where the 0;; € {—1,1} are treated as ‘classical’ spins. We consider nearest
neighbor interaction and regard the exchange parameter as independent of the actual
positions i, j. The problem is easily motivated: We calculate numerically observables
like the expectation value of the energy or of the magnetization which will then be
compared with analytic results. Such a procedure provides a rather simple check
of the quality of the numerical approach which can then be extended to similar
models which cannot any longer be treated analytically. We need numerical methods
because summing over all possible configurations in a calculation of the partition
function Zy is simply no longer feasible since, for instance, for N = 100 we have
2V = 210000, 13000 pogsible configurations which will have to be considered as
follows from Eqgs. (15.12), (15.13), and (15.14). A more convenient approach would
be to approximate the sums with the help of methods we encountered within the
context of Monte-Carlo integration in Sect. 14.2. For instance, the estimate of the
energy expectation value is given by

M
(E) = ];ZE(%@) + Varlf) . (15.47)
i=1

Here, %6;, i = 1,2,...,M are M configurations drawn from the pdf (15.11), the
BOLTZMANN distribution. Equation (15.47) is referred to as the estimator of the
internal energy. We note that we also have to calculate an estimate of the variance
of E using a similar approach in order to determine the error induced by this
approximation.’

Hence, there remains the task to find configurations %; which follow the
BOLTZMANN distribution (15.11). The inverse transformation method of Sect. 13.2
cannot be applied since E(%;) is not invertible. Furthermore, the rejection method

°In particular var (E) = (Ez)— (E )2 is to be determined and only the second term is already known.
The first term, (Ez) is then estimated with the help of

1 M
2\ __ 2
)= L
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is useless since we would need the partition function Zy to make it work. However,
calculating the partition function is a task as difficult as calculating the internal
energy (15.13) without any approximations. Therefore, the method of choice will
be the METROPOLIS algorithm discussed in Sect. 14.3.

Let ¥ be a given spin configuration on the two-dimensional square lattice
£2. We modify the spin on one particular grid-point (i, j) and obtain a frial spin
configuration %”. According to our discussion in Sect. 14.3, the probability of
accepting the new configuration %" is then given by

doon e (PE) _E(6") — E(%)
Pr(AI%,%)—mm(p(cg),l)—mm{exp[ T }1}

. AEj;
= min | exp T T 1. (15.48)
B

The spin orientation was changed only on one grid-point (i, ), with 0;; — 6;; =
—0;,; thus, the energy difference AEj; is easily evaluated using

AE; = 2J0;; (0141 + 0i—1j + 0ij—1 + 0ij1) + 2hoy; . (15.49)

with o;; the original spin orientation.

We focus now on numerical details, some particular to the numerical treatment of
the ISING model [19], and some of rather general nature which should be considered
whenever a Monte-Carlo simulation is planned.

(1) Lattice Geometry

We regard a two-dimensional N x N square lattice with periodic boundary condi-
tions'? in order to reduce finite volume effects. It is of advantage to write a program
code which will help to identify the nearest neighbors of some grid-point, since
we will need this information in the METROPOLIS run whenever we calculate the
energy difference due to a spin flip according to Eq. (15.49). To help with this task
a matrix neighbor(site, i) will be generated only once for each choice of the system
size N. Here i = 1,2, 3,4 are the directions to the neighboring grid-points of the
grid-point sife. In a first step the sites of the square lattice are relabeled following

1Periodic boundary conditions in two dimensions imply that
ON+1,j = 01, and OiN+1 =01,

for all 7, ;.
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the scheme!':
NN=1)+1 - N?

: S (15.50)
N+1 -« 2N
1 2.---N.

In the next step, the matrix neighbor is initialized as an array of size N> x 4.

Every site has four nearest neighbors: up, right, down, and left. The corresponding

matrix elements for periodic boundary conditions can be evaluated according to the
following scheme:

* For up we have:

(a) If site + N < N*: up = site + N,
(b) else if site + N > N*: up = site — N(N — 1).

* For right we have:

(a) If mod(site, N) # 0: right = site + 1,
(b) else if mod(site, N) = O: right = site — N + 1.

e For down we have:

(a) Ifsite — N > 1: down = site — N,
(b) else if site — N < 1: down = site + N(N — 1)

* For left we have:

(a) If mod(site — 1,N) # 0: left = site — 1,
(b) else if mod(site — 1, N) = 0: left = site + N — 1.

In a final step, the array elements are rearranged according to
neighbor (site, 1) = [up, right, down, left] , (15.51)

where site = 1,2, ..., N>

(2) Initialization

It has already been discussed in Sect. 14.3 that the quality of random numbers
generated with the help of the METROPOLIS algorithm is highly dependent on the
choice of initial conditions. This is, in our case, the initial spin configuration %j.

UTn the following we will refer to the notation (i), i = 1,2, ..., N? as the single-index notation
while the notation (i,j),i,j = 1,2, ..., N will be referred to as the double-index notation.
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Of course, it would be favorable to start with a configuration which was already
drawn from the BOLTZMANN distribution p(%’). However, in practice this is not
feasible ab initio. But, as will be elucidated in Chap. 16, the METROPOLIS algorithm
produces configurations which become independent of the initial state and follow
the BOLTZMANN distribution. Hence we can simply start with some arbitrary
configuration and discard it together with the first n constituents of the sequence
%o, %, ..., %, This method is referred to as thermalization.'* The question arises:
can n be determined to ensure that the sequence starting with %4+ will conform to
the pdf p(%)?

There are two different ways to approach this problem: (i) The first is to measure
auto-correlations between configurations %; where it has to be ensured that the
set of states is sufficiently large to allow for a significant conclusion. We will
discuss auto-correlations in more detail in Chap. 19. (ii) The second approach is
to empirically check whether equilibrium has been reached or not. For instance,
one could simply plot some selected observables and check when the initial bias
vanishes. In this case the observable reaches some saturation value as a function of
the number of measurements. A particularly useful method is to start the algorithm
with at least two different configurations. As soon as equilibrium has been reached,
the observables should approach the same saturation values after a certain (finite)
number of measurements. Typical choices are the cold start and the hot start. Cold
start means that the temperature is initially below the critical temperature, i.e. in
the ISING model all spins are aligned (ferromagnetic state). Hot start means that the
temperature is well above the critical temperature and for the ISING model the spin
orientation is chosen at random for any site (paramagnetic state).

(3) Execution of the Code

The METROPOLIS algorithm for the ISING model is executed in the following
steps:

1. Choose an initial configuration %j.

2. We migrate through the lattice sites systematically.'> Suppose we just reached
site (i,j) (we use the double-index notation i,j = 1,2,...,N, to improve the
readability) and our current configuration is . Then k configurations have been
accepted so far. We generate a new configuration " from %} by replacing in %
the entry o;; by —o0;;.

12The number of configurations discarded is referred to as the thermalization length.

13A migration through all lattice sites is referred to as a sweep.
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3. The new configuration is accepted with probability

AE;;
Pr(A|%", €;) = min [exp (— P T’) , 1} , (15.52)
B

where AEj; is determined from Eq.(15.49). 6" is accepted if Pr(A|6”, 6;) is
equal to one or if Pr(A|%€", %) > r € [0, 1] otherwise € is rejected. If € was
accepted we set G4 = €.

4. Go to the next lattice site [step 2].

We note that instead of sampling the lattice sites sequentially as suggested in step
2 the lattice sites can also be sampled randomly with the help of

i =int(rN?) + 1, (15.53)

where r € [0, 1] is a uniformly distributed random number and int(-) denotes the
integer part of a given quantity. Obviously, Eq. (15.53) is only useful in the single-
index notationi = 1,2, ..., N2.

(4) Measurement

As soon as thermalization was achieved the procedure to measure interesting
observables can be started. Such a procedure consists of collecting the data required
and in calculating expectation values as was illustrated in Eq. (15.47) for the case of
the expectation value of the energy. A more detailed study of estimator techniques is
postponed to Chap. 19. However, there is one crucial point one should be aware of:
We already mentioned in our discussion of the METROPOLIS algorithm in Sect. 14.3
that subsequent configurations %; may be strongly correlated. This problem can be
circumvented by simply neglecting intermediate configurations. For instance, one
may allow a couple of ‘empty’ sweeps between two measurements.

In the following we discuss some selected results obtained with the numerical
approach described above.

15.3 Selected Results

We investigate the two-dimensional ISING model with periodic boundary conditions
and we chose 1 = 0 and J = 0.5 for all following illustrations.

In a first experiment we plan to check the thermalization process and, thus,
measure after every single sampling step and skip thermalization. The observables
of interest, the expectation value of the energy per particle, (¢), and the expectation
value of the magnetization per particle, (m), are illustrated in Fig. 15.3 for 30 sweeps
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Fig. 15.3 Time evolution of 0.0 1.0

(a) the expectation value of '~ -~ (a) (b)

the energy per particle (¢} | T~ T TTT--

and (b) of the expectation 0.5

value of the magnetization ---hot o5
cold

per particle (m) vs the
number of measurements M. -1.0 -

We used a cold start (solid
line) and a hot start (dashed - - - hot ’ v 100

line) to achieve these results 15

<e>
<m>

Fig. 15.4 Typical spin
configuration for a
temperature well above the
critical temperature T¢. Black
shaded areas correspond to
spin up sites while the white
areas are spin down sites

in a system of the size N = 50 which corresponds to m ~ 8 x 10* measurements.
Moreover, we set kg7 = 3 which should be well above T¢ according to Eq. (15.42).
Hence, we expect paramagnetic behavior, i.e. (m) = 0 in the equilibrium since the
acceptance probability is rather large because the spins are randomly orientated. In
addition, Fig. 15.4 shows a typical spin configuration for a temperature well above
Tc.

According to Fig. 15.3b the expectation value of the magnetization per particle
(m) approaches indeed zero after a rather short thermalization period independent
of the starting procedure. This is certainly not the case for the energy expectation
value per particle (g), Fig. 15.3a, which does not approach saturation even after
M ~ 8 x 10* measurements for both starting procedures. The consequence is that
the thermalization period certainly needs to be longer than only 30 sweeps.
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Keeping this result in mind we move on to perform the next check of our
numerics, namely to study the influence of the system size N on the numerical
results we get for the observables (g), (m) as well as ¢, and y as functions of
temperature 7. Let us outline the strategy: a thermalization period of 500 sweeps
will be used and 10 sweeps between each measurement will be discarded. Moreover,
we start with the hot start configuration and at a temperature kg 7y = 3 well above
Tc. After the measurements at Ty have been finished, the temperature is slightly
decreased, T} < Ty.

One more point should be addressed: We perform a simulation using the
strategy outlined above and obtain as a result some observable O as a function of
temperatures {7, }, with T, the initial temperature well above T¢ and T,,+; < T),.
From the physics point of view, this temperature dependence will, of course, be
most interesting for temperatures T ~ T¢. Thus, what we need is an adaptive
cooling strategy designed in such a way that the temperature is decreased rapidly
for temperatures T >>> Tc or T K T¢, but for T ~ T¢ the temperature is modified
only minimally. [This question will also be a very important point in the discussion
of simulated annealing, a stochastic optimization strategy (see Sect.20.3).] At the
moment we are satisfied with equally spaced temperatures, i.e. Ty+; = T;—§, where
8 = const because we are mainly interested to study the influence of the system size
N on our calculations.

The error bars of the calculated expectation values have been obtained with the
help of Eq. (15.47). The error estimates for the heat capacity c; as well as for the
magnetic susceptibility y are more complex to evaluate. The method employed is
referred to as statistical bootstrap, where M = 100 samples have been generated.
This method will be explained in some detail in Chap. 19.

In Fig. 15.5 we compare the expectation value of the energy per particle, (g), the
absolute value of the magnetization per particle |(m)|, the overall heat capacity cj,
and the overall magnetic susceptibility y for four system sizes N = 5, 20, 50, 100.
Furthermore, in Fig. 15.6 we show the curves for the system size of N = 50 together
with corresponding error bars.

We observe that the phase transition becomes sharper with increasing system
size. In fact we know, that the phase transition is infinitely sharp as N — oo from
the analytic solution given by ONSAGER. It is a quite obvious result of this study
that the system size N should be greater than 20 to achieve acceptable results.

Furthermore, we presented the absolute value of the magnetization rather than the
magnetization itself. The reason is that for T < T¢ the ground state is degenerate. In
particular, the state with all spins up or all spins down is equally probable since we
set the external magnetic field 2 = 0. This is a manifestation of the Z, symmetry of
the Hamiltonian discussed in Sect. 15.1.

Of particular interest is the region around the critical temperature, referred to
as the critical region. In this region, the spins are not perfectly aligned and not ran-
domly orientated either. In this region the spins align in so called magnetic domains,
which are also referred to as WEISS domains [1]. A typical spin configuration which
exhibits such domains is presented in Fig. 15.7.
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Fig. 15.5 (a) The expectation value of the energy per particle (¢), (b) the absolute value of the
expectation value of the magnetization per particle |{m)|, (¢) the heat capacity c;,, and (d) the
magnetic susceptibility y vs temperature kg7 for the two-dimensional ISING model. The system
sizes are N = 5, 20, 50, 100

We conclude this chapter with an interesting note: Fig. 15.6 makes it quite clear
that the error of the expectation value of the magnetization and of the energy is
biggest for values around the transition temperature. In fact, if we increase the
system size the error will become even larger. The reason is quite obvious: The error
of our Monte-Carlo integration is proportional to the square root of the variance
of the investigated observable. However, since we deal with a second order phase
transition, this variance tends to infinity as N — oo [4]. There is one cure to the
problem: We are dealing here with finite-sized systems, thus, the variance will never
actually be infinitely large. Furthermore, according to Eq. (15.47) we can decrease
the error by increasing the number of measurements. Hence, if one is confronted
with large systems, one has also to perform many measurements in order to reduce
the error.'

14We note from Eq. (15.47) that we have to perform four times as many measurements in order to
reduce the error by a factor 2.
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Fig. 15.6 (a) The expectation value of the energy per particle (g), (b) the expectation value of
the magnetization per particle |{m)], (c) the heat capacity c;,, and (d) the magnetic susceptibility y
with error bars vs temperature kg 7" obtained for the two-dimensional ISING model of size N = 50

Fig. 15.7 For T ~ T, the spins organize in WEISS domains. Here we show a typical spin
configuration for N = 100 and kg7 = 1.15. The black shaded areas correspond to spin up sites
while the white areas indicate spin down sites
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Summary

The ISING model is a rather simple model which describes effectively a second order
phase transition. Such phase transitions are the topic of extensive numerical studies
and, therefore, this model served here as a tool to demonstrate how to proceed from
the problem analysis to a numerical algorithm which will allow to simulate the
physics. The advantage of the ISING model was that under certain simplifications
solutions could be derived analytically. In the course of this analysis the important
concept of observables was introduced. Observables are certain physical properties
of a system which characterize the specific phenomenon of interest. Numerically,
observables are certain variables which are to be ‘measured’ within the course of
a simulation. After the extensive analysis of the ISING model the transition to the
numerical analysis of the two-dimensional ISING model was a rather easy part. The
required modification of spin configurations turned out to be the key element of
the simulation and this suggested the application of the METROPOLIS algorithm
for sampling. Finally, important problems like initialization of the simulation,
thermalization, finite size effects, measurement of observables, and the prevention
of correlations between subsequent spin configurations caused by the METROPOLIS
algorithm have been discussed on the basis of concrete calculations. The first part
of this chapter was motivated by W. S. DORN and D. D. MCCRACKEN [20]:

Numerical methods are no excuse for poor analysis.

Problems

1. Write a program to simulate the two-dimensional ISING model with periodic
boundary conditions with the help of the METROPOLIS algorithm. Follow the
strategy outlined in Sect. 15.2 and try to reproduce the results illustrated in
Sect. 15.3 for N = 5, 20, 50.

In particular, as a first step write a routine which stores the nearest neighbors
of the square lattice in an array. As a second step, write a program which performs
a sweep through the lattice geometry. You can either choose the lattice sites
systematically or at random. As a third step, set up the main program which calls
the sweep routine. Choose some initial configuration and thermalize the system.
Measure the expectation value of the energy per particle as well as the absolute
value of the expectation value of the magnetization for different temperatures kg7’
and determine the respective errors, see Eq.(15.47). Calculate also the overall
magnetic susceptibility and the overall heat capacity. The determination of the
error is more complicated in this case and can therefore be neglected for the
moment.

Good parameters to start with are J = 0.5, Ny = 500, Ny, = 10 and
h =0.0.

2. Try also different values of J and h # 0.
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Chapter 16
Some Basics of Stochastic Processes

16.1 Introduction

This chapter is devoted to an introduction to some basic concepts of stochastic
processes. This introduction serves two purposes: First of all, it allows for a more
systematic treatment of non-deterministic methods in Computational Physics which
is certainly necessary if we really aim at an understanding of these methods.
The second reason can be found in the elementary importance of stochastics in
modern theoretical physics and chemistry in general. Hence, many of the concepts
elaborated within this chapter will be of profound importance in subsequent
chapters. For instance, we present a discussion of diffusion theory in Chap. 17 as
a motivating example.

The reader not familiar with the basics of probability theory [1-4] is highly
encouraged to at least consult Appendix E before proceeding. In particular, we are
going to apply the notation introduced in Appendix E throughout this chapter.

The basics of stochastic processes will be discussed within five sections including
this introduction. In Sect.16.2 we introduce basic definitions associated with
stochastic processes in general. Here we discuss concepts which will serve as a
basis for an understanding of the methods presented within the subsequent sections.
Section 16.3 deals with a special class of stochastic processes, the so called
MARKOV processes. As we shall see, these processes are of fundamental importance
for statistical physics and for computational methods. Moreover, in Sect. 16.4
we consider so called MARKOV-chains which are discrete MARKOV processes
defined on a discrete time span. This will serve as the basis of a very important
method in computational physics, the so called MARKOV-Chain Monte Carlo
technique. We already encountered a simple example of this method in Sect. 14.3
and in Chap. 15, the METROPOLIS algorithm. Finally, in Sect. 16.5 continuous-time
MARKOV-chains will be discussed, in particular, discrete MARKOV processes on a
continuous time span. These processes are very important, for instance, in diffusion
theory as will be demonstrated in Chap. 17.

© Springer International Publishing Switzerland 2016 247
B.A. Stickler, E. Schachinger, Basic Concepts in Computational Physics,
DOI 10.1007/978-3-319-27265-8_16
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A discussion of detailed balance will also be included in the section on MARKOV
processes, Sect. 16.3, although detailed balance follows from physical arguments.
Detailed balance has already been introduced in our discussion of the METROPOLIS
algorithm, Sect. 14.3.

16.2 Stochastic Processes

The following discussion is primarily restricted to one-dimensional processes.

A stochastic process is a time dependent process depending on randomness [5—
7]. From a mathematical point of view, a stochastic process Yx(f) is a random
variable Y which is a function of another random variable X and time ¢ > 0:

Yy(t) = £(X.1) . (16.1)

Here we apply the notation of Appendix E and denote random variables by
capital letters, such as X, and their realization by lower case characters, such as
x. Consequently, the realization of a stochastic process is described by

Yilt) = f(x.1) . (16.2)

The set of all possible realizations of Yx(¢) spans the state space of the stochastic
process. We note that it is in principle not necessary to define ¢ as the time in a
classical sense. It suffices to denote ¢ € T, where T is a totally ordered set such as,
for instance, T = N the natural numbers. The set T is referred to as the time span.
We distinguish four different scenarios:

» discrete state space, discrete time span,

* continuous state space, discrete time span,
 discrete state space, continuous time span,

e continuous state space, continuous time span.

Stochastic processes on a continuous time span are referred to as continuous-time
stochastic processes.

Suppose the random variable X follows the pdf px(x). It is then an easy task to
calculate averages (Y (¢)) of the stochastic process Yx(f) via

mm=/wmwmm (163)

This concept is easily extended to multiple times t;, 12, ..., t, by

wmnmmmm=/mmmmmmnmmm, (16.4)
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which defines the moments of the stochastic process [1, 5, 8]. Similar to the concept
of the correlation coefficient (see Appendix, Sect. E.10) we define the so called auto-
correlation function k (t, t;):

(Y (1) — (V@) [Y(22) — (Y(22))])
ﬂmm—mm#Mnm—mmW)
(Y)Y (1)) — (Y (1) (Y(12))

VvarlY (t)]var[Y ()]

_ y[Y (1), Y(12)]
Vvar[Y (#))]var[Y (12)] '

k(t1, 1) =

(16.5)

The function y[Y(#1), Y(;)] is referred to as the auto-covariance function and is
defined as

yI¥Y(11), Y(12)] = cov[Y (1), Y(12)] . (16.6)
We proceed by defining the pdf of a stochastic process Yx(¢). The pdf p;(y, 1),

which describes the probability that the stochastic process Yx(f) takes on its
representation y at time ¢, is given by (see Sect. 14.2)

Pt = / dxsly — Yu(Dlpx () - (16.7)

We define, in analogy, the pdf p,(yi,t1,y2,%,...,Yn, ;) Which describes the
probability that the stochastic process takes on the realization y; at time #;, y, at
time #,, ..., and y, at time ¢, for arbitrary n:

pn(ylvtlﬂy27t27"' 7ynst}’l) = /dxg[yl - Yx(tl)]g[)’Z - YX(IZ)]
X8 yn — Yaltw)lpx (x) - (16.8)

This is referred to as the hierarchy of pdfs. We note the following important
properties of the pdf p,,(y1, 11,2, t2, .. ., Yu, tn) [8]:

e Pt Y2t Y tn) 20, (16.9)
o puleo vt veste, ) =pao o yete e Vit el ) (16.10)
° /dynpn())lvtlv-'- vynstn) :pn—l()’lvtls e syn—lvtn—l) , (16.11)

. /dypl(y, n=1. (16.12)
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The moments defined in Eq. (16.4) can also be expressed with the help of the pdfs
Pn by

(Y)Y (1) - Y (1)) = /dyl---dynyl---ynpn(yl,tl,---,ymtn)- (16.13)

Conditional pdfs pg can also be introduced. They describe the probability that
we have yr41 at ty41, ..., Yi+¢ at fr4¢ if there existed y; at ¢4, ..., y; at f via

ke V1 B - oo s Y0 Tkt
Pk k410 Bt 1s - oo Vi s et V1 T o ke ) = Prrebn, Yere fete) :
Pt .o Vi te)
(16.14)
It follows that
/d)’2P1|1(yzsl2|y1,l1) =1. (16.15)

Let us give some further definitions [8]:

* A stochastic process is referred to as a stationary process if the moments defined
in Eq. (16.4) are invariant under a time-shift Az:

(Y)Y (62) -+ Y (1)) = (Y(t1 + ADY (62 + Af) - Y(1, + AD)) . (16.16)

In particular, one has (Y (f)) = const and the auto-covariance depends only on
the time difference |t; — 1, |:

y(t1.12) = cov[Y(11), Y (©2)] = cov[Y(0). Y (| —2)] = y(11 —12) . (16.17)
It is understood that y () = y(—t). Moreover, we have
Dt + Aty ooyt + AD) = pa(V1,t e Yns b)) (16.18)
and in particular, p; (v, 1) = p1(y).

* A time-homogeneous process is a stochastic process whose conditional pdfs are
stationary

P12, 2y, — ) = pii (2, $20y1. 82 — 7) (16.19)

for all 5, 7, 5. The pdf py); is referred to as transition probability.

* A process of stationary increments is a stochastic process Yx(f) for which the
difference Yx(t;)—Yx(t;) is stationary for all £,—1;, with , > #; > 0. This means,
in particular, that the pdf of this process depends only on the time difference
t, — 1. The quantities Yx(t,) — Yx(#;) are referred to as increments.
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* A process of independent increments is a stochastic process Yx(¢) for which the
differences

Yx(t) — Yx(t1), Yx(t3) — Yx(t2), . .., Yx(t,) — Yx(ta—1) .

are independent for all 7, > 1,1 > ... > 1, > 1.

e A LEVY process is a continuous-time stochastic process with stationary
independent increments which starts with Yx(0) = 0.

* A Gaussian process is a stochastic process Yx(#) for which all finite linear
combinations of Yx(¢), t € T follow a normal distribution (see Appendix,
Sect. E.7). We shall come back to this kind of process in Chap. 17.

* A WIENER process is a continuous-time stochastic process with independent
increments which starts with Yx(0) = 0 and for which the increments Yx(#;) —
Yx(t;) follow a normal distribution with mean 0 and variance f, —t;. The WIENER
process is a special case of a LEVY process. One of the main applications of the
WIENER process is to study Brownian motion or diffusion. This process will be
discussed in more detail in Sect. 16.3 and in Chap. 17.

* The random walk is the discrete analogy to the WIENER process [9-11]. This
means in particular that if the step size of the random walk goes to zero, the
WIENER process is reestablished. This point will be elucidated in Chap. 17.

After stating the most important definitions, we proceed to the next section
in which the attention is on a special class of stochastic processes, the so called
MARKOV processes.

16.3 MARKOV Processes

A MARKOV process is a stochastic process Yx(¢) for which the conditional pdf
Pijn—1 satisfies for arbitrary n and t; < #, < --- <, the relation

Pljn—1 (Yna tnlyh yeo s Yn—1, tn—l) = P1|1(Yn, tn|yn—l7 tn—l) . (1620)

Hence, a MARKOV process is a process in which any state y,, t, is uniquely defined
by its precursor state y,—i, #,—; and is independent of the entire rest of the past [12].
MARKOV processes are of particular importance in natural sciences because of their
rather simple structure. This will become clear throughout the rest of this book.

We note in passing that a process with independent increments is always a
MARKOV process because

Yx(tn+1) = Yx(ta) + [Yx(tat1) — Yx (@] (16.21)
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is satisfied. Since the increment Yx(#,+;) — Yx(#,) is independent of all previous
increments which gave rise to Yx(t,) by definition, Yx(t,4) depends only on Yx(t,),
which is exactly the MARKOV property (16.20).

The quantity pyji (Va, ta|[Yu—1, t,—1) Which appears in Eq. (16.20) is referred to as
transition probability. Given the transition probability py|; together with the pdf p,
one can construct the whole hierarchy of pdfs (16.8) of the MARKOV process by
calculating successively [8]:

P21, 1, y2, ) = pri(va, talyr, t)pi (i, 1)
P31t y2, 2, y3. 13) = pip(s. B31y1. 1, Y2, )p2 (V1. t, ¥, 1)
= pin 3. B31y2, 2)p1j1 2. t2|y1, t)p1 (1. 1)

(16.22)

Here we employed definition (16.14) and in the second step of the second equation
we employed for p;|, the MARKOV property (16.20).

The fact that the whole hierarchy of pdfs can be constructed by repeating the steps
illustrated in Eq. (16.22) reveals the rather simple structure of MARKOV processes.
However, Eq. (16.22) contains another useful information. We regard the pdf p;
of (16.22) for three successive times #; < t, < t3. First we integrate the left-hand
side with respect to y, which yields with the help of property (16.10):

/dyzp3(yl,t1,yz,tz,y3,t3) =p2(1. 11, y3.83) . (16.23)

Hence, we have

P21, 1, Y3, 13) =Pl(yl,t1)/dyzpl\l(y3,l‘3|y2,tz)P1\1(yz,l‘2|y1,t1) , (16.24)

or after dividing both sides by pi(y1, ;) and by keeping in mind Eq.(16.14) we
arrive at:

pin(s. 3|y, 1) = /d))zpl\l()’,%l3|y2,lz)Pl\l(Yz,l2|y1,l1)- (16.25)

This equation is known as the CHAPMAN-KOLMOGOROV equation [8, 13]. The
interpretation of this equation is straight-forward: the transition probability from
(v1,11) to (y3,13) is equivalent to the transition probability from (y;,#;) to (y2, 1)
multiplied by the transition probability from (y,, #;) to (y3, #3) when summed over
all intermediate positions y,. This is illustrated in Fig. 16.1.
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Fig. 16.1 Tllustration of the tA
CHAPMANN-KOLMOGOROV
equation 2 (%3.13)
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We state a very important theorem: Any two non-negative functions p;j; and
p1 uniquely define a MARKOV process if the CHAPMAN-KOLMOGOROV equa-
tion (16.25) is obeyed and if

P10, ) = /dylpl\l(sttzl)’lvtl)pl(Ylvtl)s (16.26)

which follows immediately from the first equation in Egs. (16.22) in combination
with property (16.10).

As a first example we consider one of the most important MARKOV processes
in physics, the WIENER process [10]. Its importance stems from its application to
the description of Brownian motion, the random motion of dust particles on a fluid
surface. (In Chap. 17 we take a closer look at diffusion phenomena.) The transition
probability of the WIENER process is of the form!

1 (72 —yl)z}
2,1y, 1) = exp | — . (16.27)
pi (2. taly1. 1) S — 1) p[ 2t — 1)
The initial condition is given by
pi,t=0)=801) . (16.28)

A straight-forward calculation proves that (16.27) indeed obeys the CHAPMAN-
KOLMOGOROV equation (16.25). Moreover, we deduce from Eqgs. (16.28) together
with (16.26) that

b= | ex (—yz) (16.29)
Py, _\/27tl p 2t . .

'This form is equivalent to the above definition of the WIENER process, in particular to the
requirement of normally distributed increments with variance #, — .
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Fig. 16.2 Three possible
realizations of the WIENER 4r
process
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The WIENER process is easily realized on the computer. We regard the one-
dimensional case and start at the origin Yx(0) = 0. As per definition the increments
Yx(t + df) — Yx(¢) follow a normal distribution .4 (dy|0, df) of mean zero and
variance dz. Hence, we start with yo = 0 at time #y = 0, sample the displacement
dy within a time-step dt from .4 (dy|0, df) and calculate the next position at time
ty = to + dr which is given by: y; = yo + dy.? This process is repeated until a
certain time limit has been reached. Figure 16.2 presents the result of three such
calculations which have been started using different seeds.

Let us mention a second very important MARKOV process, the POISSON process.
The POISSON process is particularly interesting for problems involving waiting
times, such as the decay of some radioactive nucleus. However, we shall also
come across the POISSON process within the context of diffusion in Chap. 17. The
transition probability of the POISSON process is defined as

(tZ —f )"2_"1

W_myemFm—ML (16.30)

pin(na, blny, ty) =

Here it is understood that n;,n, € N and n, > n;. Hence, the POISSON process
counts the number of occurrences n, of a certain event until the time #, is reached
under the premise that n; events have already occurred at time #;. The POISSON
process is initialized by the pdf

pi(ni,tp =0) =8y, (16.31)

here §;; is the KRONECKER-$. Hence we have according to Eq. (16.26)

t}’l
pi(n0) =Y pip(ntini, i = 0)pi(m,ty = 0) = exp (1) , (16.32)
n.

ni

2 Alternatively, we may sample dy from a normal distribution with variance 1 and multiply it by
/dt. This follows from a simple transformation of variables.



16.3 MARKOV Processes 255

Fig. 16.3 Three possible 30
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which is a POISSON distribution (see Appendix, Sect.E.4 and, for instance,
Ref. [14]). Let us briefly consider the time between two events. Suppose we had
n; events at time #;. Then, we calculate the probability that at time #, = #; + © we
still counted n, = n; events, thus, nothing happened. We have

pin(ni, ty + tlny, ) = exp (—1) (16.33)

and the waiting times are independent and follow an exponential distribution. We
may simulate the POISSON process by starting at #; = 0 with n; = 0 and by
increasing ny,ns,... by one, i.e. nj4; = n; + 1 after successive waiting times
71, T2, . . . which we sample from the exponential distribution (see Sect. 13.2) until
a final count N has been reached. The result of such a procedure is illustrated in
Fig. 16.3 where n(f) vs t has been plotted for three runs started by different seeds.

Finally, we remark that for a time-homogeneous MARKOV process the transition
probability pij; (2, £2[y1, 1) depends by definition on the time difference t, —1; = 7
rather than explicitly on the two times #; and #, and is usually denoted by T (y2, y1).

We turn now our attention to another very important general concept of MARKOV
processes, the master equation [8]. This equation is in fact the differential form of
the CHAPMAN-KOLMOGOROV equation. We regard the CHAPMAN-KOLMOGOROV
equation (16.25) for three successive times #; < t, < t3 = t,+t where t is assumed
to be small, i.e. T < 1. We expand the conditional pdf p;|; in a TAYLOR series with
respect to t:

0
TPl\l(y_% t+ tly2, tz)’ T o) .

P (3.t + Tly2, 12) =171\1(y3,t2|yz,t2)-i-Ta _
(16.34)

In order to transform this equation into a more transparent form, we introduce the
transition rate w(ys|ys, ;) from y, to y3, with y, # yj3:

d
w(ysly2, k) = atl’m(ys,tz + tly2, 12) o (16.35)



256 16 Some Basics of Stochastic Processes

In addition, we note that the first term on the right-hand side of Eq. (16.34) has to
be of the form:

pin(s. 2|y, ) = 8(y3 — y2) . (16.36)

On the other hand, we defined the transition rate (16.35) only for elements y, # y3
and, thus, we denote the remaining part (i.e. y, = y3) by a(y2, f2). All this allows us
to rewrite Eq. (16.34) as

P (3.2 + Tlya ) = [1 + a(y2, 1)]16(y3 — y2) + tw(yslya, 1) (16.37)

where we neglected terms of order &'(z?). The pdf Pi1(v3, 12 + Tly2, 12) is subject
to the normalization (16.15) and this provides us with the required condition to
determine a(y,, 1):

a(ys, ) = —‘E/dy3w(y3|y2,t2) . (16.38)

Hence, the term 1 4 a(y», ;) describes the probability that no event occurs within
the time interval [t,, 1, + 7]. The expansion (16.37) is inserted into the CHAPMAN-
KOLMOGOROV equation (16.25) with the result:

i3t +lyit) =pin s, 2y n)
T

/d)’2 [w(ysly2. 2)p1ji (2. faly1. 11)

—W(Yz|)’3,l2)l?1|1(y3,l2|)’1,ll)] .

(16.39)
Finally, we arrive, in the limit T — 0, at the master equation:
d
a0y = [ & DIy 7l 1)
—w(/ ly. )pipn Oty . 1)] (16.40)

We multiply this equation by p;(y, ') and integrate over y'. This results in the
master equation for the pdf p; (y, )

d
P = / a Ol 01 O 1) — w Iy Dpr (1] (16.41)

where we made use of the property (16.26).

Let us briefly discuss this result: In its derivation we assumed the state space to
be continuous. However, if a master equation for a discrete state space is required
the integral is to be replaced by a sum over the discrete states. On the other hand, the
physical interpretation of such an equation is straight-forward: The time evolution
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of the quantity p;(y,t) is governed by the sum over all transitions into state y
(first term) minus all transitions out of state y. We remark that master equations
occur commonly in physical applications; for instance, the collision integral of the
BOLTZMANN equation is of a similar form. The transitions rates w(y|y’, r) can be
determined explicitly in many applications in physics.>

Furthermore, if the system is in a stationary state then it is described by a
stationary distribution p; (y, ) = p1(y) and we obtain from (16.41) the relation

[ arwoiome) = [ ameinomo. (16.42)
which is referred to as global balance. The much stronger condition

wl Hp10) = wh'[y. Op1 () . (16.43)

is referred to as detailed balance and will be discussed next.

The task now is to prove that the equilibrium distribution function p.(X) of
a classical physical system will, under certain restrictions, indeed fulfill detailed
balance. (This proof was given by N.G. VAN KAMPEN [5].) The next steps of the
proof become more transparent if a vector x = (qx, pr)” € R®" is introduced which
represents the phase space trajectory of the N particles constituting the system under
investigation. This trajectory is determined by HAMILTON’s equations of motion
[16-18]:

q'k = 9 H(X) s [5k = — 9 H(x) . (1644)
P g

Furthermore, Yx(f) denotes a stochastic process which describes some observable
of the physical system. We require that Yx(¢) is invariant under time reversal. We
also assume the equilibrium distribution function p,.(x) to be invariant under time
reversal, which in most cases is equivalent to the requirement that the HAMILTON
function H(x) is invariant under time reversal. The operation of time reversal will
be indicated by bared variables:

t=—t, x=(qu—-p)". (16.45)

3 As an example we quote FERMTI’s golden rule [15], where the transition rate w,,, from unperturbed
states n to n’ is of the form

2
W/ = A |H:m'|p(En) ’

where H/, are the matrix elements of the perturbation Hamiltonian H and p(E,) denotes the
density of states of the unperturbed system.
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Hence, the above assumptions result in
Vi) = Ye(1) = Ye(—1) = Yi(0) (16.46)
and
Pe(x) = pe(x) = pe(x) . (16.47)

In particular, we deduce from Eq. (16.46) that

Y:(0) = Y:(0) , (16.48)
and
Yi(t) = Yi(—1) . (16.49)
We calculate the pdf p, from
p201:0.32:0) = [ A1 = VOI8D2 — K00 (16.50)

However, since we integrate over the whole phase space we recognize that the
volume is invariant under a change dx — dx. Thus, we can change the variable
of integration from x to x and this results in:

m@ﬂmﬁszmmmmmm—nmhm

_ / Ad[y1 — Y,(0)]8[y2 — Yo(—0)]pe (x)

= pZ(yZv =1, y1, 0)
= p2(y2.0,y1.1) . (16.51)
We obtain immediately:
P12, ty1, Op. (1) = p1j1 (1, 1ly2, 0)pe(y2) - (16.52)

Differentiation of this equation with respect to ¢ together with definition (16.35)
yields for small values of ¢

w2 [yDpe(v1) = wyily2)r.(v2) (16.53)

which is the condition of detailed balance, Eq. (16.43), for stationary distributions.
It should be noted at this point that detailed balance in physical systems is
strongly connected to the entropy growth (the H-theorem by BOLTZMANN [19]).
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Here, detailed balance was based on the condition that the stochastic process Yx(¢)
was invariant under time reversal and that the equilibrium distribution p,(x) had the
same property. This has in most cases the consequence that the HAMILTON function
is also invariant under time reversal transformations. However, a detailed discussion
of these properties is far beyond the scope of this book.

We continue our presentation with so called MARKOV-chains which are a special
class of MARKOV processes. MARKOV-chains will prove to be very important
for the understanding of MARKOV-chain Monte Carlo techniques, such as the
METROPOLIS algorithm.

16.4 MARKOV-Chains

A MARKOV-chain is a time-homogeneous MARKOV process defined on a discrete
time span and in a discrete state space [20—-22]. Hence, we express the time instances
by integers T = N, t, = n where n € N and possible outcomes are indexed by
integers Yx(#,) € {m} where m € N. As a first consequence of the discreteness of
the state space we replace all pdfs p(-) by probabilities Pr(-). Hence the MARKOV
property (16.20) reads

Pr(Yot1 = Y0 = yno ... Y1 = y1) = Pr(Yq1 = y[Y = y0) , (16.54)

where we applied the notation Y,, = Yx(¢,) and y,, € {m} is one particular realization
out of the discrete state space. Since we assume the transition probabilities to be
independent of the actual time, we can define a transition matrix P = {p;;} via

pij =Pr(Yup1 = jIY, =) . (16.55)
Consequently, we write
Pr(Yn = ins Yn—l = in_], ey YO = lO) = Pr(YO = io)pi()ilpiliz o 'pi,,_li,, .

(16.56)

We note that the transition matrix is a stochastic matrix, a matrix with only non-
negative elements such that the sum of each row is equal to one. Furthermore, one
can prove that the product of two stochastic matrices results, again, in a stochastic
matrix.

We define the state vector at time n, 7 = {Jri(") ) as

7" =Py, = i). (16.57)
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From the marginalization rule (Appendix, Sect. E.6) follows for the particular case
n=1

Pr(Y) =i) = Y Pr(Yo = k) Pr(Y) = i|Yo = k) . (16.58)
k

or with the help of the definitions (16.55) and (16.57):

7= "pum” . Vi (16.59)
k
Hence, we get forn = 1
7l =7z0p (16.60)
and forn = 2
a? =7zWp=70p2, (16.61)
Obviously,
a® =7zOpr (16.62)

follows for arbitrary n. Hence the probability matrix for an n step transition P is
given by P = P". We immediately deduce that the CHAPMAN-KOLMOGOROV
equation for MARKOV-chains is fulfilled since

ppm = prpm = prim = plrtm (16.63)

for two integers n and m.
Let us cite some further definitions in order to classify MARKOV-chains [5, 8, 20—
22]:

* The notation i — j means state i leads to state j and is true whenever there
is a path of length n, iy = i,i1,...,i, = j such that all p;; , > 0 for k =
0,1,...,n— 1. This is equivalent to (P"); > 0.

* The notation i <> j means state i communicates with state j. This relation is true
whenever i — jand j — i.

* A class of states is given if (i) all states within one class communicate with each
other and (ii) two states of different classes never communicate with each other.
These classes are referred to as the irreducible classes of the MARKOV-chain.

e An irreducible MARKOV-chain is a MARKOV-chain in which the whole state
space forms an irreducible class, i.e. all states communicate with each other.

* A closed set of states is a set of states which never leads to states which are
outside of this set.
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* An absorbing state is a state which does not lead to any other states: It forms
itself a closed set. An absorbing state can be reached from the outside but there
is no escape from it.

» A state is referred to as transient if the probability of returning to the state is less
than one.

* A state is referred to as recurrent if the probability of returning to the state is
equal to one.

* Furthermore, we call a state positive recurrent if the expectation value of the
first return time is less than infinity and null recurrent if it is infinity. We may
formulate this in a more mathematical language: The time of first return to state
i is defined via

Ti=inf(n>1:X,=iXo=1) . (16.64)
The probability that we return to state i for the first time after # steps is defined as
fi =Pr(Ti =n). (16.65)

Hence, a state is referred to as recurrent if

Fi=) fi=1, (16.66)

positive recurrent if
(T) =) nff <o, (16.67)

and null recurrent if
(T) =Y nff =o0. (16.68)

We note that we also have (T;) = oo if state i is transient. Furthermore, one can
show that a state is only recurrent if

> =00, (16.69)

» A state is referred to as periodic if the return time of the state can only be a
multiple of some integer d > 1.

* A state is referred to as aperiodicif d = 1.

*  We call a state ergodic if it is positive recurrent and aperiodic.

* A MARKOV-chain is called ergodic if all its states are ergodic.



262 16 Some Basics of Stochastic Processes

We give some useful theorems in the context of the above definitions: First of
all, it can be proved that if a MARKOV-chain is irreducible it follows that either all
states are transient, or all states are null recurrent, or all states are positive recurrent.

Furthermore, a theorem by KOLMOGOROV states that if a MARKOV-chain is
irreducible and aperiodic then the limit

o1
7= lim 7" = (16.70)

n—oo J ('1}) ’

exists. It follows from the above discussion that if all states j are transient or null
recurrent we have

=0, (16.71)
and if all states j are positive recurrent, we have
i #0. (16.72)

In this case the state vector & = {m;} is referred to as the stationary distribution or
equilibrium distribution. We note that in this context the term equilibrium does not
mean that nothing changes, but that the system forgets its own past. In particular, as
soon as the system reaches the stationary distribution, it is independent of the initial
state 7@,

We concentrate now on equilibrium distributions. It follows from Eq. (16.62) that
7 satisfies:

T =naP. (16.73)

Thus, 7 is the left-eigenvector to the transition probability matrix P with eigenvalue
1. We note that Eq. (16.73) states a homogeneous eigenvalue problem: The solution
is only determined up to a constant multiplicator (see Sect. 8.3). However, it is clear
that the vector = satisfies

dom=1. (16.74)
J

One can prove that the unique solution of the eigenvalue problem (16.73) together
with the normalization condition (16.74) for n states can be written as

T=e-(P—E-D"", (16.75)

where e is an n-element row vector containing only ones, E is a n X n matrix
containing only ones and / is the n x n identity.

Let us briefly elaborate on this point: if it is possible to construct a MARKOV-
chain which possesses a unique stationary distribution, we know that it will
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definitely reach this distribution independent of the choice of initial conditions. The
existence as well as the form of the stationary distribution is clearly determined
by the transition probabilities p;. A sufficient condition for a unique stationary
distribution to exist is the requirement of reversibility. A MARKOV-chain is referred
to as reversible if

P = piimy . Vij, (16.76)

i.e. if the transition probabilities ensure detailed balance for the stationary distribu-
tion 7.

Now we are in a position to understand better why detailed balance was
such an important concept of the METROPOLIS algorithm discussed in Sect. 14.3:
Invoking the detailed balance condition ensures that for all possible initial states the
MARKOV-chain converges toward the equilibrium distribution for which detailed
balance is fulfilled. Of course, the convergence time will highly depend on the
choice of the initial state as well as on the choice of the transition matrix. Hence,
we can generate random numbers with the help of such a MARKOV-chain and after
a thermalization period these numbers will follow the required pdf. Methods based
on this concept are commonly referred to as MARKOV-chain Monte Carlo sampling
methods [23-26].

We give a brief example, the spread of a rumor. Let Z; and Z, be two distinct
versions of a report. If a person receives report Z; it will pass this report on as Z;
with probability (1 — p) or as Z, with probability p. An alternative is that the person
receives Z, and passes it on as Z, with probability (1 — ¢) or modifies it to Z; with
probability g. We summarize

* Pr(Zi - Z))=(1-p)=pu,
* Pr(Z > Z4)=p=pn,
* Pr(Zy - 7)) =q=pau,
* Pr(Zy > 2)=(1-¢q) =pn.

The transition matrix is of the form

P=(1_p p ) (16.77)
g l—g

We note that the two states communicate with each other Z; <> Z,, hence the
MARKOV-chain is irreducible. Furthermore, since the process can reach either
state Z; or Z, within a single time step, it is clearly aperiodic. Let us briefly
investigate the probabilities of first recurrence f;; after n steps. Due to the theorem by
KOLMOGOROV it is sufficient to investigate the state Z; since the MARKOV-chain is
irreducible and it follows that also Z, has the same recurrence properties. We note
the following possible paths for a first return to state Z;:

1: Pe(Zi—>Z)=(0-p) =1,
© 2 P(Zi>ZL—>Z)=pg=f},
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3 PZi>ZL—>Z—>Z)=pl-q9q=f,
en: PZi>Z—>- > —>Z)=pl—q"q=f].

The probability of returning to Z; is, see Eq. (16.66),
o0
Fy = Zf it
n=1

=(-p+pgy (1-q)"

n=0

=O—p%Hml_&_@

=1, (16.78)

where we employed that 0 < (1—¢g) < 1 as well as the convergence of the geometric
series. Hence state Z; is recurrent and, therefore, also state Z,. We calculate the
expectation value of the first return time (7 ):

o

(1) =) nff}

n=1

=(-p)+pq)y_ (n+2)(1—g)"

n=0

=(-p) +2pq) (1-9)"+pg)_n(l—gq)"
n=0 n=0

oo

d
:1+p—pﬂ1—®dq§:0—qV

n=0
~ o~ -

=1+p+20—@

_Pta
q

(16.79)

Hence, the states Z; and Z, are positive recurrent as long as p # 0 and ¢ # 0. This
means that an equilibrium distribution exists and it can be obtained from Eq. (16.70).
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We have
1 q
T = = . (16.80)
(') p+aq
Due to the normalization condition (16.74) we obtain
p
m=1—-m = , (16.81)
p+q
and, therefore,
(1) =" Ta (16.82)

p

Since all states are positive recurrent and aperiodic, the above MARKOV-chain is
ergodic. Finally, we remark that this example also fulfills detailed balance since

Tp12 = L P21 - (16.83)
P+q

Let us briefly interpret this example: Suppose the original, true version Z; of
a report is ‘Mr. X is going to resign’ while Z, is just the opposite: ‘Mr. X is not
going to resign’. The property of irreducibility of the MARKOV-chain reflects the
fact that there is no version of the report which cannot be reached or modified.
Moreover, we just demonstrated that the process is positive recurrent: Even if the
probability p that Z; was modified to Z, is very small and the probability g that Z,
was modified to Z; is very high, the report will infinitely often return to version Z,
with probability one. This means that the public will be told infinitely often that
Mr. X is not going to resign with probability one. The equilibrium probabilities 7
and m, display the asymptotic probability of versions one and two of the report,
respectively. However, as has already been emphasized, this does not mean that
the report cannot be modified in equilibrium, it simply displays the fact that the
probabilities reached a steady state. Finally, we note an interesting effect in passing:
Suppose that the probabilities that any of the two versions is modified is very small
but equal, i.e. p = g < 1. Then the equilibrium distribution is

1

) 16.84
) ( )

T = T =
and the public will believe Z; and Z, with the same probability after some time
independently of the initial version and also independent of the actual decision of
Mr. X. Detailed balance expresses the property that the probability of receiving Z,
and passing it on as Z; is the same as the probability of receiving Z, and passing it
onasZ.
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We close this section with a final remark: It is an easy task to generalize the
ideas of MARKOV-chains to continuous state spaces since we already introduced
the required tools in Sect. 16.3. Let 7(x) denote the stationary distribution density
and p(x|y) the accompanying transition rate pdf. Then relation (16.73) transforms
into

() = / dyr (p(ely) . (16.85)

together with

/dxn(x) =1, (16.86)

the usual normalization of pdfs. In this case, the condition of detailed balance is
given by

m()p(ylx) = w(y)p(xly) . (16.87)

which is equivalent to Eq. (16.52).

16.5 Continuous-Time MARKOV-Chains

A generalization of the results of the previous sections to a continuous time span
is straight-forward. We define the continuous-time MARKOV-chain as a time-
homogeneous MARKOV process on a discrete state space but with a continuous
time span, ¢t > 0. Thus

PHX(t + 5) = n|X(s) = m] = pun(?) , (16.88)

is independent of s > 0. In this case the transition matrix P(f) = {p;(#)} is an
explicit function of time ¢. Its elements p,,, (f) have the following four properties:

(a) All matrix elements p,,,(?) of the transition matrix P are positive:
Pum(®) =0, Vi>0. (16.89)
(b) The usual normalization of the rows of the transition matrix P is valid:

Y pm@®=1.  Vnandt>0. (16.90)
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(c) As for every MARKOV process, the transition matrix of the continuous time
MARKOV-chain obeys the CHAPMAN-KOLMOGOROV equation:

> Pk Opin(t) = punlt + 1) . (16.91)
k

which can alternatively be expressed as
P(t+1)=P0OP{). (16.92)
(d) We assume p,,,(t) to be a continuous function of 7 and that:

1 forn=
1im pun(f) = orn = (16.93)
1—=>0 0 forn #m.

It follows from this equation that the matrix elements p,,, () can be written as

14+ qut+ O@F*) forn=m,

(16.94)
Gumt + O?) forn # m,

Pum(1) =

where we introduced with {g,,,} = Q the transition rate matrix. The transition rate
matrix Q obeys:

(a) All off-diagonal elements g,,,, n # m, are non-negative since
. t
Gnm = lim >0 forn £ m. (16.95)
t
(b) All diagonal elements g, are non-positive since

1 —pu(t
an:_lim p ()EO

t—0 t

(16.96)

(c) Differentiating Eq. (16.90) with respect to ¢ yields that the sum over all elements
in a row is equal to zero. Therefore, we conclude:

G ==Y Gun - (16.97)
n#Em

Moreover, differentiating the CHAPMAN-KOLMOGOROV equation with respect to ¢
or ¢ gives the KOLMOGOROV forward — or KOLMOGOROV backward equations

P(t) =P®HQ and  P(t) = QP(1) , (16.98)
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respectively. We obtain P(f) = exp (Qf) where the exponential function of a matrix
has to be interpreted as

&\
exp(Q) =), 0" (16.99)
k=0 "

where Q° = I is the identity matrix.
We define s as the time of the first jump of our process for the particular case
X0)=n

s = min[|X(¢) # X(0)] . (16.100)

It can be shown that P,(s > f), the probability that the jump occurs at some time
s > t, is given by

P.(s > 1) = exp(qunt) , (16.101)

where we note that ¢,,, < 0. Moreover,

PX(s) = m) = =", (16.102)

nn

and the process starts again at time s and in state m. This means that in a
continuous-time MARKOV-chain the waiting times between two consecutive jumps
are exponentially distributed. One of the simplest examples of a continuous time
MARKOV-chain is the POISSON process, discussed in Sect. 16.3.

Summary

This chapter introduced the concept of stochastic processes Yx(f) as ‘time’ depen-
dent processes depending on randomness. Y was a random variable which depended
on another random variable X and 7, the time. All realizations of Yx(7) spanned
the state space. Each stochastic process was coupled to a pdf which described the
probability that the process took on the realization y at time ¢. In the course of
this introduction a series of general properties which classify such processes were
defined. This was followed by the discussion of a particular class of stochastic
processes, the MARKOV processes. They had the remarkable property that a future
realization of the process solely depended on its current realization and not on
the history how this current realization had been reached (MARKOV property). A
huge class of processes in physics and related sciences is Markovian in nature.
The next refinement in our discussion was the introduction of MARKOV-chains.
These were processes defined on a discrete time span and in a discrete state space.
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This allowed to replace the pdfs by probabilities. Again, various specific properties
of MARKOV-chains opened the possibility of a distinctive classification. A very
important observation was that under certain conditions a MARKOV-chain reached a
stationary or equilibrium distribution and that it definitely arrived at this distribution
independent of the choice of initial conditions. Moreover, detailed balance was
obeyed by this equilibrium condition. This observation was the backbone of
MARKOV-chain Monte Carlo sampling methods, in particular of the METROPOLIS
algorithm. Finally, continuous-time MARKOV-chains were discussed.

Problems

1. Write a program to simulate the WIENER process in one dimension. Follow the
method explained in Sect. 16.2 and perform the following analysis:

a. Illustrate graphically some typical sample paths.

b. Calculate the mean (x(¢)) and the variance var[x(z)] by restarting the process
several times with different seeds and plot the result.

c. Measure the position x of the particle at a particular time ¢ for several runs
(with different seeds) and illustrate the result p(x, t) graphically.

2. Realize numerically a POISSON process according to the instructions given
in Sect. 16.2. Again, plot some typical sample paths. Moreover, calculate the
mean waiting time (t) as well as the variance var (7) numerically as well as
analytically.
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Chapter 17
The Random Walk and Diffusion Theory

17.1 Introduction

Diffusion is one of the most widely spread processes in science. Its occurrence
ranges from random motion of dust particles on fluid surfaces, historically known
as Brownian motion, to the motion of particles in numerous physical systems [1, 2],
the spreading of malaria by migration of mosquitoes [3], or even to the description
of fluctuations in stock markets [4].

For instance, let us regard N neutral, identical, classical particles which solely
interact through collisions, for instance an H,-gas in a box, where N = Ny ~
6.022 x 10?3, We are interested in the dynamics of one particle under the influence
of all others and under no influence by an external force; we expect that diffusion
will be the dominating process. From the microscopic point of view such a situation
can be described with the help of N coupled NEWTON’s equations of motion. (See
Chap.7.) Anyhow, such a task will not be feasible due to the size of the system
— the magnitude of N. However, a statistical description can be obtained from
BOLTZMANN'’s equation [5]

d d
dl‘f(r’ - t) - al‘f(r, " t) coll. 7.1

where f(r, 1, t) is the phase space distribution function. Hence, f(r, 1, f)drdn is the
number of particles of momentum 7 within the phase-space volume drdn which is
centered around position r at time . We have, in particular:

0 0 0
oD+ L )+ Fe ) = CUAleoL) . (17.2)
m or an

Here C[f](r, 1, t) is the collision integral and F describes an external force. In cases
where collisions result solely from two-body interactions between particles that
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are assumed to be uncorrelated prior to the collision,' the collision integral can be
described by

QﬂMmo=/ﬁa/d&/@g@fL&mvm&¢Wn&o
—f(}’, n, t)f(rv g?n t)] 5 (173)

where g(&1, &2, &3, 1) accounts for the probability that a collision between two
particles of initial moments £ and & and final momenta & and 7 occurs. This
function depends on the particular type of particles under investigation and has, in
general, to be determined from a microscopic theory.” We now define the particle
density p(r, t) as a function of space r and time ¢ via

o(r,t) = /dnf(r, n,t). (17.4)

A complicated mathematical analysis of Eq. (17.1) results in a diffusion equation of
the well-known form

O oty =D prn (17.5)
g P =Dy, 0 '

if collisions dominate the dynamics (diffusion limit). Here D = const is the diffusion
coefficient of dimension length?x time™'. Note that

/dr,o(r, =N, (17.6)

is the number of particles within our system.? Thus, in our example we can interpret
diffusion as the average evolution of the integrated phase space distribution function
governed by collisions between particles. Such an interpretation will certainly not
hold in the case of fluctuations in stock markets or in the case of the spreading of
malaria because typically mosquitoes do not collide with humans.

It is the aim of the first part of this chapter to present a purely stochastic
approach to diffusion, the so called random walk model [7, 8]. This stochastic

'This assumption is known as the approximation of molecular chaos. In fact it represents the
MARKOV approximation to the dynamics of a many particle system.

2For instance, one can employ FERMI’s golden rule [6] to obtain this function on a quantum
mechanical level. We already came across an expression of the form (17.3) on the right hand side of
the master equation, see Sect. 16.3, Eq. (16.42). However, the collision integral of the BOLTZMANN
equation is non-linear.

3The function p(r,?) is referred to as a physical distribution function due to the normalization
condition (17.6). This is in contrast to distribution functions we encountered so far within this
book, which are normalized to unity.
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description will prove to have several precious advantages: (i) We will be able to
identify criteria for the validity of the diffusion model even for systems lacking a
straight-forward physical interpretation. (ii) The stochastic formulation will give us
the opportunity to perform diffusion ‘experiments’ on the computer without much
computational effort as the methods employed are based on algorithms discussed in
previous chapters. (iii) Within this framework it will be an easy task to generalize the
approach to stochastic models of anomalous diffusion [9]: The fractal time random
walk and LEVY flight models [10]. These models play an increasingly important
role in modern statistical physics.

17.2 The Random Walk

The random walk is one of the classical examples of MARKOV-chains [11-13].
In this section we discuss some of the basic properties of random walks in one
dimension. For convenience, we are going to use the familiar picture of one diffusing
particle.

Basics

The random walk [8] is defined as the motion of a single particle which moves at
the time instances

0, At,2At,...,nAt,... (17.7)
between grid-points
., —nAx,...,—Ax,0,Ax,...,nAx, ... . (17.8)
For a more transparent notation the lattice point nAx, with n € Z, will be denoted
by x, and the instance k Az, with k € N, will be denoted by #. This notation follows
the conventions of Chap. 2. The initial position is given by

Pr[X(to = 0) = x;] = & , (17.9)

and the transition rates p;; from position i to position j within a single time step At
are defined as

Pr{X(tp+1) = xi|X(t,) = xj] = pdji-1 + q8ji+1 + 1d;; . (17.10)

Here p denotes the probability that the particle jumps to the neighboring grid-point
on the right-hand side, g stands for the probability that the particle jumps to the
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neighboring grid-point on the left-hand side, and r denotes the probability of staying
at the same-grid point within this time step. Naturally, we have

pHg+r=1. (17.11)

Consequently, we have a MARKOV-chain with time instances ¢, and a state space
spanned by the positions x;. Moreover, we note that the stochastic process is clearly
irreducible since all states communicate with each other (see Sect. 16.4). Hence, it
follows that either all states are recurrent or all states are transient. Furthermore, in
the case that r # 0 the MARKOV-chain is aperiodic, otherwise the chain is periodic
with periodicity d = 2 because it takes at least two steps to return to the starting
position.

We concentrate first on the classical random walk that is a one-dimensional
random walk with At = Ax = 1,r = 0, and p + ¢ = 1. This ensures that the
probability of remaining in the actual position within one time step is equal to zero.
If, furthermore, p = ¢ = 1/2 the random walk is referred to as unbiased and for
p # g we call it biased. We write the position X(#,) = x, at time t, = n as

Xo= Y &, (17.12)
i=1

where & € {—1,1} and Pr(§; = +1) = p, Pr(§; = —1) = ¢. Let us assume that
within these 7 steps the particle moved m times to the right and, consequently, n —m
times to the left. The actual position x,, after n steps can then be determined from

xp=m—(m—m)=2m—n=k, (17.13)
where we used that xo = 0. It is interesting to calculate the probability Pr(x, = k)
to find the particle after n time steps at some particular position k. This is simply the
sum over all paths along which the particle moved m = (n + k)/2 times to the right
and n —m = (n — k)/2 times to the left multiplied by the probability for m steps

to the right and 7 — m steps to the left. In total, this yields () = ((,,,/,) different
contributions and we have

n —m
Pr(x, = k) = <m>p’”q"

n n+k  n—k
= <(n+k)/2)p 2 g2t (17.14)

In particular, we find for the unbiased random walk:

n 1\"
Pr(x, = k) = ((n N k)/z) (2) . (17.15)
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Due to the aperiodicity of the classical random walk, k can only take on the values
k= —n,—n+2,...,n—2,n.Consequently n £k has to be even. For all other values
of k we have Pr(x, = k) = 0. Furthermore,

Y P =k =) (Z)p’"q”_’"

k=—n m=0
ntkeven
=(+9"
—1. (17.16)

and the probability of finding the particle at time »n within [—n, n] is equal to one. A
simple algorithm to simulate the one-dimensional biased random walk consists of
the following steps:

. Define values xp, p,andg =1—p .

. Draw a uniformly distributed random number r € [0, 1] .

. Ifr <psetx,+1 = x, + 1, otherwise set x,,+1 = x, — 1 .
. Return to step 2.

FENEROS I S

In Fig.17.1 we present three different realizations of an unbiased one-
dimensional random walk for (a) N = 50, (b) N = 100, and (c) N = 1000
consecutive steps.

Comparison between Figs. 17.1 and 16.2 already suggests a connection between
the random walk and the WIENER process and we shall come back to this point in
the course of this chapter.

Moments

Let us briefly elaborate on the moments of the random walk (see Appendix,
Sect. E.2). The first moment or expectation value (x,) is given by

- n
) = k (n+k)/2 (n—k)/2
bl = 2 <0r+kw2)p !

k=—n
n=tk even
=Y (@m—n) (Z)p’”q"_’”
m=0
= 2(m) —n)

n2p—1). (17.17)
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17.1 Three different realizations of an unbiased one-dimensional random walk for (a) N =

50, (b) N = 100, and (¢) N = 1000 time steps and different seeds

We now introduce a bias v such that

1 1
p=2(1+v) and q:z(l—v), (17.18)

and obtain

(xn) =nv . (17.19)

We calculate the second moment (x,zl) using the above method and get:

(2) = n(1 —v?) +n*v?. (17.20)

The variance var (x,) follows immediately:

var (x,) = (x2) — (x,)* = n(1 —v?) . (17.21)

n

We note the following: The expectation value (x,) moves according to Eq.(17.19)
with a uniform velocity defined by the bias v = p —gq. In particular, for the unbiased
random walk v = 0 and, thus, {x,) = O for all n. Furthermore, we observe that
var (x,) increases linearly with time n — a property we already noted for the WIENER
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process in Sect. 16.3 — and it is maximal for v = 0. For v = %1, which describes
a pure drift motion in the positive or negative x direction, the variance is equal to
zero.

Recurrence

Let us briefly investigate the recurrence behavior of the random walk. We are
interested in the probability fégz) of a first return to the origin xo = 0 after 2 steps.

We already know that fo(ga o p'q" from our previous analysis. In the very first time
step the particle moves either to x; = 1 or to x; = —1 and, consequently, within the

following 2¢ — 2 steps it must not cross or touch the line x; = 0 and the particle has
to terminate at position xp¢—; = x;. Therefore, the walker performs £ — 1 steps to
the left and £ — 1 steps to the right within these 2¢ — 2 steps. The total number of
possible paths N from x; to xp¢—; = x is, thus, given by

N = 26=2 17.22
VRN E (17.22)

Moreover, N may also be written as the sum of N, paths which cross or touch the
line x; = 0 and N, paths which do not cross or touch the line x; = 0, i.e.

N =N, + Np. . (17.23)

Obviously, we are only interested in the paths which do not cross or touch the line
x;x = 0. We employ the reflection principle to solve this problem. In general, the
number of paths which go from x; = i > 0 to x34; = j > 0 within k-steps and
cross the line x; = 0 is equal to the total number of paths which go from x; = —i to
Xx+1 = J, as is schematically illustrated in Fig. 17.2.

Let us regard the case x; = 1: The walker moved in the first step to the right.
Hence, from the reflection principle we obtain that the number of paths from x; to
Xp¢—p = x1 in 2£ — 2 steps which cross or touch the line x; = 0 is given by the total

Fig. 17.2 lustration of the Xn

reflection principle
X4 \ /\/
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number of paths from —x; to x¢—, = x;. Thus, N, is determined by:

20—2
N, = ( . ) . (17.24)

We note that in this picture, the walker moves £ steps to the right and £ — 2 steps to
the left. Hence, we obtain that the number of paths which do not cross or touch the
line x; = 0 is given by

N, = 2(N—N,) = 261_ | (25) . (17.25)

The prefactor 2 accounts for the fact that the walker can move in its first step either
tox; = —1 or tox; = 1. Thus, the probability for the first return of the particle after
2{ steps is described by:

1 24
(20) 1

= . 17.26
00 2_1 (ﬁ )P q ( )

We calculate the recurrence probability according to Eq. (16.66) and this results
in

o0 1 forp = q = ; k]
Sl =12 forp<q. (17.27)
=0 2q forp>gq,

with the consequence that the one-dimensional random walk is only recurrent in the
unbiased case v = 0.

Another possibility to demonstrate the recurrence of the unbiased one-
dimensional random walk is provided by Eq. (16.69). The probability that a walker
returns to xo = 0 after 2n steps is given by

n'n!

In this case we are not interested in the question whether or not it is the particle’s
first return. By STIRLING’s approximation [Appendix, Eq. (E.20)]

nl o e 2 | (17.29)
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and we obtain for P (x):

4 n
PO () o« D" (17.30)
Jnm
We assume p < 1/2 and since pg = p(1 —p) < 1/4 one gets
> 1
> PP (xp) > o0 onlyfor p=g= . (17.31)

n=0

The same argument holds for p > 1/2 since we can write pg = (1 — g)g < 1/4.
According to Eq. (16.69) this means that the process is recurrent only for p = g, in
accordance with our previous result (17.27), and transient otherwise. We note that
this agrees also with the more physical picture of an external force inducing a bias
or drift velocity v # 0.

It should be noted that the unbiased random walk in two dimensions is also
recurrent while it can be proved to be transient in higher dimensions. For instance,
the recurrence probability is approximately 0.34* in 3D.

17.3 The WIENER Process and Brownian Motion

It is the purpose of this section to demonstrate that the WIENER process is the scaling
limit of the random walk. Moreover, we discuss briefly the LANGEVIN equation and
derive the diffusion equation.

As a starting point we consider the one-dimensional unbiased random walk on an
equally spaced grid according to Eq. (17.8) and time instances given by Eq. (17.7).
We denote the stochastic process by X,, = X(¢,) and it is described by

X, =Y &Ax, (17.32)
i=1

where £ € {—1, 1} together with X, = 0. Since we regard the unbiased case Pr(§; =
+1) =1/2, (&) = 0, and var (§;) = 1. This is equivalent to

(X,) =0 and var(X,) =nAx*, (17.33)

4This is one of POLYA’s random walk constants [14—16].
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as we already demonstrated in the previous section, Eq.(17.21). The variance
var (X,) can be reformulated as

Ax?

var (X)) = 1, ,
(Xn) At

(17.34)
using the definition ¢, = nAt. The simultaneous limit A¢, Ax — 0 is now performed
in such a way that

im 2 = b = const 17.35
A%go A = const , (17.35)
Ax—0

with D the diffusion coefficient. This limit is known as the continuous limit and it
will be denoted by the operator .. Hence, in the continuous limit Eq. (17.34) results
in

Z [var (X,)] = Dt , (17.36)

where we renamed #, = t. We also note that the limit Ar — 0 for constant ¢ is
equivalent to n — oo and we obtain in accordance with the central limit theorem
(see Appendix, Sect. E.8):

L (X,) = W, ~ A (0,Dr) . (17.37)

Here .4(0, D) denotes the normal distribution of mean zero and variance Dr,
Appendix Eq. (E.43). Furthermore, the symbol W, was introduced to represent the
WIENER process and the symbol ‘~’ stands, within this context, for the notion
follows the distribution. If W, describes a WIENER process it is necessary to prove
that W; has independent increments W;, — W;, which follow, according to Sect. 16.3,
a normal distribution with mean zero and a variance proportional to #, — #;. This is
demonstrated quite easily: We learn from our discussion of the random walk that

Xo—Xn=) &= &= Y &, (17.38)
i=1 i=1 i=m+1

and, therefore, X,, — X, and X,, — X} are clearly independent for n > m > k and it
follows that also W, — W and Wy — W, are independent. Furthermore, we have

Xy — X Z X . (17.39)
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d, . T
where the symbol ‘=" stands for the notion to follow the same distribution or to be
distributionally equivalent. Therefore, in the limit . for ¢t > s

W — W, £ Wy ~ A [0.D(t—5)] . (17.40)

which completes the proof. We note that the particular case D = 1 is commonly
referred to as the standard WIENER process. We remark that in many cases the
terms WIENER process and Brownian motion are used as synonyms for a stochastic
process satisfying the above properties. However, strictly speaking, the stochastic
process is the WIENER process while Brownian motion is the physical phenomenon
which can be described by the WIENER process.

If we suppose that p # ¢ then

Z ((Xn) = vt (17.41)
with the drift constant v, describes a WIENER process with a drift term
LX) > W, =vi+ W, . (17.42)

This process behaves like W, with the only difference that it fluctuates around mean
vt instead of mean zero. Note that for v > 0 the mean (W,) increases, while for
v < 0 it decreases with time z.

Another interesting property of the WIENER process is its self-similarity. In
particular, we have the property that for o« > 0

W, L a2 Wy (17.43)

with the consequence that it is completely sufficient to study the properties of the
WIENER process for ¢ € [0, 1] to know its properties for arbitrary time intervals.
Relation (17.43) follows from the fact that W, ~ .47(0, Dz).

Furthermore, white noise, n(t), is defined as the formal derivative of the WIENER
process W, with respect to time. We give its most important properties without going
into details”:

(n(®) =0, and (n(Nn(s)) =8 —ys). (17.44)

SIn fact, it can be shown that W, is non-differentiable with probability one. This is the reason why
itis defined as the formal derivative of W;. Let ¢(7) be a test function and f(7) an arbitrary function
which does not need to be differentiable with respect to 7. Then the formal derivative f(z) is defined
by

/ af () = — / A0 .
0 0
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Fig. 17.3 Three different 14
realizations of the standard
WIENER process with drift

v = 1 according to

Eq. (17.42). The expectation
value (x) = vt of the process
is presented as a dashed line

White noise is referred to as Gaussian white noise if n(t) follows a normal
distribution.

Figure 17.3 presents three different realizations of the standard WIENER process
with drift according to Eq. (17.42). The curves in this figure were generated using
the procedure outlined in Sect. 16.3 in connection with Fig. 16.2.

Let us derive the diffusion equation from the random walk model. The probability
Pr(x, t) of finding the particle at time 7 at position x is expressed by

Pr(x,t) = Pr(x,t — Af)r + Pr(x — Ax,t — At)p
+ Pr(x + Ax,t — Af)g
= Pr(x,t — At)(1 —p — q) + Pr(x — Ax,t — At)p
+Pr(x + Ax,t — Af)q, (17.45)

where we made use of relation (17.11). The interpretation of this equation is
straight-forward: The probability to find the particle at the position-time point (x, )
is the sum of three terms. The first term describes the probability that the particle
arrived already at position x in the previous time step t — Az and that it will stay there
during the next time step. The remaining two terms describe the probability that the
particle arrived at position x — Ax (x + Ax) in the previous time step and that it will
move one step to the right (left) in the next time step. Each particular term is now
expanded into a TAYLOR series up to order &/(Ax?) and &(At), respectively. This
requires the transition from a discrete to a continuous state space and, consequently,
the probabilities Pr(-) are replaced by pdfs p(-). We get

ap(x, 1) ]

ot

apx,1) Ax ap(x, 1)
ot 0x

px,t)=(1—-p— q)[p(x, ) — At

+p[p(x, 1) — At
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0’p(x, 1)
+, LA oo ]
ap(x,t op(x,t
+q[p(x, 1) — At plx.1) + Ax p(x. 1)
ot 0x
p(x,t
+, L ppd P )] (17.46)
ox?
and furthermore:
op(x,t —q)Ax Op(x,t Ax2 %p(x,t
pte0) _ _(p—q)Axople.n)  (p+q) P g a7)
ot At ox 2At 0x?
We draw the continuous limit and define the drift constant
. (g—p)
V= [(p q) i| = Alglo Ar Ax (17.48)
Ax—0
the diffusion constant
Ax? . (pt+a >
D=Y% |:(p+q)2At:| = Alz}go 2 As Ax~ (17.49)
Ax—0
and arrive at the one-dimensional diffusion equation with drift term:
p(x, t p(x,t p(x,t
p(x,1) ) p(x )+D p(x, 1) ' (17.50)

a ox ox?

This equation is referred to as a FOKKER-PLANCK equation [ 17]. In the specific case
p = q the drift term disappears and we obtain, as expected, the classical diffusion
equation

O ety =D pan (17.51)
oD T Pt ‘

which we solved already numerically in Chaps.9 and 11. It follows from this
discussion that the position of a diffusing particle can be described as a stochastic
process where, in the continuous limit, the jump-lengths follow a normal distribu-
tion. In addition, we know from our discussion of continuous-time MARKOV-chains
in Sect. 16.5, that the waiting times between two successive jumps will certainly
follow an exponential distribution. These insights will serve as a starting point in
the discussion of general diffusion models in Sect. 17.4. Moreover, we note that the
anisotropy of the jump-length distribution is a model for the presence of an external
field which manifests itself in a drift term.
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An alternative approach to the formal description of Brownian motion goes back
to LANGEVIN. He considered the classical equation of motion of a particle in a fluid
which reads

v=—fv, (17.52)

where B denotes the friction coefficient and we set the particle’s mass m equal to
one. LANGEVIN argued that this equation may only be valid for the average motion
of the particle which corresponds to the long time behavior of the motion of massive
particles. However, if the particle is not heavy at all its trajectory can be highly
affected by collisions with solvent’s molecules. He supposed that a reasonable
generalization of Eq. (17.52) should be of the form [18]

v =—Bv +F(), (17.53)

where F(t) is a random force. In particular, F(¢) is a stochastic process which
satisfies

(F()) =0 and (F(OF(s)) =A8(t—1), (17.54)
where A is a constant and we obtain
F() £ VAn() . (17.55)

Equation (17.53) is referred to as the LANGEVIN equation and it is the prototype
stochastic differential equation. Based on the definition of white noise 7(f) the
LANGEVIN equation can be rewritten:

dv = —Bvdr + VAdW, . (17.56)

The solution of the LANGEVIN equation describes a stochastic process referred to
as the ORNSTEIN-UHLENBECK process [19]. This process is essentially the only
stochastic process which is stationary, Gaussian and Markovian. Its master equation
is a FOKKER-PLANCK equation of the form [17]

2

] Ad
vvp(v,t) ) avzp(v,t) . (17.57)

0
BP0 =B

where p(v,?) is the pdf of the ORNSTEIN-UHLENBECK process. If the initial
velocity vy is given then the pdf p(v, f) can be proved to be

_ VB B (v —voe )’
e \/ 7A (1 — e21) TP A ey | (1739
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Itis possible to solve the LANGEVIN equation (17.53) analytically with the result:

t
v(t) = voexp (—B1) + \/A/ di'n()exp[-B(t—1)] . (17.59)
0
We write in particular
V(tar1) = v(ty) exp (—BAD + Z, | (17.60)
with Z, defined as:
At
Z, = JA/ di'n(t, + 1) exp[-B(Ar—1)] . (17.61)
0

Since 7(¢) was assumed to be Gaussian white noise, Z, can be proved to be described
by

A

0, 28 [1 —exp (—2B41)]} . (17.62)

7~ |

which offers a very convenient way to simulate the ORNSTEIN-UHLENBECK
process. This particular formulation of Brownian motion allows to model this
process by sampling changes in the velocity Z, from the normal distribution with
mean zero and the variance given in Eq. (17.62). The walker’s position x(#) can then
be obtained by approximating the velocity v = x with the help of finite difference
derivatives, as described in Chap.2. In conclusion we remark that although the
LANGEVIN equation was introduced in a heuristic manner, it represents a very useful
tool due to its rather simple interpretation.

Figure 17.4 presents three different realizations of the ORNSTEIN-UHLENBECK
process based on three different initial velocities vg. The corresponding random
trajectories x(z) of the Brownian particle are illustrated in Fig. 17.5.

17.4 Generalized Diffusion Models

We formulate now a very general approach to diffusive behavior which is based on
continuous random variables. We start with the introduction of the pdf A(x, ). Its
purpose is to describe the event that a particle arrives at time ¢ at position x. It can
be expressed as [20, 21]

Ax, 1) = /dx/ Ay (e, X, ) AKX, 1), (17.63)
0

where Y (x,t;x',7) is the jump pdf. We offer the following interpretation:
¥(x,1;x',1") describes the probability for an event that a particle which arrived
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Fig. 17.4 Three different realizations of the ORNSTEIN-UHLENBECK process v(f) vs f. For this
simulation we chose § = 1,A = 5,dr = 1072 and N = 10> time steps. Furthermore, we chose
three different initial velocities, i.e. vo = 0 (black), vo = 5 (gray) and vy = 10 (light gray)
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Fig. 17.5 Random trajectories x(z) vs ¢ of the Brownian particle which correspond to the velocities
v(t) illustrated in Fig. 17.4 with initial position xo = 0. Note that we used for this figure N = 10°
time steps

at time ¢ at position x’ — with pdf A(x/, ¢') — waited at position x’ until the time ¢ was
reached and then jumped within an infinitesimal time interval from position x’ to x.
If we regard a space and time homogeneous process then ¥ (x, t; X', ') is replaced
by ¥ (x —x/,t — ¢'). This allows the introduction of a jump length pdf p(x) and of a
waiting time pdf ¢(7). They are related to the jump pdf by

p(x) = /000 dfy(x,/) and q(t) = /_00 Ay (¥, 1) . (17.64)
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If the jump length pdf and the waiting time pdf are conditionally independent one
can simply write ¥ (x, ) = p(x)q(t). The probability ¢(x, f) of finding a particle at
position x at time ¢ is, furthermore, given by

o(x,1) =/ di A, P (—1), (17.65)
0

where ¥ (¢) is the probability, that a particle stayed at least for a time interval ¢ at the
same position, i.e.

T =1- / tdt/q(t —7). (17.66)
0

Finally, the jump length variance o> and the characteristic waiting time 7 are
given by

o0 o0
o’ = / dY'x?p(¥) and T = / dr'tq(?) . (17.67)
0

—00

We conclude from our discussion of the WIENER process that for Brownian
motion the jump length pdf is a Gaussian and the waiting time pdf is an exponential
distribution:

2

1 X 1 t
p(x) = Vg2 P (—202) and () = _exp (—t) . (17.68)

The characteristic function [Appendix Eq. (E.54)] of the waiting time pdf g() is
given by

o
1
g(s) = drg(t)e™ = , 17.69
a0 = [ argoe = L (17.69)
and we find for the jump length pdf p(x):
plk) = / dxe *p(x) = exp (—0?k*/2) . (17.70)

For x,t — o0, i.e. k,s — 0, the characteristic functions g(s) and p(k) develop the
asymptotic behavior

1

li ~1— O(s* 17.71
SE;I(I)IJr_s‘C ST + (S), ( )
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and
lim exp (—0%k%/2) ~ 1 —0?k*/2 + O(K") . (17.72)
k—0

In fact, it can be shown that any pair of jump length and waiting time pdfs lead in
first order to the same asymptotic behavior, namely ¢'(r) and €'(c), as long as the
moments 7 and o exist.

However, there is a variety of processes which cannot be accounted for within
the basic framework of Brownian motion. Such processes are described within the
concept of anomalous diffusion [9, 20]. Examples are, for instance, the foraging
behavior of spider monkeys, particle trajectories in a rotating flow, diffusion of
proteins across cell membranes, diffusion of tracers in polymer-like breakable
micelles, the traveling behavior of humans, charge carrier transport in disordered
organic molecules, etc.

We concentrate now on two particular models of anomalous diffusion. The first
model can, from a qualitative point of view, be characterized as a diffusion process
which consists of small clustering jumps which are intersected by very long flights.
Such behavior is, for instance, encountered in the context of human travel behavior,
Fig. 17.6 [22], charge carrier transport in disordered solids, etc. The incorporation
of these long jumps on a stochastic level is referred to as LEVY flight [10]. The
second model, which is referred to as the fractal time random walk incorporates

Fig. 17.6 Traveling behavior of humans (Adapted from [22]. Copyright © 2006, Rights Managed
by Nature Publishing Group)
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anomalously long waiting times between two successive jumps. In particular, these
long waiting times account for non-Markovian effects which could be due to, for
instance, trapping processes of charge carriers in disordered solids. It has to be
emphasized at this point that the resulting diffusion models are still linear in the
pdf ¢(x, 7). The inclusion of non-linear effects will not be discussed here, however,
can be achieved within the framework of non-extensive thermodynamics [23].

Let us start with LEVY flights. In this case one modifies the asymptotic behavior
of the characteristic function of the jump length pdf according to

plk) o< 1 —(alkD*, (17.73)

where a € (0, 2]. We recognize that this is the asymptotic behavior |k| — 0 of the
characteristic function of a symmetric LEVY «-stable distribution [19] following
Appendix Eq. (E.69). In the limit « — 2 normal, Gaussian behavior is recovered.
According to Appendix Eq. (E.70) the characteristic function (17.73) corresponds
to a jump length pdf:

px) o x| for x| = o0 . (17.74)
It is commonly referred to as a fat-tailed jump length pdf because of its asymptotic
behavior.

A LEVY flight is, in principle, a random walk where the length of the jumps
at discrete time instances #, follow the pdf (17.74). In the continuous time limit,
the waiting times are distributed exponentially as was illustrated in Sect. 16.5. It
has to be noted that in such a case the jump length variance diverges, i.e. X2 —
oo. Consequently, LEVY «-stable distributions are not subject to the central limit
theorem (see Appendix, Sect. E.8). In particular, the distance from the origin after
some finite time ¢ follows a LEVY «-stable distribution. Moreover, we note that
if 0 < o < 1 even the mean jump length (x) diverges. A detailed mathematical
analysis proves, that Lévy flights result in a diffusion equation of the form

9
5 P& D = DaZpyp(x.1) . (17.75)

1

where D, is the fractional diffusion coefficient of dimension length® x time™" and

‘@ﬁc | is the symmetric RIESZ fractional derivative operator of order & € (1,2)°%:

) =

! / aw @ (17.76)

2I'(2 — a) cos (%) |x — x|t

where f”(x) is the second spatial derivative of f.

%A short introduction to fractional derivatives and integrals can be found in Appendix G.
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Fig. 17.7 Three different 2
realizations of the one

dimensional Lévy flight. The

parameters are £ = 0.001, 1
o = 1.3 and we performed

N = 1000 time steps
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Figure 17.7 illustrates a one-dimensional LEVY flight and Fig. 17.8 presents
a comparison between a two-dimensional LEVY flight and a two-dimensional
WIENER process. These figures were generated by sampling an exponential dis-
tribution with mean (f) = 1 for the waiting times. On the other hand a jump length
pdf

O(x—10)

p(x) = al® ot

x>0. 17.77)
was sampled for the jump length of the LEVY flight. Here « is referred to as the
LEVY index, ©(-) denotes the HEAVISIDE ® function and £ > 0 is the minimal
flight length. We introduced this particular form of the pdf because it can rather
easily be sampled with the help of the inverse transformation method — Sect. 13.2 —
and it obeys the asymptotic behavior, Eq. (17.74). Moreover, it can be proved that it
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gives the correct behavior in the limit £ — 0. Finally, the direction of the jump has
to be sampled in an additional step. Figure 17.8 is particularly instructive because
the different physics described by these two models becomes immediately apparent.
Let us turn our attention to the second scenario, the fractal time random walk. In
this case the asymptotic behavior of the waiting time pdf is modified according to

a(s) o< 1 — (Ts)P (17.78)

where 8 € (0,1] and for § — 1 regular behavior, an exponentially distributed
waiting time, is recovered. A pdf of such a form is commonly referred to as a far-
tailed waiting time pdf. After an inverse LAPLACE transform we obtain

g(t) P71 for t— o0. (17.79)

We note that in this case the mean waiting time T = (f) diverges for 8 < 1.
This clearly indicates a non-Markovian time evolution since we demonstrated in
Sect. 16.5 that every Markovian discrete time process converges in the continuous
time limit to a process with exponentially distributed waiting times. Again, the
ansatz

q(t) = pr° (t ), (17.80)

is employed, where t > 0 is the minimal waiting time. The process is essentially a
random walk with waiting times distributed according to Eq. (17.80), i.e. the jump
length Ax is constant. In the continuous space limit Ax — 0 the jump lengths follow
a Gaussian, as in the case of a regular random walk. A detailed analysis proves that
in the limit ¢ — O the corresponding diffusion equation is given by

82
Dlp(x,1) = Dg G P D) (17.81)

where the diffusion constant Dg is of dimension lengthzx time—?. Here, CD? is the
CAPUTO fractional time derivative of order 8 € (0, 1) (see Appendix G). It is of the
form

CnB _ f(t/
Dif(t) = ﬁ)/ (- (17.82)

It follows from the properties of fractional derivatives that an alternative form of
Eq. (17.81) can be found, namely

0 9?
5 P0 =Dy o DIp(x.0) (17.83)
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Fig. 17.9 Three different 40
realizations of the fractal time

random walk in one

dimension for 8 = 0.8 and 20
t=0.1
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where D’,B is the RIEMANN-LIOUVILLE fractional derivative of order B (see
Appendix G).

Figure 17.9 presents three different realizations of the fractal time random walk.
The waiting times were sampled from the pdf (17.80) with the help of the inverse
transformation method — Sect. 13.2 — and the jump lengths were sampled from a
normal distribution with jump length variance X2 = 1.

It is a straight-forward task to combine fractal time random walks and LEVY
flights to so called fractal time LEVY flights. The resulting diffusion equation can
be written as

DIp(x.1) = Dup Zp(x.1) . (17.84)

where the diffusion constant Dyg has units length®x time™# and CD',B and .@I‘j‘c | are
the fractional CAPUTO and RIESZ derivatives, respectively.

Figure 17.10 illustrates three different realizations of such a diffusion process.
The waiting times were sampled from the pdf (17.80) where we set t = 0.1 and
B = 0.8. The jump lengths were sampled from the pdf (17.77) with « = 1.3 and
£ = 0.01. Finally, the direction of the jump was sampled in an additional step.

We close this chapter with a short discussion: The description of diffusion
processes with the help of stochastics proofed to be one of the most powerful
methods in modern theoretical physics. Within this chapter we discussed several
different paths toward a description of Brownian motion, namely the random
walk, the WIENER process, and the LANGEVIN equation, as well as models which
describe phenomena beyond Brownian motion. It has to be emphasized that the field
of anomalous diffusion in general is still developing rapidly, however, its importance
for the description of various phenomena in science is already impressive. We
refer the interested reader to the excellent review articles by R. METZLER and J.
KLAFTER on anomalous diffusion [20, 21].
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Fig. 17.10 Three possible 20
realizations of the fractal time
LEVY flight in one 15+
dimension. The parameters
aret = 0.1, = 0.8, 10 F
{=00landa = 1.3
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Summary

The random walk, a classical example of MARKOV-chains, was used to open the
door to the realm of diffusion theory. Random walks have been used for a long
time to simulate Brownian motion and related problems. From a theoretical point of
view random walks were described by the scaling limit of the WIENER process. The
biased WIENER process was then used to demonstrate that the FOKKER-PLANCK
equation followed in the limit of a continuous state space, as the classical diffusion
equation followed from the unbiased WIENER process in the same limit. Brownian
motion was also the basis for the rather heuristic introduction of the stochastic
differential equation by LANGEVIN. A direct consequence of this equation was the
ORNSTEIN-UHLENBECK process with its master equation, the FOKKER-PLANCK
equation. It was the only stationary, Gaussian, and Markovian process in this
class of stochastic diffusion processes. An extension of these processes was then
possible by the introduction of a jump pdf which in turn allowed to define a jump
length pdf and a waiting time pdf. These two pdfs resulted in a more general
description of diffusion processes in a space and time homogeneous environment.
Furthermore, the observation that many diffusive processes (not only in physics)
cannot be understood within the framework of ‘classical’ Brownian motion resulted
in the introduction of LEVY flights. This was particularly motivated by the need
for a process whose jump-length variance diverges which enabled, for instance the
simulation of human travel behavior. In the very last step the fractal time random
walk was introduced. It was characterized by a specific form of the waiting time pdf
which made it possible to describe on a stochastic level anomalously long waiting
times between two consecutive jumps. Such behavior can, for instance, be observed
by trapping phenomena in solids. The combination of both extensions resulted in
the fractal time LEVY flight.
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Problems

1.

Write a program which simulates different realizations of the following stochas-
tic processes in one spatial dimension:

. A random walk.

A standard WIENER process and a WIENER process with drift.
An OHRNSTEIN-UHLENBECK process.

A LEVY flight.

. A fractal time random walk.

f. A fractal time LEVY flight.

oo o

Ilustrate three different sample paths graphically for each process. Furthermore,
perform the following tests:

a. Calculate the expectation value (x,) and the variance var (x,) of the random
walk numerically by restarting the process several times with different seeds.

b. In a similar fashion, calculate numerically (W;) and var (W,).

c. Try different parameters «, 8 for LEVY flights and fractal time random walks.

. Write a program which simulates the WIENER process in two dimensions. This

can be achieved by drawing the jump length from a normal distribution and
sampling the jump angle, i.e. the direction, in an additional step. Augment this
program with LEVY flight jump lengths pdfs.
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Chapter 18
MARKOV-Chain Monte Carlo and the POTTS
Model

18.1 Introduction

This chapter discusses in more detail the concept of MARKOV-chain Monte Carlo
techniques [1-4]. We already came across the METROPOLIS algorithm in Sect. 14.3,
where the condition of detailed balance proved to be the crucial point of the method.
The reason for imposing such a condition was explained in all required detail during
our discussion of MARKOV-chains within Sect. 16.4. The ISING model, analyzed in
Chap. 15, served as a first illustration of the applicability of MARKOV-chain Monte
Carlo methods in physics.

Let us briefly summarize what we learned so far: We discussed several methods
to sample pseudo random numbers from a given distribution in Chap. 13. The
two most important methods, the inverse transformation method and the rejection
method, were based on an exact knowledge of the analytic form of the distribution
function which the random numbers were supposed to follow. However, when
simulating the physics of the ISING model it was required to draw random
configurations from the equilibrium distribution of the system and, unfortunately,
the exact analytic form of this distribution was unknown. On the other hand, in the
discussion of MARKOV-chains we came across the condition of detailed balance.
Invoking this condition ensured that the constructed MARKOV-chain converged
toward a stationary distribution, independent of the initial conditions. Consequently,
we can also sample random numbers by constructing a MARKOV-chain with a
stationary distribution which is equal to the distribution from which we would like to
obtain our random numbers. In such a case the distribution function has to be known,
at least in principle. However, the formulation of the METROPOLIS algorithm
allowed for an unknown normalization constant of the distribution function which,
in turn, makes this method such a powerful tool in computational physics.

Here we plan to discuss MARKOV-chain Monte Carlo techniques in greater
detail. We start with the introduction of the concept of importance sampling, review
the METROPOLIS algorithm, and discuss the straight forward generalization to the
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METROPOLIS-HASTINGS algorithm. Finally, the applicability of the METROPOLIS-
HASTINGS algorithm will be demonstrated by simulating the physics of the g-states
POTTS model [5] which is closely related to the ISING model. This chapter is
closed with a brief presentation of some of the more advanced techniques within
this context.

18.2 MARKOV-Chain Monte Carlo Methods

Before turning our focus toward the MARKOV-chain Monte Carlo methods we shall
briefly discuss importance sampling. Let p(x) be a certain pdf from which we would
like to draw a sequence of random numbers {x;}, i > 1. Furthermore, let f(x) be
some arbitrary function and we would like to estimate its expectation value (f),
which is determined by the integral

(), = [ dxf (@) - (18.1)

But (f), can also be regarded as the expectation value (a), of the function a(x) :=
f(x)p(x), with u(x) the pdf of the uniform distribution. Hence, we may evaluate
(a), by drawing uniformly distributed random numbers on a given interval [a, b] C
R and by estimating the expectation value by its arithmetic mean as discussed in
Sect. 14.2. This approach is the easiest version of a method referred to as simple
sampling. On the other hand, we might approximate (f), by sampling x; according
to p(x) and by employing the central limit theorem (see Appendix, Sect.E.8) as
was demonstrated in Sect. 14.2. The basic idea of importance sampling, however, is
to improve this approach by sampling from a different distribution ¢(x) which is in
most cases chosen in such a way that the expectation value (f) is easier to evaluate.

Let g(x) be some function with g(x) > O for all x. Then !
_ _ f(x) _ |
1y = [ asrcone = [ adFpoew =e(7) - (182)

where we defined the function g(x) = p(x)g(x)/c and ¢ is chosen in such a way
that [ dxg(x) = 1. We note that g(x) can be any positive function. Hence, such an
approach might be interesting in two different scenarios: (i) if it is easier to sample
from the distribution g(x) rather than from p(x) and, (ii) if such a sampling results
in a variance reduction which is equivalent to a decrease in error, and less random
numbers are to be sampled to obtain comparable results.

Let us briefly elaborate on this point: we have

SO
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and for the particular choice g(x) = f(x) we obtain that

var (f) =0, (18.4)
g/,

and the error of our Monte Carlo integration vanishes. However, the ideal case of
g(x) = f(x) is unrealistic because we obtain for the normalization constant ¢

c=/mmwm=@n ), - (18.5)

which is exactly the integral we want to evaluate. Nevertheless, the function g(x)
can be adapted to improve the result. We choose g(x) in such a way that the integral
(8), is easily evaluated and that g(x) follows f(x) as closely as possible; in other
words, the quotient f(x)/g(x) becomes as constant as possible. This means that we
no longer sample from p(x) within a given interval but only from points which are
of importance for the particular function f(x). Such an approach is referred to as
importance sampling [6-9].

The attentive reader might have observed that, on a first glance, importance
sampling has nothing to do with MARKOV-chain Monte Carlo methods in general.
Nevertheless, it can be demonstrated that MARKOV-chain Monte Carlo methods
correspond indeed to importance sampling.

To prove this, we remember that MARKOV-chain Monte Carlo techniques are
based on the generation of a sequence of configurations S:

N R T (18.6)
Each individual configuration S® is generated from the previous configuration

S@=1 at random with a certain transition probability P(S"~) — §™). These
transition probabilities obey

PS—S)>0  and Y PS—>8)=1, (18.7)

S/
and this property ensures that the sequence (18.6) is a MARKOV-chain. In Sect. 16.4
we observed that the condition of detailed balance for a stationary distribution P(S)
P(S)P(S — ') = P(S)P(S' — S) (18.8)
guarantees convergence of the MARKOV-chain toward the stationary distribution.
Hence, the remaining task is to find transition probabilities which fulfill detailed

balance. In a typical situation, the transition probabilities can be written as

P(S— §) = Py(S — S)Pu(S — §) . (18.9)
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where P, (S — §') is the probability that a configuration S’ is proposed and P, (S —
S’) is the probability that the proposed configuration is accepted. In many cases one
simplifies the situation by assuming that

P,(S — S = Pp(S’ —9), (18.10)
and, thus, the condition of detailed balance changes into
PS)P,(S — ) = P(SHP,(S — 9) . (18.11)

The METROPOLIS algorithm uses one possible choice for the acceptance probabil-
ity, namely

(18.12)

P,(S — §') = min [1 P(S/)i| :

" P(S)

It was demonstrated in Sect. 14.3 that Eq. (18.12) indeed fulfills Eq. (18.11). The
execution of the algorithm has already been illustrated in Chap. 15 in its application
to the numerics of the ISING model.

A rather straight forward generalization of the METROPOLIS algorithm (18.12)
is found when an asymmetric proposal probability P,(S — §’) is considered. It is
easily demonstrated that the choice

(18.13)

P,(S — §') = min |:1 P(S') Py(S" — S):| ,

" P(S) Pp(S— 5)

also fulfills detailed balance (18.8). The choice (18.13) is referred to as the
METROPOLIS-HASTINGS algorithm [10].!

By exploiting the MARKOV property in order to sample configurations according
to the BOLTZMANN distribution we perform importance sampling as illustrated
above. An alternative approach would be to select different configurations according
to a uniform distribution which obviously increases the numerical cost of the method
by magnitudes. Hence, sampling with the help of a MARKOV-chain yields a variance
reduction in comparison to the crude approach of simple sampling. Furthermore, the
algorithm can be optimized by a clever choice of P,(S — §’) which does not need
to be symmetric. Clearly, this choice will have to depend on the particular problem
at hand.

We shall briefly discuss two alternative approaches to MARKOV-chain Monte
Carlo sampling, namely GIBBS sampling [11] and slice sampling [12]: Suppose we
want to sample a sequence of m-dimensional variables x" = (x(ln) , x(zn) LT
from a multivariate distribution function p(x) = p(x,x2,...,X,). In such a case

IPlease note that it is common in the literature to refer even to Eq.(18.12) as a METROPOLIS-
HASTINGS algorithm, despite the fact that here P,(S" — §) = P,(S — 5’).
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GIBBS sampling is particularly interesting if the joint distribution function is well-
known and simple to sample. The acceptance probability for a particular component
of the vector x™ is set to:

(n+1 +1)) (1 (n+1
Pa(xjn )|x(”)) = p(xj(-" )|xl" ... ,xjfl ),)gl(.i)l, ... ,xff)) . (18.14)

This is possible as we have

pxj|x Xi—1, Xj4+1 X)) = pXt, ..., Xm)
AT, s Xj—15 Xj4-1, s Xm p(_xl,,,,,xj_l,x]'+1,.--,.xm)
X PXL, s X)) (18.15)

because the denominator of the left hand side of Eq. (18.15) is independent of x;. It
can, therefore, be treated as a normalization constant when x; is sampled.

Let us briefly discuss slice sampling: For reasons of simplicity we shall regard
the uni-variate case where p(x) denotes the pdf from which we would like to sample.
We apply the following algorithm:

. Choose some initial value x.

. Sample a uniformly distributed random variable y, from the interval [0, p(xo)].
. Sample the next random variable x; uniformly from the slice . [p~"! (yo)].

. Sample a uniformly distributed random number y; € [0, p(x;)].

. Sample the next random variable x, uniformly from the slice . [p~! (y})].

A e N S

The final sequence {x;} is constructed by ignoring the y,-values (even steps). This
procedure is illustrated schematically in Fig. 18.1.

Fig. 18.1 Schematic p(X) A
illustration of slice sampling
for the uni-variate case
described by the pdf p(x).
The relevant steps of the
algorithm are indicated by
solid asterisks
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18.3 The POTTS Model

We studied in Chap. 15 the two-dimensional ISING model as an example for the
METROPOLIS algorithm. Here we expand on this discussion and investigate the g-
states POTTS model [5] which can be regarded as a generalization of the ISING
model. The model is characterized by the HAMILTON function

H==> Jibs, . (18.16)
ij

where the notation used for the ISING model applies. In particular, we shall regard
the case J; = J for i,j nearest neighbors and J; = 0 otherwise. In contrast to
the ISING model, the spin realizations o; on grid-point i can take integer values
o; = 1,2,...,q. For ¢ = 2, the POTTS model is equivalent to the ISING model
which can be easily proved by rewriting the HAMILTON function as

J 1 1
H= 2(2:2(2—80i,,_,.)—J2i:2. (18.17)

ij)

Here (ij) denotes sum over nearest neighbors. We observe that 2 (é - 8@,,_/.) is equal
to —1 for 0; = o and +1 for o; # o0j. Moreover, the constant energy shift in
Eq. (18.17) can be neglected and we recover the ISING model of Chap. 15.

The method to calculate the observables of interest, like (E), (M), ¢, and y, and
the basic algorithm can be adopted from Sect. 15.2 as is.” There is one important
difference. It occurs in step 3 of the algorithm: Instead of setting 0;; = —oj; we
sample the new value of o;; uniformly distributed from 1,2, ..., g under exclusion
of the old value of oj;.

Figures 18.2, 18.3, 18.4, and 18.5 display the mean energy per particle, the mean
magnetization per particle (m;) [with Q = 1 in Eq. (18.18)], the heat capacity c; as
well as the magnetic susceptibility y for ¢ = 1,2,...,8 and J = 0.5 [Eq. (18.16)]
vs temperature kg 7. The size of the system was N x N with N = 40. We performed
10* measurements per temperature and 10 sweeps where discarded between two
successive measurements in order to reduce correlations. The equilibration time was
set to 10 sweeps. A typical spin configuration for ¢ = 4 and kg7 = 0.47 can be
found in Fig. 18.6.

A number of interesting details can be observed in Fig. 18.3. First of all, we
recognize that the mean magnetization (m;) above the critical temperature decreases

2We calculate the magnetization in a particular spin Q via

My(€) = (Z 80,,Q) ) (18.18)

¢
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Fig. 18.2 The mean free energy per particle (&) vs temperature kT for a g-states POTTS model on

a 40 x 40 square lattice, withg = 1,2,...,8and J = 0.5. 10* measurements have been performed
0.6
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kT
Fig. 18.3 The mean magnetization per particle {m;) vs temperature kg7 for a g-states POTTS
model on a 40 X 40 square lattice, forq = 1,2,..., 8 and J = 0.5. 10* measurements have been
performed

with increasing values of ¢. The reason is that the mean magnetization (m;)
represents for 7 > T, the probability of finding a particular spin in state o; = 1.
This is equivalent to 1/¢ for a uniform distribution and therefore decreases with
increasing g. Please note that the expectation value of the magnetization (my) is
restricted to take the values from {0, 1} for T <« T¢ due to the modified definition
of .#y(€). This is in contrast to the ISING model where (m) € {—1,1}for T < T..
Hence, we obtain for T < T¢ (m;) = 0 with probability (¢ — 1)/q and (m;) = 1
with probability 1/q. However, the particular definition (18.18) of .#, (%) is not
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Fig. 18.4 The heat capacity c;, vs temperature kg7 for a g-states POTTS model on a 40 X 40 square
lattice, withg = 1,2, ..., 8 and J = 0.5. 10* measurements have been performed. The inset shows
the specific heat ¢;, on a logarithmic scale in the region around the transition temperature

300

200

100

Fig. 18.5 The magnetic susceptibility y vs temperature kg7 for a g-states POTTS model on a
40 x 40 square grid, withg = 1,2,...,8 and J = 0.5. 10* measurements have been performed.
The inset shows the magnetic susceptibility y on a logarithmic scale in the region around the
transition temperature

important since the physically relevant property of the POTTS model HAMILTON
function (18.16) is its Z, symmetry with a degenerate ground state.

A second interesting feature is the observation that the critical temperature 7,
also decreases with increasing values of ¢ which becomes particularly transparent
from Figs. 18.4 and 18.5. The critical temperatures are quoted in Table 18.1. Finally,
we deduce from Fig. 18.2 that the phase transition is smoother for ¢ = 2 and
becomes discontinuous for large values of g. In particular, the g-states POTTS model
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Fig. 18.6 A typical spin
configuration o;; for a
g-states POTTS model on a
40 x 40 square lattice with
qg=4,J =0.5,and

kgT = 0.47

J
Table 18.1 List of the q
critical values o, = J/(kgT,)
of the g-states POTTS model 2 089
forg =2,3,..., 8 3 1.00
4 1.09
5 116
6 122
7 1.28
8 1.35

exhibits a second order phase transition for ¢ = 2,3,4 and a first order phase
transition for ¢ > 4 which is hard to see from Figs. 18.2 and 18.3. However,
there is another method to unambiguously identify a first order phase transition.
It is referred to as the histogram technique. The mean energies of consecutive
measurements near the critical temperature are simply collected in a histogram.
If only one peak is observed, the system fluctuates around a single phase, and a
second order phase transition was observed. However, the existence of two or more
peaks means that the system fluctuates between two or more different phases and,
therefore, exhibits a first order phase transition. Figure 18.7 displays two histograms
forg = 2 (kgT = 0.56) and ¢ = 8 (kg7 = 0.37) from 10* measurements to prove
our case.

One possible realization of the ¢ = 3 states POTTS model was discussed by M.
KARDAR and A.N. BERKER [13]. They studied the over saturated adsorption of
Krypton atoms on a graphite surface. A detailed analysis of this system revealed
that three energetically degenerate sublattices are formed. Furthermore, the authors
demonstrated that the thermodynamic properties of this system can be explained by
a g = 3 states POTTS model. For a more detailed discussion we refer to the original
paper. More applications of the POTTS model were discussed in the review by F.Y.
Wu [14].
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Fig. 18.7 (a) Histogram of 10* measurements of the absolute value of the mean free energy per
particle |{g)| for a g-states POTTS model on a 40 x 40 square lattice at temperature kg7 = 0.56
with ¢ = 2. We observe one single peak which indicates that the system exhibits a second order
phase transition. (b) The same as (a) but for ¢ = 8 and temperature k37 = 0.37. We observe two
well separated peaks, thus the system exhibits a first order phase transition

The attentive reader may have noticed that our results do not carry error-bars.
We neglected error-bars for a clearer illustration. A short discussion of methods
used to calculate numerical errors was presented in Sect. 15.2 for the ISING model
and they can easily be adapted for the POTTS model. More advanced techniques will
be introduced in the next chapter.

18.4 Advanced Algorithms for the POTTS Model

We discuss briefly some advanced techniques for the POTTS model. Although these
algorithms are applicable for arbitrary g we restrict our discussion to the case g = 2,
the ISING model, for reasons of simplicity. Let us briefly motivate the need for more
advanced methods: For large values of N we observe the formation of spin domains®
for temperatures T ~ T,. In such a case the specific METROPOLIS algorithm used
so far is disadvantageous because single spin flips will only affect the boundaries of
these domains (critical slowing down). It is therefore necessary to perform many
sweeps in order to produce configurations which are entirely different. It might

3This are regions in which all spins point in the same direction, the so-called WEISS domains [15].
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Fig. 18.8 Schematic illustration of the identification of clusters according to the SWENDSEN-
WANG algorithm. / and 2 denote two different spin orientations, bonds are denoted by solid lines
and all bonded spins form clusters

therefore be a better approach to flip a whole spin cluster at once. Such algorithms
are referred to as cluster algorithms. The main problem is the identification of
clusters as well as the assignment of a probability to the flip of a particular cluster.

As a first example we shall discuss the SWENDSEN-WANG algorithm [16]. The
algorithm is executed in the following steps:

1. Identify all links between two neighboring identical spins.
2. Define a bond between two linked spins with probability

P=1—exp(=28J) , (18.19)

with 8 = 1/(ksT).
3. Identify all clusters which are built from spins connected by bonds, see Fig. 18.8.
4. Flip every cluster with probability 1/2.
5. Delete the bonds and restart the iteration for the next spin configuration.

We note the following properties of the SWENDSEN-WANG algorithm:

* The algorithm is ergodic because every spin forms a cluster on its own with a
non-vanishing probability according to Eq. (18.19).

* The algorithm fulfills detailed balance for the BOLTZMANN distribution and thus
reproduces the correct stationary distribution.

Since the algorithm breaks domain walls or flips whole clusters, this algorithm
can be regarded to be very efficient from a numerical point of view. However, it
outperforms the single spin METROPOLIS algorithm only for temperatures near the
critical temperature because only then spin domains dominate the observables.

A simpler version of this algorithm consists of the following four steps:

1. Randomly pick a lattice site.

2. Find all neighbors with the same spin and form bonds with probability (18.19).
3. Move to the boundary of the cluster and repeat step 2, i.e. the cluster grows.

4. If no new bond is formed, flip the cluster with probability 1.

In this simplified version the identification of clusters is not necessary because each
cluster is built dynamically during the simulation. Such a formulation of a cluster
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algorithm is the WOLFF algorithm [17] which is essentially a generalization of the
work of SWENDSEN and WANG [16]. But why is it allowed to accept every step, i.e.
flip every formed cluster, without contradicting the condition of detailed balance?
The explanation is found in the definition of the probability of bond-formation,
Eq. (18.19). An even more effective extension of the WOLFF algorithm to quantum
systems is the loop algorithm [18]. For a more detailed discussion of all these
methods we refer the interested reader to the literature [19] and to the particular
papers cited here.

Before proceeding to the next chapter, let us briefly mention that there is also
an entirely different approach to improve the METROPOLIS algorithm for quantum
systems, the so called worm algorithms [18]. However, a detailed discussion of such
algorithms is beyond the scope of this book.

Summary

The dominant topic of this chapter was importance sampling, a method to improve
Monte Carlo methods by reducing the variance. In this method some hard to sample
pdf was approximated as closely as possible by another, easy to sample pdf and one
concentrated on intervals which particularly matter for an as accurate as possible
estimate of, for instance, an expectation value of some property f(x). In this sense
MARKOV-chain Monte Carlo techniques corresponded to importance sampling as
long as detailed balance was obeyed. In this particular case the MARKOV-chain
was known to approach the equilibrium distribution which must not necessarily
be known in detail. The METROPOLIS algorithm with its symmetric acceptance
probability was one possible realization of MARKOV-chains which obeyed detailed
balance. Another method was the METROPOLIS-HASTINGS algorithm with its
asymmetric acceptance probability. It also obeyed detailed balance and improved
the variance over the ‘classical’ METROPOLIS algorithm. The second part of this
chapter was dedicated to the simulation of the g-state POTTS model, an extension of
the ISING model. The POTTS model had the feature that it developed a second order
phase transition for ¢ < 4 and a first order phase transition for ¢ > 4. Moreover, the
transition temperature was g-dependent. The numerical simulation of the physics of
this model proved to be able to pick up on all these particular features. Finally, some
advanced algorithms developed for a more precise handling of various properties of
spin-models, particularly around the phase transition, have been presented without
going into great detail.
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Problems

. Modify the program designed to solve the ISING model (see Problems in

Chap. 15) in such a way that the physics of the g-states POTTS model can
be simulated for arbitrary values of g. Try to reproduce the figures presented
within this chapter. In order to investigate the order of the phase transition, plot
the internal energy per particle (¢) for T &~ T, in a histogram for different
measurements.

The critical temperatures listed in Table 18.1 for ¢ = 2, 3,..., 8 can be used
to validate your code.

. Include a non-zero external field /& and study its influence on the physics of the

g-states POTTS model for different values of q.
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Chapter 19
Data Analysis

19.1 Introduction

It is the aim of this chapter to present some of the most important techniques of
statistical data analysis which is of interest for experimental as well as theoretical
sciences. In particular, the superstition that numerically generated data sets do
not need to be analyzed with statistical methods is certainly not justified if the
data was generated by Monte Carlo methods. Some simple methods of statistical
analysis have already been discussed in previous chapters. For instance, in Chap. 12
we discussed simple quality tests for random number generators, in Chap. 15 we
calculated the errors associated with the observables of the ISING model. Here, these
simple methods will be summarized and some more advanced techniques will be
introduced on a basic level. For a more advanced discussion of this topic we refer
the interested reader to Refs. [1-5].

19.2 Calculation of Errors

We repeat briefly the basics of simple estimators which we made use of previously.
We approximate the expectation value (x) of some variable x

(x) = /dxxp(x), (19.1)
where p(x) is a pdf, by its arithmetic mean
1N
(x) ~ x = N;xh (19.2)
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where the numbers x; follow the distribution p(x). It is of conceptual importance
to distinguish between the expectation value (x) which is a c-number, while the
estimator x is a random number fluctuating around (x). The error of approximating
{x) by x can be estimated by calculating the variance

var (x) (%) — (x)?

var (x) = N = N , (19.3)

if the random numbers x; are uncorrelated (see Appendix E). In case of correlated
data the treatment becomes more involved and this will be discussed in Sect. 19.3.
The expectation values (xz) and (x) in Eq.(19.3) may again be replaced by the

corresponding estimators x2 and x in order to obtain a reasonable estimate of the
variance var (x). In particular, we approximate

N
()~ a2 = ;] lez . (19.4)

i=1

This approximation has already been applied in our investigation of the ISING
model, Chap. 15. When dealing with MARKOV-chain Monte Carlo simulations, the
result (19.3) can be interpreted in a rather trivial way: Repeating the simulation
under identical conditions results in roughly 68 % of all simulations to yield a mean
value x € [x — 0,,x + 0,], where 0, = \/ var (x) is the standard error.

We consider now the, in the meanwhile, quite familiar situation in which the
underlying pdf p(x) of a sequence of random numbers {x;} is unknown. In such a
case one cannot simply use a particular estimator without some knowledge of the
particular form of p(x). A common way to proceed is the poor person’s assumption:
The underlying distribution is symmetric. This assumption has its origin in the
central limit theorem (see Appendix, Sect.E.8). However, some intuitive checks
may be required if fatal misconceptions are to be avoided. Is the data set reasonably
large one can retrieve essential information from collecting the data points in form
of a histogram or, if the index i refers to time instances, by plotting a time sequence.

We can deduce a first idea about the form of the underlying pdf from a histogram.
For instance, if the data set displays only one peak, as in Fig. 19.1, quantities like
the mean or the variance could be useful. But if there are two (or more) separate
peaks, as in Fig. 19.2, it does not necessarily make sense to calculate the mean or
variance by summing over all the data points. Such a situation can, for instance,
occur in statistical spin models, with two phases, as we observed it in the g-state
PoOTTS model, Fig. 18.7a, b.

Time series, in which the data points x; are plotted as a function of discrete
time instances t;, can also reveal important information about the properties of the
data set. For instance, systematic trends, outliers, or hints for correlations may be
observed.
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Fig. 19.2 Histogram generated by random sampling of two Gaussians of mean zero and variance
one, displaced by +3 and —3, respectively

Let us turn our attention to some more advanced estimator techniques. So far
we discussed the sample mean and sample variance as candidates for unbiased
estimators.! In a more general context the calculation of observables from data sets
might be more complex. In the following we assume a data set of N data points
(x1,x2,...,xy). Basically, we would like to estimate a quantity of the form f({x))

I'Since mean and variance are calculated from the same data points, they are usually not unbiased.
Therefore a common choice is the so called bias corrected variance var (x)g which is given by

var (x)g = NIX | var (x) where N is the number of data points. A more detailed discussion can be
found in any textbook on statistics [6-9].
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where f is some particular function (for instance (x)z). A bad (biased) estimate
would be to calculate

1
=y Zf(xi) , (19.5)

which is definitely not the quantity we are interested in because for N — oo we
have f — (f) and not f({x)). A better estimate would be to calculate

[ =f(;]2x,-) : (19.6)

which converges to f({x)) for N — oco. We discuss here two different methods to
calculate the error attached to f(x), namely the Jackknife method and the statistical
bootstrap method.

We define Jackknife averages

1
| ij , (19.7)

J#i

and x! is the average of all values x; # x;. Moreover, we define

fl=rad) . (19.8)
and this opens the possibility to estimate f({x)) following
1 Y
x)):xf’:NXi:fi : (19.9)
with the statistical error
ol = W= -¢r]. (19.10)

which can be written as

: S 2 (19.11)

for uncorrelated f (see Appendix E).

In the case of the statistical bootstrap we consider again a set of N data-
points {x;}. We randomly choose N elements from this data set without removal
which constitutes the set {xj(.i)} and calculate for these N points the observable

fi=fA/N> i x;i) ). This procedure is repeated M-times and we get

FUx) ~ fos = Zf_ (19.12)
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and

1
op = 1y 2 —fas) (19.13)
1

This method was applied in Chap. 15 to determine estimates for the error-bars
of the various observables as a function of temperature in Fig. 15.6. The methods
discussed here can, of course, also be employed to derive estimates for the errors
attached to the various observables studied in the POTTS model, Chap. 18.

Let us close this section with a short comment on systematic errors. As already
highlighted within Chap. 1 one also has to be aware of possible systematic errors.
Like in experimental data, these errors are more easily overlooked in numerical data
since they are rather hard to identify. In general, there is no method available to
investigate systematic errors. For instance, in the simulation of the ISING model, the
main source of errors was that the MARKOV-chain was not allowed to completely
equilibrate which would have been equivalent to running the simulation forever.
The introduction of the concept of an auto-correlation time will, at least, allow for a
systematic investigation of this fundamental problem.

19.3 Auto-Correlations

The situation becomes more involved whenever the random numbers of the
sequence {x;} are correlated, i.e. cov (x,-,xj) # 0 for i # j [see Appendix,
Eq. (E.16)], where the elements of the series {x;} are successive members of a
time series. Hence, existing covariances between elements x; and x; account for
auto-correlations of a certain observable between different time steps. We rewrite
Eq. (19.3):

var (x) = (x2> — (x)?

1 & 1 &
A2 Z i) — N2 Z (x:) {x5)
ij=1 ij=1
|
- 2 ()- )
3 () - ) (19,19

i#j
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The first term on the right-hand side of Eq. (19.14) is identified as var (x;) /N which
is assumed to be identical for all i, i.e. var (x;) = var (x). Furthermore, we rewrite
the sum

N N
2=23 3
i#j i=1 j=i+1
and obtain
| s NN
var (x) = N v (x) + N Z Z cov (xi,x;) | . (19.15)
i=1 j=i+1
Let us assume time translational invariance:
cov (x,x) = C(j—1i), forj>i. (19.16)

We apply this relation to Eq. (19.15) and obtain

| s NN
var (x) = N var(x)—}-NZ Z C(j—1i)

L i=1 j=i+1
il 2 &
=y v+ ; C(k) (N — k):|
1 [ N k
= | vare + 2; C(k) (1 - N)] , (19.17)
which can be reformulated as:
2 Al
var (x) = VaIA(IX) £ (19.18)

We introduced here the (proper) integrated auto-correlation time t:

R k
t=,+ I;A(k) (1 - N) , (19.19)

and the normalized auto-correlation function

C(k) _ cov (xi, Xitr)

AB="Cco) T varw)

(19.20)
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In most cases we are interested in the limit N — oo of Eq. (19.19):

t = lim % +ZA(k). (19.21)

N—o00

The form of the auto-correlation function A(x) can be approximated using the
results of Sect. 16.4. There, we observed that the stationary distribution = was the
left-eigenvector of the transition matrix P with eigenvalue 1, Eq. (16.73). Let {¢¢}
denote the set of all left-eigenvectors of the matrix P with eigenvalues A, i.e. ;P =
A¢@e.> Then some arbitrary state g(0) can be expressed in this basis as:

q(0) = e . (19.22)

After n consecutive time-steps we arrive at state g(n)
q(n) = q(0)P" = Z(xigoiP" = Z%’A?fpi , (19.23)

which follows from Eq. (16.62). We denote the observable we want to calculate by
O(n) and expand it according to Ref. [10]

O(n) = Z g(n)]io; = Zax 0; , (19.24)

i

where o; stands for the expectation value of O in the i-th eigenstate ¢;. For large n
the value of O(n) will be dominated by the largest eigenvalue of P, say 4¢, and we
denote this value by O(c0) = aoy. This allows us to rewrite Eq. (19.24) as

O(n) = 0(c0) + Y _ ioid] . (19.25)
i#0

Let A; € R be the second largest eigenvalue and let us define the exponential auto-
correlation time t{ via

Y

T = — N 1926
* = T log() (19:26)

2Note that since P is a stochastic matrix, it follows that |A;| < 1 for all £. Furthermore, it can be
shown that the largest eigenvalue of a stochastic matrix is equal to 1.
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and the value of O(n) can, for large values of 7, be approximated by

0(n) ~ 0(c0) + B exp ( " ) : (19.27)

e
‘L—X

where f is some constant. Hence, the auto-correlation obeys

C(n) o [0(0) — O(00)] [O(n) — O(00)] x B exp ( " ) , (19.28)

e
tX

and we can simply set for the auto-correlation function A (k)

A(k) = y exp (—Tk) . (19.29)

X

where y is some constant. We use this result in the expression for the integrated
auto-correlation time (19.21) and arrive at:

1 > RN

t= o Eoe ()]
k=1 x

v, ee(-n)
=2+)/ e
1—exp(—ﬂ)

For ¥ > 1 the exponential function can be expanded into a TAYLOR series.
Keeping terms up to first order results in:

(19.30)

4 1
= _+vy lA:2+y(1:;—1)0(y1:;. (19.31)

e
T

However, we note that in general relation (19.31) is only a poor approximation
because usually the exponential auto-correlation time is very different from the
integrated auto-correlation time.

Let us briefly discuss our results. A comparison between Egs. (19.3) and (19.18)
reveals that due to correlations in the time series, the number of effective (or useful)
data points N can be determined from

N
Negr = ;- (19.32)
2t

X

In the limit 7¢ — 0 we obtain 7! = 1/2 and, thus, recover Eq. (19.3). The effective
number of measurements is the relevant quantity whenever the error of a Monte
Carlo integration is calculated.
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In another approach, one can determine the exponential auto-correlation time 7
and use it to estimate the number of steps that should be neglected between two
successive measurements. This can be achieved by fitting the auto-correlation A (k)
with an exponential function. (A brief introduction to least squares fits can be found
in Appendix H.) We note that in one and the same system the auto-correlation times
may be very different for different observables.

19.4 The Histogram Technique

The histogram technique is a method which allows to approximate the expectation
value of some observable for temperatures near a given temperature 7, without
performing further MARKOV-chain Monte Carlo simulations. The basic idea is
easily sketched. Suppose the observable O is solely a function of energy E. We
perform a MARKOV-chain Monte Carlo simulation for a given temperature 7 and
measure the energy E several times. The resulting measurements are sorted in a
histogram with bin width AE as was demonstrated in Sect. 18.3. If n(E) denotes
the number of configurations measured within the interval (E, E + AE), then the
probability that some energy is measured to lay within the interval (E, E + AE) is
given by

Py(E,Ty) = ni(‘f) , (19.33)

where the index H refers to histogram and M = ) n(E) is the number of
measurements. However, we note that this probability can also be expressed by the
BOLTZMANN distribution

N(E) exp (— /qu)

P(E,T) = SN @ e (=)

(19.34)

where N(E) denotes the number of micro-states within the interval (E,E + AE).
N(E) is independent of the temperature 7 and relation (19.34) is valid for all
temperatures 7. In particular, for T = T

Py(E,Ty) = P(E, Tp) , (19.35)

which immediately yields

N(E) = an(E) exp (kBETO) , (19.36)
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where « is some constant and we emphasize that n(E) was measured at Tj. Inserting
Eq. (19.36) into (19.34) yields

n(E) exp [_ (kBlT - kBlTO) E]
> g n(E) exp [ (kBT kBlTo) E] |

for arbitrary 7. The expectation value (O), of the observable O at some temperature
T can now be determined from

P(E.T) = (19.37)

(O)r

> O(E)P(E.T)
E

_ ZEO(E)H(E)eXP[ 1( kBT()) ] (19.38)

> pn(E)exp [ ( kBlTO) E]

This result implies, that it is not necessary to run an additional MARKOV-chain
Monte Carlo simulation in an attempt to compute the expectation value (O); for
temperature 7 if T is in the vicinity of Ty. However, if T deviates strongly from
Ty, the above procedure (19.38) does not provide a good approximation because
the relevant configurations at 7 may have been very improbable at 7y and may,
therefore, not have been reproduced sufficiently often in the original MARKOV-
chain Monte Carlo simulation.

Summary

Data analysis is an important but often neglected part of natural sciences and
in particular of numerical simulations. It consists mainly of consistency checks
and error analysis. This chapter concentrated in a first step on error analysis. It
discussed the most common methods to arrive at an estimate of the error involved
whenever expectation values of some property are analyzed. These went beyond
all those methods which have already been discussed in some detail throughout
this book. In a second step auto-correlations have been discussed. They should be
part of consistency checks and give valuable information about possible systematic
errors. The auto-correlation analysis was of particular importance whenever the
quality of the sequence of random numbers was crucial to a particular simulation.
(Experiments in which the events are expected to be random, like radioactive decay,
fall also into this category.) Nevertheless, this method proved to be very useful in
MARKOV-chain Monte Carlo simulations as it allowed to define and determine an
auto-correlation time which could serve as a measure of the number of sweeps which
have to be neglected between two consecutive measurements. Finally, the histogram
technique was introduced as a method of data interpolation. It allowed, in addition
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to applications which have already been presented within this book, to derive the
expectation value of some property at some ‘temperature’ 7 from the already known
expectation value of this same property at some other temperature Ty if T ~ T and
if the equilibrium distribution was known.

Problems

. Calculate the auto-correlation function for random numbers generated by the two

linear congruential generators discussed in Sect. 12.2. Check also the random
number generator provided by your system. Discuss the results.

. POTTS model: Calculate the error attached to the specific heat ¢, and the

susceptibility y using the Jackknife method for all values of ¢ = 1,..., 8. Plot
the corresponding diagrams and discuss the results. Determine the exponential
and integrated correlation time.
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Chapter 20
Stochastic Optimization

20.1 Introduction

Suppose x € S is some vector in an n-dimensional search space S and let H :
S — R be a mapping from the search space S onto the real axis R. The function H
plays a particular role and is usually referred to as the cost function. A minimization
problem can be defined in a very compact form:

Find xo € S, such that H(xo) is the global minimum of the cost function H.

In analogue, a maximization problem with cost function H defines a minimiza-
tion problem with cost function G = —H. The class of both problems is referred to
as the class of optimization problems [1-3] and only minimization problems will be
discussed here.

The reader might be aware that there are numerous applications in physics and
related sciences. We list a few in order to remind ourselves of their fundamental
importance:

* The set of linear equations Ax = b is often regarded as the minimization problem:
H(x) = ||Ax — b||> which can be beneficial for high dimensional problems.
* The quantum mechanical ground state energy Ej is given by

Eo = min (WIH|Y) (20.1)
v (v|e) '

where |¥) denotes the wave function and H is the Hamiltonian of the system.

* High dimensional and highly non-linear least squares fits. (More details can be
found in Appendix H.)

* The equilibrium crystal structure of solids is obtained by minimization of the free
energy.

e Protein folding is described by minimization of the forces in a molecular
dynamics problem.

© Springer International Publishing Switzerland 2016 323
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Whenever the cost function is at least once differentiable, methods of deter-
ministic optimization can be applied [4]. (Two simple deterministic optimization
methods are presented in Appendix I.) On the other hand, if H is not differentiable
or too complex, due to a huge search space S or many local minima, methods of
stochastic optimization [5] can be employed. The term stochastic optimization is
used for methods which contain at least one step which is based on random number
generation. Let us briefly give some examples of problems for which deterministic
methods fail:

* The Traveling Salesperson Problem [6, 7]: A traveling salesperson has to visit L
cities in a tour as short as possible under the constraint that he/she has to return
to the starting point in the end. Each city has to be visited only once, hence the
cities have to be ordered in such a way that the travel length becomes a global
minimum. In particular, the cost function

L
H({iY) = ) by, — (202)

=1

has to be minimized. Here {i} denotes a certain configuration of cities and we set
ir+1 = 1. Obviously, we cannot calculate the first derivative of H with respect
to {i}, set it zero, and solve the problem in the classical way. On the other hand,
a brute force approach of calculating H({i}) for all possible arrangements {i} is
not possible since we have L! different possible routes. Since for one particular
choice all L starting points and both travel directions yield the same result, we
have to calculate L!/(2L) = (L — 1)!/2 different configurations {i}. We would
have about 10! different choices for L = 100 cities! This clearly makes such
an approach intractable.

» The arrangement of timetables under certain constraints. In particular, the design
of timetables in schools, universities or at airports. This problem is also referred
to as the Nurse Scheduling Problem [8].

* The ISING spin glass [9]: In contrast to the classical ISING model, the ISING spin
glass is characterized by nearest neighbor interactions J;; which are, in the most
simple case, chosen to be J; = +1 and J; = —1 with the same probability.
In this case the ground state below the critical temperature is not simply given
by a configuration in which all spins point in the same direction. Of course, the
ground state configuration in such a case can be highly degenerate. The fact that
such a model can be simulated using MARKOV-chain Monte Carlo methods as
they have been discussed within Chaps. 15 and 18 gives us some idea of how one
may employ stochastic methods to solve optimization problems.

* The N-Queens Problem [10]: Place N queens on a NxN chessboard in such a way
that no two queens attack each other. In particular, this means that two queens are
not allowed to share the same row, the same column, and the same diagonal. It
can be shown that the problem possesses solutions for N > 4. One defines a
function H({n}) which counts the number of attacks in a certain configuration
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{n}. For instance, for N = 4, the configuration

solves the 4-queens problem and H({n}) = 0.

We concentrate here on some of the most basic methods of stochastic optimiza-
tion: the method of hill climbing, the method of simulated annealing, and genetic
algorithms. Ideas on which several more advanced techniques are based will be
sketched in Sect. 20.5.

20.2 Hill Climbing

The method of hill climbing [11] is probably one of the most simple methods
of stochastic optimization. Given a cost function H(x), we execute the following
steps:

1. Choose an initial position xy.

2. Randomly pick a new x, from the neighborhood of x,—;.

3. Keep x, if H(x,) < H(x,—1).

4. Terminate the search if no new x, can be found in the neighborhood of x,,—;.
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We note that the algorithm requires a neighborhood relation. This relation
is to be defined for each particular problem. For instance, in the case of the
traveling salesperson problem it is by no means clear what a configuration in the
neighborhood of a certain route {i} should mean. To elaborate on this problem we
concentrate here on two particular problems which help to demonstrate how such a
neighborhood relation can be defined.

In the traveling salesperson problem or in the ISING spin glass model the
neighborhood of a route {i} or of a configuration ¥ can be defined as the set
of all routes {i} in which two cities have been interchanged or as the set of all
configurations % in which one spin has been flipped.

On the other hand, if the search space S = R” we may define the neighborhood
as the number of points within an n-sphere of radius r centered at z = x,—;. It is
rather simple to sample points from an n-sphere centered at the origin by applying
the method of G. MARSAGLIA [12]: For an n-dimensional vector we sample all
components xi, ..., x, from the normal distribution .4"(0, 1) with mean zero and
variance one. The points are then transformed according to

o=
A (Y

X +7z, (20.3)
where ||x|| denotes the Euclidean norm of the vector x. The points given by
Eq.(20.3) lie on the surface of the n-sphere with radius r. In order to obtain
uniformly distributed random points within a sphere with radius » we draw a random
number u € [0, 1] and calculate

X = unx (20.4)

where the factor 1/n in the exponent of u ensures that the points are uniformly
distributed.

Let us briefly summarize the most important properties of the method of hill
climbing:

* The way the algorithm is defined it will terminate in a local minimum and not
in the global minimum. A classical remedy is the restart of the algorithm from
various different initial positions. Information gathered from previous runs can
help to make a good choice for the initial positions of restarts.

* It depends highly on the choice of initial conditions if and how the global
minimum is found. This situation is very similar to the application of determin-
istic methods of optimization (see Appendix I). Sometimes it may even be of
advantage to accept points which result in a slight increase of the cost function’s
value just to escape a local minimum.

* For most problems this method is very expensive from a computational point of
view.

We apply the method of hill climbing to the N-queens problem for N = 8. The
algorithm is executed in the following way: In the initial configuration the queens
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are set randomly on the chessboard and we place only one queen in each row and
column. It is then checked whether or not two queens attack each other. If they do,
a new configuration is generated by picking two queens at random and by changing
their respective positions. This is repeated until a configuration arises in which none
of the queens attacks another. Such an algorithm resembles a random walk in a
parameter space which spans all possible configurations under the constraint that
only one queen is placed in each row and column. The iteration is terminated as soon
as no queen is attacked by any other queen. It is rather obvious that this strategy is
not very fast, however, one possible solution to the problem for N = § can easily be
found within a few iteration steps:

oW e N @

However, for large values of N hill climbing is definitely not a recommendable
method to solve the N-queens problem.

20.3 Simulated Annealing

Let us turn our attention to simulated annealing [7, 13, 14]. The name of this
algorithm stems from the annealing process in metallurgy in which a metal is
first heated and then slowly cooled in order to reduce the amount of defects in
the material. The reasoning behind this method can quite easily be reconstructed
with the help of the ISING model which we discussed in detail in Chap. 15. There
we learned from thermodynamics that the equilibrium distribution of possible
configurations P(%’, T) at a certain temperature 7 is a BOLTZMANN distribution

H(%) }

20.5
ks T (20.5)

P&, T) = ;exp [—

where H(%) is the HAMILTON function of the system. In particular, we expect that
the system is in its ground state (let us assume a non-degenerate ground-state for
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the time being) with probability one in the limit 7 — 0, provided that we cooled
sufficiently slowly so that the system had enough time to equilibrate. This can be
used to solve the optimization problem: We take the cost function H(x) and define
the probability for the realization of a particular state (configuration) in the search
space xo € S by

P(xo, T) = ;exp [—H(;O)} , (20.6)

where T is some external parameter, which we refer to as temperature for reasons
of convenience, and Z denotes the normalization constant:

H(x)
Z = ?S dxexp |:— i| . (20.7)
X€S T

We start the procedure at some finite initial temperature 7y # 0 and construct
a MARKOV-chain of states {x,} which converges towards the distribution (20.6).
We choose, of course, a sampling technique which does not require the explicit
knowledge of the normalization Z, such as the METROPOLIS-HASTINGS algorithm
of Sect. 18.2. As soon as the MARKOV-chain reaches its stationary distribution for a
given temperature 7', we slightly decrease the temperature and restart the MARKOV-
chain with the last state of the previous temperature. By slowly cooling the search
MARKOV-chain, we exclude unimportant parts of the search space by decreasing
their acceptance probability. Nevertheless, the chain is given enough time to explore
the whole remaining search space at each temperature. This procedure is commonly
referred to as the classical version of simulated annealing.

It is of advantage to start with an initial temperature which allows to cover the
largest part of possible states in the search space S. Thus, the acceptance probability
for a new state in the MARKOV-chain is almost equal to one for all x € S. If this
were not the case, some regions of the search space might be excluded from our
search routine right away due to an unlucky choice of the initial configuration. In
particular, the result might be a state in the neighborhood of the initial state of the
MARKOV-chain and it is, therefore, most likely a local minimum rather than the
global minimum.

We note that the algorithm consists of the following essential ingredients: (i) a
proposal probability for new states x within the search space S, (ii) an acceptance
probability P,(x — x) for a proposed x’ from a previous state x, and (iii) a cooling
strategy T = T(f), where ¢ is time. Let us briefly elaborate on these points.

(i) Proposal Probability

The question of how to generate new states x from a previous state x’ within the
search space S has already been answered in the case of hill climbing, Sect. 20.2 by
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defining the neighborhood of a state in search space. The corresponding proposal
probability will be denoted by P,(x — x').

(it) Acceptance of Probability

The acceptance probability has to be chosen in such a way that the sequence of
generated states constitutes a MARKOV-chain which converges toward the distribu-
tion (20.6). Hence, detailed balance has to be imposed and the implications of this
requirement have been discussed extensively in Chap. 18. Note that the proposal
probability has to be included into the definition of the acceptance probability as
was outlined in Sect. 18.2.

One particular choice of a METROPOLIS-HASTINGS acceptance probability

(20.8)

Pu(x — ¥, T) = min (1 PW.T) Py(x — x)) |

"P(x,T) Pp(x = x')

appears to be quite natural for several reasons:

» Itis very general and can, thus, also handle asymmetric proposal probabilities.
¢ In the symmetric case P,(x — x') = P,(x’ — x) and H(x") < H(x) we get

P(X,T) 1

= H(x) — HE)|; > 1, 20.9
ey =ew | [ —H@)| = 209)
according to our choice (20.6) and the state x” is accepted with probability one.
On the other hand, for H(x') > H(x), X may still be accepted with some
finite probability P,(x — x’, T) which offers an opportunity to escape a local
minimum.

(iii) Cooling Strategy

The design of a proper cooling strategy includes both, the choice of an appropriate
initial temperature 7y as well as the formulation of a mathematical rule which
defines T,,+1 = f(T,) where T, < T,,.

First of all we discuss the choice of the initial temperature. A common choice
is to choose it in such a way that at least 80 % of all generated states are accepted.
The simplest procedure to determine this temperature starts with some arbitrary
value Ty > 0 and generates N states. If the number of rejected states N, is greater
than 0.2 N, then the temperature Ty is doubled and the number of rejected states is
measured again.
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Another more sophisticated choice is based on the following idea: The best
choice would be 7y — oo because then the acceptance probability would be one for
all possible states independent of H(x). This corresponds to a random walk in search
space S and we calculate the mean value (H)., and the variance var (H),,. Thus,
the function values H fluctuate between [(H),, — \/ var (H) ., (H) o + \/ var (H) .. |-
We consider now the expectation value (H)z, for large values of To. We define the
small parameter ¢ = 1/Ty < 1 and find with p(x, €) = P(x, T)

(®), = [ deptx e
= (H)y—€ [(H2>0 - (H)é] . (20.10)

Re-substituting Ty = 1/e€ results, finally, in:

_var M) o

20.11
% T ( )

(H) 7, ~ (H)
The initial temperature Ty is now chosen in such a way that the expectation

value (H);, borders the infinite temperature fluctuations from below and we set
consequently

<H>TO = (H)OO - \/V3'r (H)oo s (20.12)
with the implication that
To = /var (H), . (20.13)

We are now in a position to investigate appropriate cooling strategies: The
geometric cooling schedule

T, = Toq" (20.14)

with 0 <« g < 1 is very often used. However, particular cost functions H(x) may
develop several phase transitions in the course of the cooling process. Naturally, the
expectation value (H) changes rapidly in the region T’ ~ T, with T, the temperature
at which the phase transition occurs. It is, therefore, certainly of advantage to take
such a possibility into account and to design the cooling strategy accordingly.

Hence, a more appropriate strategy is to use temperature changes which cause
only slightly modified acceptance probabilities. In particular, we demand that

1 P(x,T,)

146, 20.15
1+6 <P(x,Tn+1) < ( )
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with 0 < § < 1. Assuming a BOLTZMANN type distribution for P(x, 7,,), we obtain

1 1
exp [—H(x) (Tn — Tn+l)i| <1496, (20.16)

or
T,

. (20.17)
L+ 47, In(1+8)

Tht1 >

Hence, we can choose

T,
Tn+1 =~ s (2018)
1 I n(1
+ 3\/var(H)T” n( + 8)

where we replaced H(x) = 3\/V21r ()7, . This choice is plausible if one recognizes
that we can replace H(x) — H(x) — Hy,, in the above calculations, where Hiy;,
represents the (unknown) minimum of H(x). This cooling schedule is known as the
AARTS schedule.

Finally, we have to discuss how to terminate the algorithm. Typically, there are
several choices and we present briefly the most popular ones. The obvious choice is
to terminate the algorithm as soon as the acceptance ratio is below some predefined
threshold value. A more sophisticated choice is to terminate the algorithm whenever
the mean value (HI) reaches some constant value. A quite different and more formal
approach would be to initially define a maximum number of iterations or to set
the final temperature 77 to some reasonable value. Nevertheless, the termination
condition has to be defined for each particular problem individually.

Before presenting an example, we note some further results associated with
cooling strategies. It was demonstrated by S. KIRKPATRIK et al. [15] that the optimal
cooling strategy for a BOLTZMANN type distribution is of the form

1
[ , 20.19
" () ( )
where n labels the temperature steps. In this case the global minimum is found
with probability one. However, the convergence is rather slow. In addition, several
extensions of classical simulated annealing have been suggested in the literature.
For instance, fast simulated annealing uses a CAUCHY distribution

T

P(x,T) = d+1
(2 +T12) 2

(20.20)

instead of a BOLTZMANN distribution. Here d is the dimension of the search space
S. The optimal cooling strategy for such a distribution function is of the form

T, x | (20.21)
n
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(b)

X X

Fig. 20.1 (a) Initial route of the traveling salesperson for 36 cities on a regular grid. (b) One of
many optimal routes of the traveling salesperson for 36 cities on a regular grid

which signifies a considerable increase in convergence speed in comparison to
Eq. (20.19). Another generalization is referred to as generalized simulated anneal-
ing and is based on the TSALLIS distribution which depends on an external
parameter €:

(20.22)

P.(x.T) = ; [1 + GH(X)}_E

ksT

It can be demonstrated that P, converges toward the BOLTZMANN distribution for
€ — 0. We mention in passing that the concept of the TSALLIS distribution is
closely intertwined with the definition of the TSALLIS entropy and the formulation
of non-extensive thermodynamics by C. TSALLIS [16].

As a first illustrative example we discuss the traveling salesperson problem for
N = 36 cities on a regular grid because in this case the optimal route is easily
identified. We calculate the initial temperature from Eq.(20.13) and employ the
geometric cooling schedule (20.14) with ¢ = 0.99 together with a termination
criterion of the form

(H)7, — (H)7,_, <m, (20.23)

where 7 is the required accuracy. Figure 20.1a presents one route for the initial
temperature and Fig. 20.1b displays one of many optimal routes after convergence
has been reached. This case will be called the first scenario. In the second scenario
we place 36 cities in four equally spaced clusters. Results for the optimal route are
presented in Fig. 20.2b.

The possibility of phase transitions to occur during the cooling process has
already been mentioned. In a genuine physical system the question whether a phase
transition is possible at all or if it is of first or second order is solely determined by
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Fig. 20.2 (a) Initial route of the traveling salesperson for 36 cities placed in four equally spaced
clusters. (b) One of many optimal routes of the traveling salesperson for 36 cities placed in four
equally spaced clusters
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Fig. 20.3 (a) The expectation value (H); and (b) the ‘specific heat’ ¢, vs temperature T for
scenario one

the HAMILTON function H(x) of the system. As an intriguing example we refer to
the g-states POTTS model of Sect. 18.3 where a second order phase transition was
observed for ¢ < 4 and a first order phase transition for g > 4. In analogy, the order
of a ‘phase transition’ during the iteration process toward the global minimum in
simulated annealing is completely determined by the particular properties of the cost
function H(x). We want to study such a possibility and determine the expectation
values (H), and the ‘specific heat’ ¢, as functions of temperature T for the two
scenarios of the traveling salesperson problem. Figure 20.3 presents the results for
scenario one and Fig.20.4 those for scenario two. The second scenario develops
two second order phase transitions while in the first scenario only one second order
phase transition can be observed. The first phase transition of the second scenario
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Fig. 20.4 The same as 300

Fig. 20.3 but for scenario two. @ (b)
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(at T =~ 3.5) can be related to the optimization of the clusters’ sequence while in
the second phase transition (at 7 ~ 0.42) the sequence of cities within the clusters
becomes finalized. These two transitions are indicated by down arrows labeled (1)
and (2) in Fig. 20.4.

20.4 Genetic Algorithms

The sparkling idea of genetic algorithms has originally been lent from natures
survival of the fittest [17]. The basic intentions are quickly summarized by remem-
bering the natural evolution of a particular species within a hostile environment: The
individuals of the species reproduce from one generation to another. During this
process the genes of the individuals are modified by local mutations. Individuals
best accustomed to the environment then survive with higher probability. This very
last process is referred to as selection. By iterating this process for large populations
the individuals of the whole species will adjust their properties to the environment
on average,' and, thus, the individuals will be better equipped for survival within
the hostile environment. A large population is compulsory in order to obtain a huge
variety in the phenotype of the individuals. Algorithms based on such a scheme are
referred to as genetic algorithms.

We are not going into the details of the implementation of genetic algorithms
because this is beyond the scope of this book. However, the ideas sketched above
will be applied to the problem of the traveling salesperson passing through m-cities
just to illustrate the method. Let s = (sy,...,s,) € N” denote a list of m integers,
which obey s; < i. For instance, for m = 10, s might be given by

Note that in the real world the environment (in particular the natural enemies of a species) develop
as well. Moreover, we do not consider any communication within a species, like the formation of
societies, learning, and related processes.
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Table 20.1 Sample tour to illustrate the recovery of the order of cities within a genetic algorithm.
Elements indicated by [x] are ‘selected’ elements which are added to the column Tour

5 1 2 3 4 5 6 7 8 9 10 Tour
9 1 2 3 4 5 6 7 8 [9] 10 — 9
4 1 2 3 [4] 5 6 7 8 10 — 4
3 1 2 [3] 5 6 7 8 10 — 3
3 1 2 [5] 6 7 8 10 — 5
5 1 2 6 7 [8] 10 — 8
1 [ 2 6 7 10 - 1
4 2 6 7 [10] - 10
2 2 [6] 7 - 6
2 2 [7] — 7
1 [2] — 2
s=1(1,2,2,4,1,5,3,3,4,9) . (20.24)
The order of cities is then recovered by setting § = (s, ..., 1) and performing the
steps illustrated in Table 20.1.
In words: The vector § labels the elements taken from the list (1,2, ...,m) with

removal. The resulting list 7our specifies the optimum sequence of the cities. The
genetic algorithm is executed in the following steps:

* Define M initial individuals.

* Mutation: for each individual we introduce a single random local modification
with probability ppy.

* Reproduction: We produce M additional individuals by pairwise combining the
parents. This is performed by

(a) Pick two individuals at random.
(b) Draw a random integer r € [1, m — 1] and replace the first r genes of the first
individual by the first r genes of the second individual and vice versa.

In this way, we obtain 2M individuals.
e Selection: The M individuals with the highest fitness which corresponds to the
lowest value of the cost function survive.

The above steps are repeated until the desired number of generations has been
achieved.

In Fig.20.5 we show the optimal path for the traveling salesperson problem
discussed in the previous section, but now for N = 30 cities. It was obtained with
the genetic algorithm described here. The number of individuals was chosen to be
M = 5000 and the number of generations to be G = 5000.

Some remarks are appropriate: First of all we note that there are many different
permutations of how a genetic algorithm can be realized. In particular, it is the
problem which determines the most convenient form to implement the essential
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Fig. 20.5 (a) The random route of one individual out of the population of 5000. (b) One of many
optimal routes of the traveling salesperson for N = 30 cities as obtained by a genetic algorithm

ingredients: mutation, reproduction, and selection. However, particular care is
required in formulating the algorithm in such a way that it does not produce
individuals which are foo similar. In such a case the algorithm is very likely to
terminate in a local minimum.

Another remark comments on how to treat optimization problems with contin-
uous variables x. Here it might be advantageous to represent the variable x in its
binary form because it makes the reproduction step particularly simple.

20.5 Some Further Methods

We briefly list some alternative stochastic optimization techniques without going
into detail. Two famous alternatives which are closely related to simulated annealing
are:

o Threshold Accepting Algorithms: The new configuration x’ is accepted with
probability one if H(x") < H(x) + T. During the simulation the temperature or
threshold level T is continuously decreased. The above choice of an acceptance
probability is very effective to allow for an escape from local minima.

* Deluge Algorithms: These algorithms are very similar to threshold accepting
algorithms. We present it in the original formulation which is suited to find
the global maximum of a function G(x). The global minimum of H(x) can be
found by searching the maximum of G(x) = —H(x). One accepts a new state
x' with probability one if G(x') > T, where T is continuously increased during
the simulation. Hence, the whole landscape of G(x) is flooded with increasing T
until only the summits of G(x) are left. Finally, only the biggest mountain will
reach out of the water and the global maximum has been found.
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Two famous ideas which are closely related to genetic algorithms are:

* Grouping Genetic Algorithms: The idea is to put the individuals of the population
in distinct groups. These groups may for instance be formed by comparing the
genes or grouping individuals with similar cost function values. All members
of a group have one part of the genes in common, and all operators acting on
genes act on the whole group. Such an approach can significantly improve the
convergence rate of a classical genetic algorithm.

* Ant Colony Optimization: The idea is, again, borrowed from nature, in particular
from an ant colony searching the optimum path between two or more fixed or
variable points. In a real world an ant travels from one point to another randomly,
leaving a trail of pheromone on its traveled path. Following ants are very likely
to follow the pheromone trail, however, some random nature remains. The key
point is that with time the pheromone trail starts to evaporate, hence its impact
on the path of following ants is reduced if the path is not traveled frequently
or often enough so that the pheromones evaporated. In this way one prevents the
algorithm to get stuck in a local minimum and the global minimum may be found
by sending out artificial ants.

There are many further methods available in the literature (see, for instance,
Refs. [2, 18]) to which we refer the interested reader.

Summary

The local maximum/minimum of some cost function H(x) within a search space
S can be determined using stochastic methods, thus establishing a particular class
of algorithms known as Stochastic Optimization. The most straightforward method
was the algorithm of hill climbing which resembled a controlled random walk
within a restricted search space S called neighborhood. Because of this feature
hill climbing will find in general local minima within this neighborhood and the
global minimum has to be found under variation of initial conditions. This made
this method too expensive for more complex problems from a computational point
of view. To move from a random walk formulation to a formulation on the basis
of MARKOV-chain Monte Carlo was the logical next step. The method of choice
was named simulated annealing. It used the METROPOLIS-HASTINGS algorithm to
generate new configurations within a search space S from a temperature dependent
equilibrium distribution. A cooling strategy was used to slowly restrict the search
space to the neighborhood of the global minimum. This global minimum was always
found, albeit rather slowly. We mentioned some flavors of this basic algorithm
which either differed in the definition of the acceptance probability or in the cooling
strategy. A completely different class of algorithms was established with the so-
called genetic algorithms. They were adapted from nature’s concept of the survival
of the fittest. They were based on the notions of: (i) Mutation, a single random local
modification of a certain probability. (ii) Reproduction, additional ‘individuals’ were
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generated by pairwise combining parents. (iii) Selection: Individuals with the lowest
value of the cost function survived and mutation started again. Genetic algorithms
established a very versatile class of solvers to cover a huge body of optimization
problems.

Problems

Solve the traveling salesperson problem for N = 20 cities on a regular grid with
the help of simulated annealing. As a cooling schedule, use the geometric cooling
as explained in Sect.20.3. Determine the initial temperature by demanding an
acceptance rate of 90 % and terminate the algorithm if the mean value of the cost
function (H) remains unchanged for at least 10 successive temperatures. Calculate
the expectation value (H), for different temperatures and identify the transition
temperature. In a second step produce a list of 20 cities which are randomly
distributed on a two-dimensional grid. Optimize this problem as well. Note that
you should produce the list of cities only once in order to obtain comparable and
reproducible results.
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Appendix A
The Two-Body Problem

Consider two mass points with positions r;(f) € R3, i = 1,2 and masses m;,
i = 1,2. It is assumed that the point masses interact through a central potential
U = U(|ri(¢) — r2(¢)|) and that external forces are neglected. Thus, the system is
closed. The explicit notation of time ¢ is now omitted for the sake of a more compact
presentation. Furthermore, we introduce with p; € R3, i = 1,2 the point mass’
momentum and the LAGRANGE function [1-5] of the system takes on the form

noP
L(ri,raprp) = )0+ 2 —U(n—nl). (A1)
2m1 2m2
The moments p; are replaced by
pi=mi;, =172, (A2)
and this yields for the LAGRANGE function (A.1)
. my . np .,
L(ri,r, i1, 1) = 5 7+ 5 i2—U(r—nl), (A.3)

where r; denotes the time derivative of r;. We note the following symmetries:
the LAGRANGE function is (i) translational invariant, (ii) rotational invariant, and
(iii) time invariant. We know from classical mechanics that each symmetry of
the LAGRANGE function corresponds to a constant of motion (a quantity that
is conserved throughout the motion) and, thus, results in a reduction of the
dimensionality of the 12-dimensional phase space.

Let us demonstrate these symmetries: In order to prove translational invariance,
we transform to center of mass coordinates which are defined as

miry + mary

R = and r=r—ry. (A4)
my + mp
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It is easily verified that we can express the original coordinates r; and r, with the
help of (A.4) as

myp mj
r =R+ r and rn=R- r. (A.5)
my + my my + myp

The LAGRANGE function (A.3) is rewritten in these new coordinates (A.4) and this
yields

L@Rﬁkyszﬁ+zF—Ump
= L(r,iR) , (A.6)

where we introduced the total mass M and the reduced mass m:

mymy
M =m +m and m= . (A.7)
my + myp

Obviously, the center of mass coordinate R plays in Eq. (A.6) the role of a cyclic
coordinate: It does not appear explicitly in the LAGRANGE function. This means
that the system is translational invariant and we can deduce from LAGRANGE’s
equations that

4o, 910 (A.8)
drgR~ ORT '

and the center of mass momentum is conserved. Hence, we obtain that

ad .
. L = MR = const (A.9)
oR

with the solution
R(t) = At + B, (A.10)

where A, B € R? are constants determined by the initial conditions of the problem.
As a result, the center of mass moves along a straight line with constant velocity.
We collect all results and reformulate the LAGRANGE function (A.6) as

m
2

= L(r, ) + const . (A.11)

M
L(r,i) = 2A2—|— i —U(|r))
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Hence, the problem was reduced to a one-body problem with the LAGRANGE
function L(r, 7). In what follows the tilde is omitted and the LAGRANGE function

L(r,7) = ’;’# —u(r), (A.12)

is now studied instead of Eq.(A.11). It is an effective one-body LAGRANGE
function.

In the next step the effect of rotational invariance is investigated. Equation (A.12)
resembles the LAGRANGE function of a particle of mass m which is located at
position r and moves in the field of a central force F € R?. This force points to the
center of the coordinate system (or points from the center of the coordinate system
to the particle). This situation is clearly invariant under a rotation of the coordinate
system since U = U(|r|) depends only on the modulus of r. Consequently, r is
parallel to F for all # > 0. In such a case the vector of angular momentum ¢ € R3 is
conserved, since

d
dtﬁz///:er:O, — { = const , (A.13)

where . is the torque. This allows us to arbitrarily rotate our coordinate system.
We take advantage if this property and rotate it in such a way that

¢ =|le, (A.14)

where e, is the unit vector in z-direction. Moreover, since the angular momentum £
is given by

{ = mr X i = const , (A.15)

and because {|le; we conclude that rle, This allows us to set z = 0 which
means that the whole motion of the point mass can be described in the x — y
plane. Rotational invariance led us to the conservation of angular momentum and
this made the reduction from a three-dimensional problem to a two dimensional
problem possible. The particular form (A.12) of the LAGRANGE function suggests
the introduction of polar coordinates (p, ¢):

m

L(p, p,¢) = 5

(0 + p*¢%) = U(p). (A.16)
We solve now LAGRANGE’s equations (A.6) on the basis of Eq.(A.16): The first
step deals with the differential equation for the radius p

d o . 0

]
—h = mod? —
ds 3[)L =mp = apL = mpg 9 U(p) , (A.17)
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thus
i ., d
mp —mpp- + de(,o)zO. (A.18)

The differential equation for the angle ¢ follows from

d 9 d 9
L= pg=_ L=0, A.19
drag- — a? (A-19)

which corresponds to

d

4 (mp*¢) = 0. (A.20)

Equation (A.20) is trivially fulfilled since according to Eq. (A.15)
mp>¢ = |€] = const . (A.21)

However, we solve Eq. (A.21) for ¢

. 12
¢ = | |2 , (A.22)
mp
plug (A.22) into (A.18), and obtain
£)? d
mp — | |3 + U(p)=0. (A.23)
mp dp

We make use of the time invariance of the LAGRANGE function (A.16). This
equation does not explicitly depend on time ¢ and we have

L=0. A24
o (A.24)

This implies conservation of energy, as can easily be demonstrated. For this purpose,
we regard the total time derivative of the LAGRANGE function L

9 9 9
L+, L+, L. (A.25)

5
s
TR TR

d _.
_po

dr
and solve for g’rL

0 6% 1)=-%1-0 (A.26)
dr pap ¢3¢ o '
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Consequently

0 B_L—i—(/') B,L—L: const , (A.27)
ap Rl

which states the conservation of energy. We evaluate this expression with the help
of Eq. (A.16). We obtain

0 0 m
). L+¢. . L—L= P+ 02+ U
Pas J”Da(p 2(p + p%¢%) + U(p)
m ., P
= U
5P +2mp2+ (p)
=E. (A.28)

Here we employed, in the second step, relation (A.22). In summary, time invariance
resulted in:

m., P
U(p) =E. A.29
NPt mp? + U(p) (A.29)

This is a first order differential equation in p.

The necessary step required for a solution of the two-body problem can now be
outlined: (i) Calculate R(¢) according to Eq. (A.10), (ii) solve Eq.(A.29) in order to
obtain p(?), (iii) plug p(¢) into Eq. (A.22) and solve for ¢(7), (iv) since z(¢) = 0, the
original vectors r(f), r2(¢) can be constructed from p(7) and (7). All integration
constants are uniquely determined by the initial conditions of the problem at hand.

From Eq. (A.29) we obtain

2
b= :t\/2 (E— U(p) — 1 2) , (A.30)
m 2mp

which results in an implicit equation for p
mp’

P
t= t() + dp/ )
W N 2mp? [E—U(p)] — €

(A31)

where we defined py = p(ty), fo is some initial time, and we neglected the negative
root. Equation (A.31) defines 7 as a function of p, r = #(p), which has to be inverted
to, finally, obtain the required solution p = p(z). Whether Eq. (A.31) can be solved
analytically depends on the particular form of the potential U(p). If Eq.(A.31)
cannot be solved analytically one has to employ numerical approximations.
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Finally, the angle ¢ can be expressed as a function of the radius p, i.e. ¢ = ¢(p).
We get from Eqgs. (A.22) and (A.30)

1
dp _ de dt (T2 2\
o _dodr _ W2 (0 iy , (A32)
dp drdp mp? | m 2mp?

integrate over p, and find the desired relation

/

dp

, A.33
w0/ V2mp? [E—U(p)] — [€]? (A3

= q@o £ |{

where @y = ¢(1p).



Appendix B
Solving Non-linear Equations: The NEWTON
Method

We give a brief introduction into the solution of non-linear equations with the help
of NEWTON’s method.! We regard a differentiable function F(x) and we would like
to find the solution of the equation

F(x)=0. (B.1)
The simplest approach is to transform the equation into an equation of the form

x=f(), (B.2)

which is always possible. This equation could be solved iteratively by simply
repeating

X1 = f(x) (B.3)

where we start with some initial value xy. If this method converges, one can
approximate the solution arbitrarily close, however, convergence is not guaranteed
and will in fact depend on the transformation from Egs.(B.1) to (B.2). A more
advanced technique is the so called NEWTON method [6, 7]. It is based on the
definition of f(x) as

F(x)
X) =x— , B.4
0 =x= 0 (B4)
which allows the iteration
F(x;)
Xopg =X — , B.5
i+ T P (B.5)
' This method is also referred to as the NEWTON-RAPHSON method.
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Here F’'(x) denotes the derivative of F(x) with respect to x. The convergence
behavior of the iteration (B.5) highly depends on the form of the function F(x)
and on the choice of the starting point xy. The routine can be regarded as converged
if |x;+1 — x/| < €, where € is the accuracy required.

If F(x) is not differentiable one can use the regula falsi or employ stochastic
methods which are discussed in the second part of this book. The iteration of the
method known as regula falsi is [6, 7]

Xt — Xt—1

F) = F(xt) (B0

X1 = X — F(x,)

A more detailed discussion on methods to solve transcendental equations numer-
ically can be found in any textbook on numerical methods, see for instance
Refs. [8, 9]. We shall also briefly introduce the case of a non-linear system of
equations of the form (B.1) where F(x) € R" and x € R". In this case the iteration
scheme is given by

Xp1 =X —J T (W) F(x) (B.7)
where
OF1(x) OF1(x) OF (x)
x| dxy " Oxy
0F>(x) 0F>(x) 0F>(x)
Jo) = VF@) = | " e Tt (B.8)
) N PN
dx] dxp " Oxy

is the JACOBI matrix of F(x). We can also make use of the methods discussed in
Chap. 2 to calculate numerically the derivatives in Egs. (B.5) or (B.8).



Appendix C
Numerical Solution of Linear Systems
of Equations

We discuss briefly two of the most important methods to solve non-homogeneous
systems of linear equations applying numerical methods. We consider a system of n
equations of the form

ayx) +apxy + ...+ apx, = by,

a1 x| + anxy + ...+ ayx, = by,

amXxi + apxs + ...+ apx, = b, , (C.1
which is usually transformed into a matrix equation,
Ax=b. (C.2)

The coefficients of the matrix A = {a;;} as well as the vector b = {b;} are assumed
to be real valued and, furthermore, if

n

Dbl #0. (C3)

i=1

the problem (C.2) is referred to as non-homogeneous (inhomogeneous). The
solution of non-homogeneous linear systems of equations is one of the central
problems in numerical analysis, since numerous numerical methods, such as the
finite difference approach to a boundary value problem, see Chap. 8, can be reduced
to such a problem.
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The solution of (C.2) is well defined as long as the matrix A is non-singular, i.e.
as long as

det(A) #0 . (C4)
Then the unique solution of (C.2) can be written as
x=A""p. (C.5)

However, the inversion of matrix A is very complex for n > 4 and one would prefer
methods which are computationally more effective. Basically, one distinguishes
between direct and iterative methods. Since a complete discussion of this huge topic
would be too extensive, we will mainly focus on two methods.

In contrast to iterative procedures, direct procedures do not contain any method-
ological errors and can, therefore, be regarded as exact. However, these methods
are often computationally very extensive and rounding errors are in many cases
not negligible. As an example we will discuss the LU decomposition. On the other
hand, many iterative methods are fast and rounding errors can be controlled easily.
However, it is not guaranteed that an iterative procedure converges, even in cases
where the system of equations is known to have unique solutions. Moreover, the
result is an approximate solution. As an illustration for an iterative procedure we
will discuss the GAUSS-SEIDEL method.

C.1 The LU Decomposition

The LU decomposition [6, 10] is essentially a numerical realization of GAUSSIAN
elimination which is based on a fundamental property of linear systems of equa-
tions (C.2). This property states the system (C.2) to remain unchanged when a linear
combination of rows is added to one particular row. This property is then employed
in order to obtain a matrix in triangular form. It was demonstrated by DOOLITTLE
and CROUT [6, 10, 11] that the GAUSSIAN elimination can be formulated as a
decomposition of the matrix A into two matrices L and U:

A=LU. (C.6)

Here, U is an upper triangular matrix and L is a lower triangular matrix. In
particular, U is of the form

U=1 . ] (C.7)
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and L is of the form

1 0 ..0
maq 1 0 .. 0

L=]|mamx I ...0 (C.8)
Myl My My3 ... 1

The factorization (C.6) is referred to as LU decomposition. The corresponding
procedure can be easily identified by equating the elements in (C.6). One can

show that the following operations yield the desired result: For j = 1,2,...,n one
computes
i—1
uijzaij—Zmikukj i=1,2,...,j, (C9)
k=1
1 !
my = (a,-j—Zm,-kukj) i=j+1,j+2,....n, (C.10)
i k=1

with the requirement that u;; # 0. Note that in this notation we used the convention
that the contribution of the sum is equal to zero if the upper boundary is less than the
lower boundary. We rewrite Eq. (C.2) with the help of the LU decomposition (C.6)

Ax=LUx =10, (C.11)
and by defining y = Ux, we retrieve a system of equations for the variable y:

Ly=b. (C.12)

The particular form of L allows to solve the system (C.12) immediately by forward
substitution. We find the solution

i—1
vi=bi—Y mgye. i=12....n, (C.13)
k=1

and the equation
Ux=y, (C.14)

remains. It can solved by backward substitution:

1 n
X, = (yi— Z uikxk) , i=nn—1,...,1. (C.15)

! k=i+1
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We note that this method can also be employed to invert the matrix A. The
strategy is based on the relation

AX =1, (C.16)

where X = A™! is to be determined and I is the n-dimensional identity. Equa-
tion (C.16) is equivalent to the following system of equations:

1
0
Axp=1| ..
0
0
1
A =01,
0
0
Ax, =] - | . (C.17)
0
1
where the vectors x; are the rows of the unknown matrix X, i.e. X = (x1,x2,...,X,).

The n equations of the system (C.17) can be solved with the help of the LU
decomposition.

Furthermore, one can easily calculate the determinant of A using the LU
decomposition. We note that

det(A) = det(LU) = det(L) det(U) = det(V) , (C.18)

since L and U are triangular matrices, the determinants are equal to the product of
the diagonal elements, which yields det(L) = 1. Hence we have

det(4) = det(U) = [ Jui - (C.19)
i=1

In conclusion we remark that there are many specialized methods which have
been designed particularly for matrices of specific forms, such as tridiagonal
matrices, symmetric matrices, block-matrices, . ... Such matrices commonly appear
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in physics applications. For instance, we remember that the matrix we encountered
in Sect. 8.2 within the context of a finite difference approximation of boundary
value problems, was tridiagonal. These specialized methods are usually the first
choice if one has a matrix of such a specific form because they are much faster and
more stable than methods developed for matrices of more general form. Since a full
treatment of these methods is beyond the scope of this book, we refer the interested
reader to books on numerical linear algebra, for instance Refs. [10, 11].

C.2 The GAUSS-SEIDEL Method

The GAUSS-SEIDEL method is an iterative procedure to approximate the solution
of non-homogeneous systems of linear equations [6, 12]. The advantage of an
iterative procedure, in contrast to a direct approach, is that its formulation is in
general much simpler. However, one might have problems with the convergence
of the method, even in cases where a solution exists and is unique. We note that
the GAUSS-SEIDEL method is of particular interest whenever one has to deal with
sparse coefficient matrices.! This requirement is not too restrictive since most of
the matrices encountered in physical applications are indeed sparse. As an example
we remember the matrices arising in the context of a finite difference approach to
boundary value problems, Sect. 8.2.

Again, we use Eq. (C.1) as a starting point for our discussion. It is a requirement
of the GAUSS-SEIDEL method that all diagonal elements of A are non-zero. We then
solve each row of (C.1) for x;. This creates the following hierarchy

1
n=-_ (apxo + apxs + ...+ apx, —f1)
11
1
o =—  (aax1 +anxs +...+ anx, —f2) .
ax
1
Xn = — (anlxl +apx +...+ Apn—1Xn—1 _f;’l) s (CZO)
nn
orin generalfori =1,...,n
1 n
Xi = _a-- Zaijxj —ﬁ . (CZI)
"=t
J#i

A matrix A is referred to as sparse, when the matrix is populated primarily by zeros.
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We note that Eq. (C.21) can be rewritten as a matrix equation
x=Cx+b, (C.22)

where we defined the matrix C = {c;;} via

=i,
cj=1q i (C.23)
0 i=j,
and the vector b = {b;} as
b= /i . (C.24)
aii

We recognize that Eq. (C.21) can be transformed into an iterative form with the help
of a trivial manipulation

1
N=xi— it Y api—fi| ] (C.25)
=t
J#i
or
xl(.H—l) = xl@ — Axl(.[) , (C.26)
where
1 i—1 n
Axl(.t) = xl@ + 0 Zaijxj(-tH) + Z aijx;t) —fil - (C.27)
"\ y=1 j=it1

Equation (C.26) in combination with (C.27) produces a sequence of vectors

O ) @ ) (C.28)
where x(¥) is referred to as the initialization vector or trial vector. One can prove that
if this sequence converges, it approaches the exact solution x arbitrarily close:

lim x® = x . (C.29)

—>00

We remark that if the terms x\'T" on the right hand side of Eq. (C.27) are replaced

i
(1)

by x;” the method is referred to as the JACOBI method.
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To terminate the GAUSS-SEIDEL method, we need an exit condition: One should
terminate the iteration whenever:

e The approximate solution x'”) obeys the required accuracy € or €, for instance
max (f” —x7V]) <. (C30)

where € is the absolute error, or

|x(t) B x(t—l)l
max | ' (t)’ <é€, (C.31)

;|
where € is the relative error.

e When a maximum number of iterations is reached. This condition may be
interpreted as an emergency exit which ensures that the iteration terminates even
if the process is not convergent or has still not converged.

Let us discuss one final, however, crucial point of this section: In many cases
the convergence of the GAUSS-SEIDEL method can be significantly improved by
including a relaxation parameter w to the iterative process. In this case the update
routine (C.26) takes on the form

A =2 —wAx” (C.32)

If the relaxation parameter @ obeys w > 1 one speaks of over-relaxation, if v < 1
of under-relaxation and if @ = 1 the regular GAUSS-SEIDEL method is recovered.
An appropriate choice of the relaxation parameter may fasten the convergence of
the method significantly. The best result will certainly be obtained if the ideal value
of w, w; were known. Unfortunately, it is impossible to determine w; prior to the
iteration in the general case. We remark the following properties:

e The method (C.32) is only convergent for 0 < w < 2.

o If the matrix C is positive definite and 0 < @ < 2, the GAUSS-SEIDEL method
converges for any choice of x(*) (OSTROWSKI-REICH theorem, [13]).

e In many cases, 1 < w; < 2. We note that this inequality holds only under
particular restrictions for the matrix C [see Eq. (C.23)]. However, we note without
going into detail, that these restrictions are almost always fulfilled when one is
confronted with applications in physics.

e If C is positive definite and tridiagonal, the ideal value w; can be calculated using

2

w; = , (C.33)
1++/1=212

where A is the largest eigenvalue of C, Eq. (C.23).
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e Since the calculation of A is in many cases quite complex, one could employ the
following idea: It is possible to prove that

) IAx(t+1)| )
t1_1>rcr>10 | Ax0) — A7, (C.34)

Hence, one may start with @ = 1, perform # (20 < 7y < 100) iterations and then
approximate w; with the help of Eq. (C.33) and

(10)
» o |Ax™]
~ | Axto-D)] (C.35)
The iteration is then continued with the approximated value of w; until conver-
gence is reached.

In conclusion we remark that numerous numerical libraries contain sophisticated
routines to solve linear systems of equations. In many cases it is, thus, advisable to
rely on such routines.



Appendix D
Fast Fourier Transform

Integral transforms are indispensable in modern mathematics and natural science
because they can be employed to simplify complex mathematical problems. In this
Appendix we will discuss the FOURIER transform as one prominent representative
of integral transforms in general. Loosely speaking, the FOURIER transform is the
unambiguous decomposition of a function f(x) into its frequency components. Its
applications range from the harmonic analysis of periodic signals to the solution of
differential equations and the description of wave phenomena in classical mechanics
[2,4], electrodynamics [ 14—16], quantum mechanics [17-19], and many more. Here,
we briefly discuss its numerical implementation, the fast FOURIER transform (FFT)
and its applications in Computational Physics.

We start by recalling the concept of FOURIER series: It is asserted by FOURIER’s
theorem that every square-integrable, d-periodic function f(x), f (x + d) = f(x), can
be (uniquely) represented as'

f@) =) fiexp (i 27mx) , (D.1)

nez d
where the complex coefﬁcientsﬁl € C are related to f(x) by the inverse transform

2mnx

.~ 1 [
f":d/() dxf(x)exp(—z J ) (D.2)

'In other words, the plane waves exp(in2mx/d) with period d form a complete, orthonormal basis
in the space of d-periodic, square integrable functions with the scalar product (10.10). We remark
that this also applies to functions which are defined on a compact interval of length d [20].
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The representation (D.1) of f(x) is referred to as the FOURIER series of f(x) and
the coefficient (D.2) is the FOURIER coefficient of order n. Equation (D.1) is an
unambiguous expansion of the function f(x) into contributions which oscillate with
an integer multiple of the frequency 27 /d. There are numerous important properties,
examples and applications of FOURIER series for which we refer to the literature
[21-24].

The concept of FOURIER series can be generalized to the idea of the FOURIER
transform of a square integrable function f(x) by formally letting d — oo [23]. The
FOURIER transform relates the function f(x) to its transform f (k), k € R, via®

£ = / dkf (k) exp(ik), (D3)

—0o0

and the inverse transform is obtained as
~ 1 o0

=, [ aue ek, (D.4)
T J—0o

The transform (D.3) and its inverse (D.4) can be used to considerably simplify
mathematical problems. For instance, a linear differential equation for the function
f(x) is mapped onto a linear algebraic equation for f (k). The solution of the
differential equation is then obtained by back-transforming the solution f (k) of the
algebraic equation. Again, we refer to the literature for further applications and the
various properties of the transforms (D.3) and (D.4). Instead, let us concentrate on
the question of how to compute the FOURIER transform (D.2) numerically.

It appears to be reasonable to start with the concepts developed in Chap.3.?
For this purpose, we assume that the function f(x) is solely known on a grid of N
equidistant grid-points x¢, £ = 0, ..., N — 1. In addition, we note that it is sufficient
to limit our discussion to 2z-periodic functions. Thus, we can choose our grid-
points to be x; = xo+£h where xo = 0 and & = 27/N, so that xy—; = 27 (1—1/N).

Approximating the integral (D.2) with the help of the forward rectangular rule,
Chap. 3, yields

N ., 2anl o D5
fn—NZ;ﬁieXP(— N )+ (). (D.5)

It follows from this equation that the coefficients ﬁl are periodic in n with period
N due to the finite number of grid-points. Hence, the maximal number of distinct

2We work here with the asymmetric definition of the FOURIER transform. For other definitions,
the pre-factors have to be adapted consistently.

3Tf £ (x) is not periodic we have to truncate the integral (D.4) and restrict the integration to a suitable
finite interval so that the problem again reduces to the evaluation of Eq. (D.2).
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coefficients is equal to the number of grid-points. The inversion of Eq. (D.5) follows
directly from Eq. (D.1) and reads*

N—1

N 2nnd
= 1 €X ] . D.6
fi ;f P (z N ) (D.6)
The transforms (D.5) and (D.6) are referred to as the discrete FOURIER transform
(DFT) and its inverse, respectively. We cast these relations into matrix form by
defining vectors F = (fo,....fv—1)" and F = (fy,....fv—1)" together with the
matrix W of elements:

Wam = on". D.7)
Here, oy = exp (*}') denotes the N-th root of unity. The transformation matrix
W is known as the FOURIER matrix or DFT matrix and it is easy to prove that its
inverse W™! has the elements

(w),,, =oy™. (D.8)

All this allows to rewrite Egs. (D.5) and (D.6) in compact form:

F= NW“F, and F= WEF. (D.9)

Thus, we reduced the problem of numerically implementing the FOURIER
transform (D.2) to the task of multiplying the N x N complex matrix W with the N-
element vector F. This means that we have to perform N?> complex multiplications
and N(N — 1) complex additions. However, the symmetry W,,, = W, already
suggests that there is further room for improvement. In fact, there are methods that
do much better and these algorithms are known as fast FOURIER transform (FFT)
algorithms.

We limit our presentation to the version proposed by COOLEY and TUKEY [6, 25,
26] which is, with some variations, the most common algorithm. In its simplest form
it is based on the observation that one can always split the FOURIER transform (D.5)
into an even and an odd part

| M2 o N2
7> 2nl N 2nl

n = wy  + wy o, D.10
b N;=szz N N [§=0.fzz+1 N ( )

“Tt follows directly from the summation rule of the geometric series that

N—1

Z ex; i2nmn = N§,
p N n0-

m=0
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provided that N is even.’ Since a)i," = wy, /2> We can interpret Eq. (D.10) as the linear

combination of two FOURIER transforms of length N/2. Denoting the FOURIER
coefficients of the function values f>¢ on even grid-points by A, and of the values
Jfre+1 on odd grid-points by B,,, we obtain forn = 1,...,N/2

fo = Ay + 0B, (D.11)
We now make use of the property that the FOURIER coefficients are periodic, i.e.
An+N/2 = An, Bn+N/2 = B,,, and that a);\l,+N/2 = —wy. Thus, we can calculate the

remaining coefficients fn, n=N/2+1,...,N with the help of:

~ ~

Fotwsz = Ay — OB, (D.12)

Because of Egs. (D.11) and (D.12) the N FOURIER coefficients can be computed
as a linear combination of two FOURIER transforms of size N/2. The recursive
application of the very same scheme to A, and B, constitutes the core of the FFT
algorithm in its simplest variation [6]. It is also the efficiency of this algorithm that
makes the FOURIER transform an attractive tool for numerical calculations [27]. In
fact, there are several problems in this book where an algorithm based on FFT could
have been evoked. Let us discuss two examples in more detail in order to illustrate
this.

(i) In Chap.9.3 we could have solved the stationary inhomogeneous heat
equation for its FOURIER coefficients followed by the back-transform.® Denoting
by T, the FOURIER coefficients of the temperature 7'(x) and by I, the FOURIER
coefficients of the heat source/drain, we obtain from Eq. (9.20)

N

. I,
T, = ~ (o) (D.13)

where @ = 2m/L. Performing the inverse FFT on Eq.(D.13) and adding the
homogeneous solution (9.4) immediately gives the required temperature profile
T(x). In a similar fashion, FFT could have been used for solving the partial
differential equations discussed in Chap. 11. From the examples in this chapter, the
time-dependent SCHRODINGER equation serves as our second application.

(ii) The Hamiltonian of a free point particle (for simplicity in one dimension) is
diagonal in momentum space, H = P?/2m, with the momentum operator (10.6).
Given the position-space representation of the initial state v (x, ), we can then

SThis is not a limitation because we can always choose N to be even.

%Here we use the fact that the plane waves exp(in2mx/d) form a complete, orthonormal basis of
the functions defined on a compact interval of length L [20].
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compute the time evolved wave packet ¥ (x, t + Af) for arbitrary Ar > 0 according
to Eq. (10.17) as
At p?

I o
b oom + hpx) v(p,1), (D.14)

1 i
Yx, t+ Af) = 2h /dpexp (—

where 1}(17 1) is the momentum space representation of the initial state ¥ (x, f), i.e.
its FOURIER transform with k = p/h. Hence, the time evolution of the free wave
packet is readily computed numerically with the help of the FFT and its inverse.

It is now certainly interesting to investigate whether or not a similar approach
can be applied to solve Eq.(10.1) in the presence of a potential V(x) which is
diagonal in position space. Although this can be achieved by solving the full
stationary eigenvalue problem (10.9) followed by the application of the eigenvector
expansion (10.17), we present here a more efficient but approximate solution valid
for small time steps Az. In order to see this, we transform Eq. (D.14) into a slightly
more compact form. Denoting by .%# the FOURIER transform operator, 1/}(17) =
ZF ¥ (x), we can write Eq. (D.14) as

V(xt+ A = FUAFY(x, 1), (D.15)

where Uy, = exp (—iAip?/2hm) is the unitary time evolution operator for the
time interval At.” The correct result can not be obtained by multiplying Eq. (D.15)
with the position-space time evolution of the potential V, = exp(—iAtV(x)/h)
because the operators V and P do not commute. However, by applying the BAKER-
CAMPBELL-HAUSDORFF formula® [17, 19, 28], we can approximate the time
evolution ¥ (x, 1) — ¥ (x, ¢ 4+ At) for a small time step Az by:

V1 + Al) = VaorZ WUAF Y (x, 1) + O(AFP). (D.16)
An even better approximation is obtained by the symmetrized form
Yt + A = F UnpFVaF UnppFY(x, 1) + O(AL). (D.17)

This method, known as the split operator technique [29], is a frequently used
method to numerically solve time dependent problems in quantum mechanics with
the help of FFT.

7U, is the momentum space representation of the free unitary time evolution operator U =
exp(—itP?/2hm).

8The BAKER-CAMPBELL-HAUSDORFF formula states how the exponential function exp(X + Y)
of two non-commuting operators X and Y can be expanded in terms of products of exponentials of
their commutators [17, 28].



Appendix E
Basics of Probability Theory

E.1 Classical Definition

It is the aim of this Appendix to summarize the most important definitions and
results from basic probability theory as required within this book. For a more in

depth presentation we refer to the literature [30-34].

The classical probability P(A) for an event A is defined by the number of

favorable results n, divided by the number of possible results m,
Pay="".
m
For two events A and B we can deduce the following rules'
P(Av B) = P(A) + P(B)—P(AAB),
P(Z) =0 impossible event; Z ... zero element ,

P(I) =1 certainevent; [ ...identity element ,

0<PA) =1,
_ P(AAB)
PAIB) ="

(E.1)

(E.2a)
(E.2b)
(B.2¢)

(E.2d)

(E.2¢)

"Here we use the symbols V and A to denote the Boolean operators OR and AND, respectively.
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where P(A|B) is the probability for the event A under the constraint that event B is
true. Moreover, if A is the complementary event” to A we have

P(A)=1—-P(A). (E.3)
The statistical definition of the probability for an event A is given by:

P(A) = lim . (E.4)

m—o00 m

E.2 Random Variables and Moments

A random variable is a functional which assigns to an event @ a real number x from
the set of possible outcomes £22: x = X(w) [31].> Roughly speaking it is a variable
whose value is assigned to the observation of some random process. The mean value
of a discrete random variable X is defined by

(X) =Y X(@)P, . (E.5)

wER

where P, is the probability for the event w. For instance, in case of a dice-throw
X(w)=n=1,2,...,6.

We restrict ourselves now to discrete random variables and, thus, x can only
take on discrete values. Furthermore, we introduce the function of random variables
Y = f(X) and define quite generally its mean value:

(fOO) = (f) =D _fx)P; . (E.6)
Note that

(=) Pi=1. (E.7)

Moments of order k of a random variable X are defined by

my = (x*) (E.8)

2Thismeans that AVA =T and AAA = Z.

3 A more exact formulation will follow in the course of this Appendix.
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and central moments are introduced via the relation
= ((AX)) = (X = (X)) . (E.9)
Of particular interest is the second central moment, the variance:
var (X) 1= (X — (X))?) = (X?) — (X)* . (E.10)

Finally, the standard deviation o is defined as the square root of the variance:

o = std(X) = y/var(X) . (E.11)
We study now a discrete set of observations x; where i = 1, ..., N. Then the sample
mean value is given by
! Z (E.12)
X = Xi, .
N i

and the error (standard deviation) of x (standard error) can be determined from:

var (x) = var IZx- :02 (E.13)
N2 : N .

We assumed here the x; to be uncorrelated with the consequence that cov (x,-, xj) =
var (x;) 8;; [defined in Eq. (E.16)]. Therefore,

(0}
VN’

where o is the standard deviation of the observations as defined above.
In the case of multiple random variables we can proceed as above. For instance,
the expectation value of a function of two random variables is given by

standard error = 0, = (E.14)

(fX, X)) =D fCxi )Py (E.15)

ij
and the covariance between two random variables:

cov (X, Y) := ((X — (X)) (Y — (Y))) = (XY) = (X) (Y) . (E.16)
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YA YA

> >
X X

Fig. E.1 Uncorrelated (left panel) and positively correlated (right panel) variables X and Y

The value of the covariance together with its sign determines important properties
of the random variables X and Y in their relation to each other:

>0 forY—(Y)>0=>X—-(X)>0,
(positive linear correlation)
0 forY—(Y)>0=>X—-(X)<O0,
cov(x,y) = { =0 forV ={¥)>0=X=(X) < (E.17)
<0 forX—(X)>0=Y—-(Y) <O,

(negative linear correlation)

= 0 no linear dependence between X and Y .
Random variables whose covariance is zero are called uncorrelated. [ This property

was used in the derivation of Eq. (E.13).] To give an example, Fig. E.1 compares
schematically uncorrelated and positively correlated random variables X and Y.

E.3 Binomial Distribution and Limit Theorems

The binomial distribution is given by

P(k|n, p) = (Z)p"(l —p, (E.18)

n

where ( i

) is the binomial coefficient

n\ n! E.19
k] K-k (E.19)
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For large values of n STIRLING’s approximation can be applied to calculate an
estimate of n!:

n! = n"te " 2n [1+ ﬁ(n_l)] . (E.20)

Furthermore, it is easy to prove that the mean value and the variance of the binomial
distribution are given by

var (k) = np(1 —p) . (E.22)

The DE MOIVRE-LAPLACE theorem states that for var(k) >> 1

P ~ stk = L e[, (€23
where k) = (k) and o0 = \/ var (k). We can also deduce that
P(k = np|n,p) = : —0, (E.24)
V2mnp(1 —p)
for n — oo. From this, BERNOULLI’S law of large numbers follows
P(lk/n—p| <e€ln,p) >1 Ve>0. (E.25)

E.4 POISSON Distribution and Counting Experiments

If the mean expectation value u is independent of the number of experiments #, i.e.
np = |0 = const, it follows from Eq. (E.18) that

k
lim P (k np=" ) —exp(—p) " = P(kIn) . (E.26)

The distribution P(k|u) is called POISSON distribution. We obtain for the POISSON
distribution:

(k) =1 (E.27)
var (k) = i . (E.28)
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It is important to note that counting experiments, as for instance radioactive decay,
follow the Poisson statistics. A typical counting experiment observes within the
time interval ¢ (in average) p events. This time interval is now divided into n sub-
intervals with Az = ¢/n. If the counting events can be assumed to be independent,
the process follows a binomial distribution and we have & = np. This is equivalent
to p = p/n. We return to the case of radioactive decay: We count u signals within
one minute which are uniformly distributed over the time interval. The experiment
is now reduced to a time interval of one second and the probability of detecting a
signal consequently reduces to +/60. For p < 1 but np>1 the binomial distribution
P(k|n, p) can be approximated by P(k|x) and we can use for large values of u

Y
k=) } , (E.29)

1
P(k|p) =
(Kl Jano? eXp[ 252
with
o= u~ k. (E.30)

In most experimentally relevant cases is i unknown and is approximated by:

w=k+vk. (E.31)

E.5 Continuous Variables

We define the cumulative distribution function (cdf) [31, 32], F(x), of a continuous
variable x by*

F(x) = P(X < x|B) , (E.32)

where % is a generalized condition (condition complex). Moreover, we define the
probability density function (pdf), p(x) by

d
px) = dxF(x) : (E.33)
It follows that

p(0)dx = [F(x + dx) — F(x)] = P(x < X < x + dx|B) . (E.34)

“For convenience we use here the notation F(x) for the cumulative distribution function in contrast
to the notation P(x) used throughout the second part of this book.
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Hence,
F(x) :/ dx'p(x') . (E.35)
—00
Note that the pdf is normalized
/dx’p(x’) =F(oo) =PX <o0|#h) =1, (E.36)

and non-negative

p(x) > 0. (E.37)

E.6 BAYES’ Theorem

We regard a set of discrete events A; under the generalized condition %4. Then we
have the normalization condition

> PAB) =1, (E.38)

and the marginalization rule

P(B|B) = > P(B|A:, B)P(Ai|B) . (E.39)

BAYES’ theorem [33, 35] for discrete variables follows from Eq. (E.2e) since P(A A
B) = P(BAA):

A, B)P(A| B
P(A|B, B) = P8 ’ (B|)%P”§ 1) (E.40)

In case of continuous variables the above equations modify accordingly. The
marginalization and BAYES’ theorem for pdfs are then given by

P(B|#) = /de(B|x, B)p(x|B) , (E41)

and

ol ) — PO A1) 42

p(x|#)
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E.7 Normal Distribution

The normal distribution (GAUSS distribution) is defined by the pdf:

1 (x — x0)*
p(x) = A (x[xp,0) = S0 exp |:— 22 . (E.43)
The corresponding cdf
1 X / _ 2
V202 J-oo 20
X — Xo 1 1 X — Xo
=0 ( ) = i : E.44
o 2 " 2% (x/ 202) (B4
follows. Here @(x) is given by
1 * ,
D(x) = Jon / dee™"/? (E.45)
—00
and erf(x) is the error function [36, 37]:
2 (Y, _n
erf(x) = Jr dr'e™ . (E.46)
0
Furthermore, we obtain
() =x0, (E.47)
var (x) = o2 . (E.48)
E.8 Central Limit Theorem
Let S denote a random variable defined by
N
S="cXi, (E.49)
i=1

where the X; are independent and identically distributed random numbers with mean
w and variance o> and

N
1
lim ¥ =const, VkeZ. (E.50)

N—o00 .
i=1
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Then,
p(S|N, B) =~ N[S| (S), var (S)], (E.51)
with
N
(Sy=pny e (E.52)
i=1
and
N
var(§) =0 Y ¢} (E.53)

i=1

for large values of N. The theorem of DE MOIVRE-LAPLACE is a special case of the
central limit theorem, with the result that the X; are binomial distributed.

E.9 Characteristic Function

The characteristic function G(k) of a stochastic variable X is defined by [31, 32]
G(k) = (™) = /1 dxe™p(x) (E.54)

where I denotes the range of the pdf p(x). It follows that

GO0)=1 and |G(k)|<1. (E.55)

Expanding Eq. (E.54) in a Taylor series with respect to k yields
(ik)™ n (U5
G(k) = Z o /Idxx’ p(x) = Z i (xm . (E.56)

Hence, the characteristic function is a moment generating function.

E.10 The Correlation Coefficient

We shall briefly define and discuss the correlation coefficient. Two random variables
X and Y form a random vector Z = (X, Y) which follows the pdf p(Z) = p(X,Y)
with the normalization

/dxdyp(x, yy=1. (E.57)
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The correlation coefficient r is now defined as

cov(X,Y)

= , E.58
' \/var (X) var (Y) ( )

where cov (X, Y) is the covariance (E.16) of X and Y while var(-) denotes the
variance (E.10) of the respective argument. It follows from the CAUCHY-SCHWARZ
inequality that 0 < r?> < 1 and, therefore, —1 < r < 1.3

The random variables X and Y are said to be the stronger correlated the bigger
r? becomes because for statistically independent (uncorrelated) variables we have
p(x,y¥) = q1(x)g2(y) with the consequence that cov (X, Y) = 0 and, thus, r = 0.

The definition of the correlation coefficient is commonly motivated by the
problem of linear regression: Suppose we have a set of data points Y associated
with data points X. We would like to find a linear function f(X) = a 4+ bX which
approximates the data points Y as good as possible. The problem may be stated as

([Y —fCOP) = ((Y —a — bX)*) — min , (E.60)

where a and b are real constants. This corresponds to GAUSS’s method of minimiz-
ing the square of errors. We have

aaa (Y —a—bX)?)=-2(Y—a—bX) =0, (E.61)

and

ai (Y —a—bX)*)=-2(¥Y —a—bX)X) =0. (E.62)

Equations (E.61) and (E.62) result in:
a+b(X)=(Y), (E.63)
a(X)+b(X*) = (xy) . (E.64)
Both are easily solved for a and b and one obtains

a=(Y)—b(X) . (E.65)

>One defines the scalar product between random variables (X,Y) = cov (X, Y) and therefore
[IX]|? = (X, X) = var (X). The CAUCHY-SCHWARZ inequality reads

(XN <X Iy >, (E.59)

and therefore 0 < 2 < 1.
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where

XY = (X)(Y) _ cov(X,Y)
b= ot S (o) (E.66)

Thus, the linear function f(X) which approximates the data points Y optimally is
given by

cov(X,Y)

F00 = (1 =50 K= )
_ var (Y)
=(Y) - r\/var ) X—-(X), (E.67)
and it follows immediately for the squared error:
(y = F@)?) = var (Y) (1 — 7). (E.68)

Hence, the best result is achieved for » = +1 in which case the association of the
data points Y with the data points X is really linear while the worst result is found
when r = 0 (no association what so ever).

E.11 Stable Distributions

A stable distribution is a distribution which reproduces itself [32]. In particular,
consider two random variables X; and X, which are independent copies of the
random variable X following the distribution py.°

The pdf py is referred to as a stable distribution if for arbitrary constants a and
b the random variable aX; 4+ bX, has the same distribution as the random variable
cX + d for some positive ¢ and some d € R.

For this case one can write down the characteristic function analytically. We will
give a special case, the so called symmetric LEVY distributions [38]:

Gy (k) = exp (—ak|¥) . (E.69)

Here 0 > 0 and 0 < o < 2. The pdf of such a distribution shows the asymptotic
behavior

o
Pa(x) x |1+ |x| = oo . (E.70)

%Independent copies of a random variable, are random variables, which are independent and follow
the same distribution as the original random variable.
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The normal distribution follows from Eq.(E.69) for ¢ = 2. Moreover, we
observe from Eq.(E.70) that the variance diverges for all @ < 2. However,
the existence of the variance was the criterion for the validity of the central
limit theorem formulated in Sect. E.8. We note that stable distributions reproduce
themselves and are attractors for sums of independent identical distributed random
variables. This is referred to as the generalized central limit theorem.

We remark, in conclusion, that for « = 1 the CAUCHY distribution results from
Eq. (E.69), and note that stable distributions are also referred to as LEVY «-stable
distributions [32].



Appendix F
Phase Transitions

F.1 Some Basics

In many systems transitions between different phases can be observed if an external
parameter, such as the temperature or the particle density, changes. Familiar
examples are the liquid-gaseous phase transition or the ferromagnetic-paramagnetic
transition. The two phases exhibit different properties and often develop a different
physical structure, like in disorder-to-order transitions. This suggests the intro-
duction of an order parameter ¢ which is zero in one phase and takes on some
finite value ¢ # 0 in the other one.! For instance, in the case of paramagnetic-
ferromagnetic transitions the magnetization plays the role of the order parameter
[43].

In order to classify phase transitions we briefly repeat some basics from statistical
mechanics [39—42, 44, 45]. In a canonical ensemble the probability to find the
system in micro-state » (as a function of the external parameters temperature 7,
volume V and number of particles N) is proportional to the BOLTZMANN-factor

1
PAT.V.N) = v P [-BE.(V.N)] . (F.1)

Here, 8 = 1/(kgT), where kg is the BOLTZMANN constant, T is the temperature,
and E, is the energy of micro-state r. The canonical partition function Z(7, V, N),

Z(T.V.N) =Y _exp[-BE(V.N)] . (F2)

'The choice of the order parameter may not be unique [39-42].

© Springer International Publishing Switzerland 2016 375
B.A. Stickler, E. Schachinger, Basic Concepts in Computational Physics,
DOI 10.1007/978-3-319-27265-8



376 F Phase Transitions

ensures the normalization of P,(7T, V, N) and determines the free energy F(T, V, N)
according to

F(T,V,N) = —; InZ(T,V,N) . (F3)

The EHRENFEST classification [46] of phase transitions is based on the behavior
of F near the transition point: If F is a continuous function of its variables at
the transition point and its first derivative with respect to some thermodynamic
variable is discontinuous we call it a first order phase transition. For instance,
transitions from the liquid to the gaseous phase are classified as first order phase
transitions because the density, which is proportional to the first derivative of the
free energy with respect to the chemical potential, changes discontinuously at the
boiling temperature T = Tp. We remark the following characteristics of first order
phase transitions:

1. The transition involves a latent heat AQ: The system absorbs or releases energy.
A familiar example is the latent heat of fusion in the case of melting or freezing.

2. Both phases can coexist at the transition point.

3. A metastable phase can be observed.

In a second order phase transition the first derivative of the free energy F with
respect to some thermodynamic variable is continuous but the second derivative
of F exhibits a discontinuity. For instance, in a ferromagnetic phase transition the
magnetization (first derivative of F' with respect to the external magnetic field B)
changes continuously while the magnetic susceptibility y (the second derivative of
F with respect to B) is discontinuous at the CURIE temperature 7, [43].

The modern classification is based on the behavior of the order parameter near
the critical point. The order parameter changes discontinuously for first order
phase transitions while it changes continuously for second and higher order phase
transitions. Second order transitions are typically related to spontaneous symmetry
breaking, as for instance in the paramagnetic-ferromagnetic transition. Based on
this observation, LANDAU developed a general description of second order phase
transitions which we briefly discuss in the following section.

F.2 LANDAU Theory

We regard a second order phase transition characterized by the scalar order
parameter ¢ [47]. Since (¢) changes continuously at 7 = T, it is convenient to
define ¢ in such a way that (¢) |7>7. = 0 while (¢) |r<7, # 0.



F Phase Transitions 377

For the free energy F(T, h, ¢), one chooses

a(T-T.) ,
(7

F(T,h,(p):Fo(T)—G-VI: )

b 4
+ 4? —he| , (F.4)

where a and b are some material constants and 4 denotes the external field. This
ansatz is motivated by the theory of the paramagnetic-ferromagnetic phase transition
[43]. Thus, in equilibrium we have

3
=0, (F.5)
¢
which results in
a(T—T)p +bp* =h. (F.6)
Forh = 0and T < T, we obtain
a
{po) = \/b(Tc -1~ (T.=T), (E7)

where y = 1/2 is called the critical exponent. For T > T, we have (py) = 0. We
now regard a weak external field 4. The order parameter will change

¢ = (po) + 8¢ . (E8)
Again, we obtain for equilibrium:

OF

S0 = a(T — To)({@o) + 89) + b({po) +8¢)’ —h=0. (F9)

Neglecting contributions of order &'(8¢?) yields for the susceptibility

d (8) ]
= = ~ T - TC 5 FIO
=g e =" | | (F.10)
where § = —1 is a second critical exponent. This is the CURIE-WEISS law [43].

Finally for T = T, we obtain from Eq. (F.6)

1
h\3 1
= ~ he | F.11
@ (b) (E11)
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with the third critical exponent €. The LANDAU theory is a mean-field approxima-
tion since local fluctuations of the order parameter are neglected.” Although the
critical exponents obtained with LANDAU’s approach deviate from experimental
values, the theory is qualitatively correct. We remark that the critical exponents are
universal (a property referred to as universality [40]) as they depend only on the
dimensionality and the symmetry of the interaction.

2The extension to space dependent order parameters is referred to as GINZBURG-LANDAU theory
[48].



Appendix G
Fractional Integrals and Derivatives in 1D

This section introduces briefly the common definitions and notations associated with
fractional calculus in one dimension [49].

The RIEMANN-LIOUVILLE fractional integrals of order « € C [R(x) > 0],
1%, f(x) and I}_f(x) on a finite interval [a, b] on the real axis R are given by

%, f(x) : réa) / o T e s a R(@) > 0), (G.1a)

(x _x/)l—oz

b /
2 f(x) == r(la) / i T e <b R > 0), (G.Ib)

(x/ _ x)l—oz
where I"(x) denotes the Gamma function [36, 37], 2R(«) is the real part of o, and
f(x) is a sufficiently well behaved continuous, differentiable function for which

the integrals in (G.1) exist. The corresponding RIEMANN-LIOUVILLE fractional
derivatives DY f(x) and Dj_f (x) of order a € C [R(ar) > 0] are defined by

d n
D f(x) = ( dx) (L))

! (d)n/xdx’ fe) for x>a. (G2a)

- I'n—a) \dx (x — x)e—ntl
and
o d " n—o
Dy 1= (= ) G
1 d\" [t f)
= — dx’ fi <b, (G.2b
romo (an) [ @ D o x<t. 020
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with n = [R(«)] + 1. Here [R(«)] denotes the integer part of 2R(«). For a — —o0
and b — +oo the RIEMANN-LIOUVILLE fractional integrals and derivatives are
referred to as WEYL fractional integrals and derivatives. In what follows, they will
be denoted by I and D% , respectively.

If o € C[R(x) > 0] and [a, b] € R is a finite interval, then the left- and right-
sided CAPUTO fractional derivatives “D? f(x) and “D}_f (x) are defined by

Dy f(x) = Dy f (x) — X_lj fh@ (x—a) (G.3a)
a a — I'k—a+1) ’
and
n—1
(=D O (D) _
“Dy_f(x) = Dj_f(x) — b—-x', (G.3b)
b b ; F'k—a+1)
with
o {[m(a)] +1 a¢N, 630
o aeNp.
This is, however, equivalent to
Cna _ 1 /X ’/ f(n)(x/)
Pl = iy J, & e
= (D)%), (G.4a)
and
C o _ (_l)n b / f(n)(x/)
Dy_f(x) = rn-a) ) dx (¥ — x)en+l
= (—D"I;~*D"f)(x) . (G.4b)

The symmetric fractional integrals Iﬁc\ and derivatives 2", are referred to as
RIESZ fractional integrals or derivatives and are of the form

I +I¢
o +
= , G.5
M 2 cos (%) ©)
foro € (0,1) and
(D3, for n=[R@)]+1 =2k ke Ny,
o« _ (G.6)

Ix|
n—1 Di_ —D*

(_1) ? 2 sin (e /2) for n= [i)%(ot)] +1=2+1,keNy.



Appendix H
Least Squares Fit

H.1 Motivation

In numerous physics applications a set of corresponding data points (xg, yx) was
measured or calculated and a set of certain parameters {;} characterizing a function
S (xx, {a;}) is to be determined in such a way that

K= Z ek [k — f (e, {Olj})]z — min . (H.1)

k

This is referred to as a least squares fit problem [6, 7]. Here, ¢, > 0 are weights,
which indicate the relevance of a certain data point (xy, yx) for the fitting routine, and
Sf(x, {o}) is referred to as the model function. Besides numerous applications within
the context of experimentally obtained data points, we already came across such a
problem in our discussion of data analysis in Chap. 19. Here it was of interest to
determine the experimental auto-correlation time by fitting an exponential function
to the measured auto-correlation coefficient A (k), discussed in Sect. 19.3. Hence, we
note that in many applications the parameters {&;} can be associated with a physical
property of interest.

We distinguish between two different cases: (i) the function f(x, {&;}) is a linear
function of the parameters {c;} and (ii) the function f(x;, {tj}) is not linear in its
parameters {c;}. It should be emphasized that in both cases the function does not
need to be linear in x;. This section will discuss methods for linear as well as non-
linear least squares fits. However, before proceeding some comments on the data
points {yx} seem to be required.
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Suppose the points (x,yx) stem from a measurement which has been repeated
N-times. In this case for every value x; we have N different values {y*} and we may
use the arithmetic mean

1 .
Ve= D Vs (H.2)
J
instead of y; in expression (H.1). We may also calculate the variance var (y;) via'

1 .
var (i) = > 0=’ (H.3)
7

If we assume that the data points y’,; follow a normal distribution with mean (yy)
and variance var (yy) we may proceed in the following way: The weights ¢, are
chosen as

1

= aron) (H4)

The resulting fit parameters {«;} are then regarded as mean values of parameters
where the variances var («;) as well as the covariances cov (oci, ocj) can be obtained
from the matrix

1 9242
=5 aaigaj ’ (H.3)
via inversion, i.e.
C=N", (H.6)
and
Cy = cov () . (H.7)

The matrix C is commonly referred to as covariance matrix.

'In many cases one employs the bias corrected variance var (y;) B = N]i | var (y). For a detailed
discussion of the bias corrected variance the interested reader is encouraged to consult a statistics
textbook [45, 50-53].
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H.2 Linear Least Squares Fit
In this particular case the model function f(x, {o;}) is defined as

FOus o) = ) o) (H.8)
J

where @;(x;) are linear independent basis functions, which do not have to be linear
in x;. The particular case of a linear regression, discussed in Sect. E.10, is included.
Equation (H.8) specifies the model function f(x, {¢;}) in (H.1) and this yields

2
=D |- e | . (H.9)
k J

which is supposed to tend to a minimum. We calculate

ay? !
agz =2 @) | v — Y ejetn) | =0 (H.10)
k i
and arrive at:
oY ap@)ei(n) =Y cavipe(a) . VL (H.11)
J k k

This equation can be reformulated as the linear equation
Mo =8, (H.12)

where the vectors & = (@1, &2, ...)" and B = (B1, B2, ...)T with

Bi = chyupi(xk) ; (H.13)

k

and the matrix M

My =" cpi(a)@;(x) (H.14)
k

have been introduced.
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Equation (H.12) can, for instance, be solved with the help of the methods
discussed in Appendix C. It is also particularly simple to determine the covariances
because we have

1 aZXZ

Ni- = =
2 BO{iaOéj

My (H.15)

and the covariances follow from Eqs. (H.6) and (H.7).

H.3 Nonlinear Least Squares Fit

Before we discuss the most general case of a completely arbitrary model function
f(xx, {aj}) we want to point out that it is in most cases of advantage to linearize the
model function if at all possible. For instance, if the model function is an exponential
function, it may be linearized by taking the data points In(yy) instead of yy.

However, if this is not possible there are numerous alternatives to find a solution
of the problem. For instance, the GAUSS-NEWTON method can be employed if
the model function f(x, {®;}) and its derivatives with respect to the parameters
a; are known analytically. Another possibility is offered by the application of an
deterministic optimization algorithm as they will be introduced in Appendix I. If
even this method is not applicable, the methods of stochastic optimization, discussed
in Chap. 20, might be an obvious choice.

We describe now the GAUSS-NEWTON method which is essentially a general-
ization of the NEWTON method presented in Appendix B. The GAUSS-NEWTON
method is a method developed to minimize the expression (H.1) iteratively. The
derivatives

of (xe- {etj})

Y (H.16)

are assumed to be known analytically. This is an iterative algorithm and, thus, an
iteration index is introduced and indicated by a superscript index n like in ¢'. The
algorithm is described by the following steps:

1. Choose a set of initial values {a})} for the iteration.

2. Linearize the function f(x;, {e/'}) and insert the result into Eq. (H.1):

0~ ch Y —f (e {a}'}) — Z |:3f(xk, {o})
k

2
(e — oy § .
; dotg }{a,»}={a,-"}

(H.17)
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3.

We introduce the following abbreviations for a more compact notation:

4, = [af(xgéa,})}{aj}#a;} 7 E18)
and
1 =o'} (H.19)
We have to solve
3y !
do; —2 Xk: crdfici [Yk —Jfi— zg: dfily (o — 0!2)} =0, (H.20)

for all parameters {c;}. Therefore, we introduce vectors @ = (a1, @2,...)", p =

(B1, B2, ..)T with
Bi = ch(Yk = O (H.21)

k

and the matrix M with elements:

M = chdﬁgidﬂfi . (H.22)
k

This transforms Eq. (H.20) into a linear system of equations
Ma—-a") =8, (H.23)

which is solved for Aa" = o — «". Please note that «” denotes the vector « after
n iterations. The vector a"*! for the next iteration step is guessed from:

o' =" + Ad" . (H.24)

. The iteration is terminated if for all parameters the desired accuracy was

achieved. For instance, the condition |oz;‘+l — | < € can be used with € a

small parameter. A criterion for the relative error can be formulated in analogue.

Some comments concerning the covariance matrix are in order: It is more

complicated in the nonlinear case because we also have to consider the second
partial derivatives of the model function f (x, {c¢}). However, if these can for some
reason be neglected we obtain, again, that N; = M;;, as in Appendix, Sect. H.2.
Another, more serious problem is found in the fact that the GAUSS-NEWTON
method suffers from severe instability problems. However, a possible remedy was
formulated by D. MARQUART [54] who suggested to multiply the diagonal elements
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of the matrix M with a factor (1 + A) where A > 0. A detailed analysis shows that
one can choose A sufficiently large and in such a way that the value of )(i decreases
monotonically, i.e. )(i o = )(i for all iteration steps n. However, an increase of A
decreases the convergence rate and more iterations are necessary until the required
accuracy was obtained. It is therefore desirable to choose A values in such a way
that the error decreases monotonically but that, at the same time, a convergence
rate is maintained which is as large as possible. A possible strategy is to start with
some given value of A and to reduce it after every iteration step by a constant rate.
However, if at some point the error y? increases, i.e. )(i > )(i, then A has again to
be increased.



Appendix I
Deterministic Optimization

1.1 Introduction

We use the term deterministic optimization to distinguish these particular optimiza-
tion methods from the stochastic optimization methods discussed in Chap. 20. There
are numerous different deterministic methods designed to find the minimum (or
maximum) of a given function f(x), where x can be a vector. Roughly speaking,
we can distinguish between methods which require the knowledge of the Hessian,'
methods which need gradients only, and methods which are based on function values
only. For instance, if the gradient of a function is known analytically one may exploit
NEWTON’s method, as it was introduced in Appendix B. Note that such an approach
requires the Hessian of the function f(x).

We plan to discuss here in some detail two specific methods, namely the method
of steepest descent and the method of conjugate gradients. Both methods require
the knowledge of the gradient of the function, however, the gradient can also be
approximated with the help of finite differences (see Chap.2). A discussion of
additional methods is beyond the scope of this book and the interested reader is
referred to the available literature [55].

However, before discussing these two methods in more detail, let us briefly
consider the quadratic problem which can be solved analytically. In this case the
function f(x) can be written as

1
flx) = szAx —b'x+c, L1

'The Hessian, or HESSE matrix, H € R"*N of a function f(x), x € RY is the Jacobian of the
Jacobian J(x) of f(x) defined in Eq. (B.8). Thus, it is the matrix of second order partial derivatives
of a function. It describes the local curvature of a function of many variables.
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wherex € RV, A € RV b e RN and ¢ € R where we restrict the discussion to real
valued functions for reasons of simplicity. We demonstrate now that for symmetric
and positive definite matrices A, i.e. AT = A and xTAx > 0 for all x # 0, the
minimum of f(x) is given by x = A~'b. The gradient of f(x) is readily evaluated
and is given by?:

1 1
Vix) = ATx+ Ax—b. 1.2)
2 2
This immediately yields the desired result:
Ax=1>. 1.3)

It follows that x = A~!b is a minimum because we assumed A to be positive
definite. It is possible to solve the optimization problem even if A is not symmetric
by inverting the symmetrized matrix (A + AT) /2. Finally, the linear equation (1.3)
can be solved with the methods discussed in Appendix C.

I.2 Steepest Descent

The most simple gradient based method is the method of steepest descent [6]. It
is based on the rather straight forward idea of moving in each iteration step into
the opposite direction of the gradient, i.e. downhill. Hence, we may formulate it
mathematically in the following way: Let x,, be the current position of our search
for the minimum. Then we choose

Xn+1 = Xn — O{an(xn) s 14

where the step-size in direction of the negative gradient, «,, has to be determined in
an additional step. The step-size should be chosen in such a way that we reach the
line minimum in direction Vf(x,):

d |
do f[xn+1(05n)] = _vf(xn+l) : Vf(xn) =0. (L5)

2We remember from vector analysis that

V. (xTAx) =V, (xTA) x+ V, (xTAT) x=A+A")x.
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Hence, we observe that for an optimal choice of «, the search directions are
orthogonal. In practice ¢, is estimated with the help of a separate minimization
technique, such as bisection. This technique has already been used in our discussion
of the shooting methods in Chap. 10.

We provide an example which is supposed to make the method more transparent
and to help in the discussion of its caveats: We want to determine the global
minimum of the function

f(x,y) = cos(2x) + sin(4y) + exp(1.5x> + 0.7y%) + 2x. (1.6)

Its gradient is easily evaluated

af(;, Y = —25sin(2x) + 3xexp(1.5x* 4+ 0.7y%) + 2, L7
X
and
Bfgx, Y = 4cos(4y) + L.4yexp(1.5x> 4+ 0.7y%) . (1.8)
y

We define the algorithm steepest descent with the following steps:

. Choose some initial values xy and yy.
. Calculate the gradient Vf(x,, y,) in iteration step .
3. Determine «, in such a way that

DN =

f[xn-l—l (an)a yn+l(an)] — min 5 (19)

which is equivalent to

g(an) = Vf[xn+l(an)vyn+l(an)] ' Vf(xnvyn) =0. (1.10)

This is achieved by a bisection technique similar to the one employed in
Sect. 10.3,

a. Set oy = 0 and chose O‘Z arbitrary.
b. Increase o’ until g(a?)g(a?) < 0.
c. Define

af = , 1.11)

and determine g(c,).
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Fig. I.1 Iteration sequence 1.0 0 f(x,y)
of the method of steepest 72
descent for three different ?g
starting points 05 L 21
3.1
4.1
> 00} 5.2
6.2
7.3
% \A 8.3
05t 9.3
N 10.4
11.4
1.0 ‘I 1 1 1
-1.0 -0.5 0.0 0.5 1.0
X

d. If g(a?)g(af) < 0, set ¥ = o and return to step c. Otherwise, set a¢ = af
and return to step c.

e. The bisection is terminated if |g(ct;)| < €, with € some required accuracy for
the bisection part.

4. Check whether | f(xy+1,Yn+1) —f (Xn, yn)| < n with  some required accuracy.
Return to step 2 for the next iteration step if the algorithm is not converged.

The above algorithm was executed for the function f(x, y) given by Eq. (1.6) for
three different starting points, (0.8, —0.75), (0.8, 1.05), and (—1.05, 1.05). The
function f(x, y) as well as the iteration sequence towards the minimum for all three
starting points is illustrated in Fig. I.1.

We note the following properties of the method: First of all it is a rather slow
method due to the orthogonality of subsequent search directions. Moreover, as we
observe from Fig.1.1, we can only find the local minimum closest to the starting
point and not the global minimum of the function f(x, y). The convergence rate is
also highly affected by the choice of the initial position. However, it is a very simple
method which works in spaces of arbitrary dimension.

I.3 Conjugate Gradients

The method of conjugate gradients [6,55] is based on the definition of N orthogonal
search directions {1;} in an N dimensional space. In contrast to steepest descent it
is designed in such a way that we take only one step in each search direction and the
minimum is found after at most N steps, if the function f(x) is of the quadratic
form (I.1). In the more general case, however, it will take more steps but will,
nevertheless, be much more efficient than the method of steepest descent. Let us
formulate the method for a general function f(x).
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We approximate the function f(x), with x € RV, in the vicinity of the reference
point x, in the n-th iteration step up to second order and name the resulting function

A

fx):
Fi) = f ) + V) - (x—x) + ;(x —xn) -+ [Af () (x — x4)]
= f(xn) - bz:(-x - xn) + ;(—x - xn)TAn(x - xn) . (112)

Here, A, denotes the Hessian® at position x,, and b, is the negative gradient at x,,.
In particular, for a quadratic function f(x) the equality f (x) = f(x) holds. We now
write the minimum X of f(x) as a linear combination of search directions {;} with
coefficients A; and the initial point xy:

M
=0+ ) A (1.13)
i=0

Note that in the quadratic case (I.1) this sum will be restricted to M = N — 1. At
each iteration instance we have the relation

Xn+1 = Xn + An‘wn s (114)

together with the goal
Xy =% (1.15)

Let us define now a couple of useful quantities. The deviation from the minimum at
iteration step n + 1, 8,41, is given by
Snt1 = Xpp1 — X
=Xy + An¥p — X
= 6p + Au¥n . 1.16)

We define, furthermore, the residual

I'n41 1= _vﬁ(xn+l)

= b, — Ap(Xnt1 _xn)

= b, — /XnAan ’ (L.17)

3Note that the Hessian is always symmetric for real valued functions f(x) due to the symmetry of
second order derivatives.
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where we employed that
1
ZV [(x —x,,)TA,,(x—xn)] =A,(x—x,) . (1.18)

Finding the minimum of the quadratic approximation f (x) of f(x) around x, is
equivalent to the condition

Fn+1 = 0. (119)

In particular, we have to find the product A, in such a way that r,4; = 0. Of
course, we could invert the Hessian A, in order to obtain this result. However,
this would be too expensive from a computational point of view. The idea is to
apply the ideal search strategy for quadratic functions to ﬁl (x) in order to obtain
xn+1. Hence, the method of conjugate gradients executes packages of N steps,
where each package solves the quadratic problem around x,, until the minimum
of the original function f(x) has been found. Therefore, we have to generalize the
relations (I.14), (I.16), and (I.17) for iterations within step 7.
We have, in particular, for every iteration step n

N—1
Xp+1 = X, + Z /\f,lﬁf s (120)
=0
together with the definitions
A=l Ay 121

where x,+; = xﬁ’ . Furthermore, we define the deviation

S = X e = 8L+ Alyl (1.22)
and the residual
P = —VAEGT
= b, — A, —x,) . (1.23)

In contrast to relation (I.17), Eq. (1.23) features the difference (xflJrl —Xx,) rather than
(X4+1 — x,). We insert the recurrence (I.21) and obtain

rﬁ—H = b, _An(xf, _xn) - lﬁAnlﬁf
=1 = Ay, . (1.24)
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Hence, in contrast to relation (I.17) Eq. (I.24) defines a recurrence relation. Again,
we want to choose the search directions ¥¢ and the step length A¢ in such a way that
we find the minimum as quickly as possible. Suppose we already knew the search
direction y¢. The line minimum in this direction is then given by

d - n
L@ = Vit -y,
=~y
= (= AtA,yHTy!
= =) Uy + A () A
20, (1.25)
and we have
INT 1.4
A= UV (1.26)

" WHTAL

Hence, the remaining unknown quantities in our algorithm are the search directions
¥t. So far, the only information we obtained is that the search direction ¥¢ is
orthogonal to the residual 71!, see Eq. (1.25).

However, we also know that

0= A, (X1 —x1) — by

N—1
=AY Ay —ba, (1.27)
=0
and therefore
N—1
0= (v 4, Y Al — (v ba. (1.28)
=0

for arbitrary k. A sufficient condition to ensure the validity of relation (I1.28) is to
impose A,-orthogonality:

(Wi |wi), = @O A = Seelys [ V1), - (1.29)

We note that (| y}), constitutes indeed a scalar product since A, is positive
definite in the neighborhood of a minimum.



394 I Deterministic Optimization

Let us briefly demonstrate that the choice (1.29) fulfills Eq. (I.28). First of all we
note that we obtain from Eq. (1.24)

4

Pt =b, = Y MA (1.30)
k=0

and, therefore, we derive the coefficients Aﬁ from Eq. (1.26) in the convenient form:

bTwZ
A= omte (131
(vt | v2) :

n

The condition of orthogonality (1.29) is used to rewrite Eq. (1.28) as

0= Ak vh), — (W b (1.32)

which together with Eq. (I.31) proves the equality (I.28). Hence, the strategy is clear:
We choose an initial direction ¥ and then construct the further directions in such
a way that they fulfill A,-orthogonality (I1.29). Before discussing the construction of
search directions in more detail we observe the following property:

VWHTh, fork >t

0 else.

{—1
WDy = WO by =Y Ak v, (133)

m=0

This means that all search directions w,’f for k < £ — 1 are orthogonal to the residual
rfl, or in other words, all residuals rﬁ are orthogonal (in the classical sense) to all
previous search directions.

We shall now briefly outline the resulting update algorithm for search directions:
Let {¢!} be a set of linear independent vectors that span our search space for f,, (x).4
We write the search direction ¥/* as

k—1
Un=or+ ) B (L34)
£=0
together with
V) = ¢, (1.35)

“In principle these linear independent vectors {¢‘} do not need to depend on the index n, i.e. on
the actual position x,,. However, we consider here the most general case as will soon become clear.
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The expansion coefficients 8% can be determined recursively by imposing A,-
orthogonality for all £ < k:

0= (Vn| ¥

k—1
= (k[ vy + D B [ vn),

m=0
= (on [Waly, + B2 [ W), - (1.36)

and, therefore:

k 14
o | Vi, ) 1.37)

Bl =-
VAV

This procedure is known as the GRAM-SCHMIDT conjugation [6, 12].

Now, the question arises how one should choose the basis vectors (pﬁ and whether
or not it is advantageous to choose the (pﬁ as a function of n. A particularly clever
choice is to take the residuals, i.e.

Op =T (1.38)
In this case we have for £ < k
(i),
VAVAN
A
(Vi [ Vi)a,

(rk)T rl _ rl+1
—_ n" | (1.39)
(i [vi),, [ A }

n

kL
IBn =-

where we used recurrence (1.24). We now calculate with the help of Eq. (I1.34)

-1

() () = D Yy = (DT Y By =0, (1.40)

m=0
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for £ < k due to the orthogonality of the search direction and the residuals, see
Eq. (I.33). Hence, we obtain for all £ < k

it = 1 ()8
T gk k),
()T rk

= (s Seat - (L41)

Hence, the name conjugated gradients.
We are now in a position to describe the algorithm for the method of conjugated
gradients:

1. Choose an initial position xy.
2. Determine the vector b, and the matrix A, for a given position x;,.
3. Perform the following N steps in order to calculate x,,:

a. Set
V=1~ =b, and A= (Wﬁﬁj) , (L.42)
n | Ynla,
as well as
Xng1 = Xy + ALY (1.43)
b. Calculate fork = 1, ..., N — 1 the residuals,
n=n AT AT (L44)
the new search directions
Yy =14+ (,ﬁ;;:]é_l v (1.45)
the step lengths
Ak = byt , (1.46)

t vk,
and, finally, the modified positions

X1 = X + Ayt (1.47)
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4. If | f(xnt1) —f(xn)| < €, with € some required accuracy, terminate the iteration,
otherwise return to step 2. In case of a convex function f(x) terminate also after
N steps.

Strictly speaking, this algorithm is only valid for convex functions because we
note that one might get into trouble whenever a position is reached at which the
Hessian is not positive definite. It is therefore desirable to exclude the Hessian from
the algorithm. This can be achieved by an algorithm developed by FLETCHER and
REEVES [56]. Based on our previous discussion the generalization is rather obvious:
If we do not want to use the Hessian explicitly, we have to determine the step length
Aﬁ by minimizing f (xﬁ + Afll//,f) for a given search direction w,f numerically. The
residuals are then taken to be the exact gradient of the function f (xﬁ) rather than of
£ (). The next search direction **! is then determined via

IVF G DI
IVF G II?

Hence, we have the following algorithm (FLETCHER-REEVES algorithm):

Yt = —VFEET) + VA (148)

1. Choose an initial position xy.
2. Perform the following N steps in order to calculate x,,:

a. Set

vy = —Vf(x,) . (L49)

b. Calculate for k = 0,...,N — 1 A* by minimizing f(x* + AXy¥), the new
position x’,‘l+1 = x’,‘l + A’,‘ll//,’f, and the new search direction via

IV G DI

k:_v k+1
V=TT vra

vk (1.50)

3. If | f(xnt1) — f(xa)| < €, with € some required accuracy, terminate the iteration,
otherwise return to step 2.

The resulting sequence of steps towards the minimum for the same function and
initial conditions as were used for Fig.I.1 is illustrated in Fig.1.2. In comparing
Figs.1.1 and 1.2 we note immediately that the search strategy developed for the
method of conjugate gradients superbly outperforms the search strategy of the
method of steepest descent. In particular, if the ratio between the gradient in x and
y direction is large, a strategy of orthogonal search directions is disadvantageous.
This particular case is illustrated in Fig. 1.3 for both, steepest descent and conjugate
gradients. Here we investigate the convex function

flry) =2+ 10y, (L51)
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1 f(xy)

0.0
1.0

3.1
41

6.2
7.3
Kﬁ 8.3
\ 9.3

g 10.4
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-1.0 -0.5 0.0 0.5 1.0
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—o— conjugate gradient
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4.0

Fig. 1.3 Comparison of the iteration sequence between the method of steepest descent and the
method of conjugated gradients

together with an initial position (xo,y0) = (1.9,0.4). The resulting sequence
of points towards the minimum is illustrated in Fig.1.3. In the case of steepest
descent the sequence approaches the minimum rather slowly since subsequent
search directions have to be orthogonal to each other in the classical sense.
The advantage of conjugate gradients is that A,-orthonormality accelerates the
convergence towards the minimum. In this example we reach it within two steps
and a required absolute accuracy of n = 1077,

As a final remark we note that also the method of conjugate gradients will
only find the local minimum closest to the initial position. Hence, the outcome of
the method highly depends on the choice of xo. Moreover, the calculation of the
gradients may be very tedious and time-consuming from a numerical point of view.
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HAMILTON equations of motion 59, 76
HAMILTON function 59,76
implicit EULER 77
LAGRANGE equation 343
LAGRANGE function  341-343
pericenter velocity 81
perihelion 79
rotational invariance 343
symplectic EULER 77
translational invariance 341

L?-norm 141
LAGRANGE polynomial 38, 39, 68
LANDAU theory 376
LANDE factor 227
LANGEVIN equation  See Stochastic
differential equation
LAPLACE equation  See Partial differential
equation
Law of large numbers 215
Leap-frog  See Integrator and/or Molecular
dynamics
Least squares fit 381
linear 383
model/test function 381
nonlinear
GAUSS-NEWTON method 384
LEGENDRE polynomial 41
orthonormality condition 42
RODRIGUES formula 42
LENNARD-JONES potential 104, 110
LEvVY flight 288
diffusion equation 289
fat-tailed jump length pdf 289
jump length pdf 289
LEVY process 251
Linear equations 120, 124, 173
GAUSS-SEIDL method 160, 353
relaxation parameter 355
inhomogeneous 121
JacoBI method 160, 354
LU decomposition 350
non-homogeneous 349
sparse matrix 353
tridiagonal matrix 124, 133, 135, 173,
174,352
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Linear multi-step methods 66, 67
Loop algorithm 308
LU decomposition 350

Machine-number 7
Magnetic susceptibility 229, 230, 302
Magnetization 229,236, 302
Marginalization rule 203, 260, 369
MARKOV process 251
CHAPMAN-KOLMOGOROV equation
252,255
detailed balance 257, 258
equilibrium distribution function 257
global balance 257
HAMILTON’s equations of motion 257
hierarchy of pdfs 252
MARKOV property 252
master equation 255, 256
POISSON process 254
transition probability 254
waiting time 254
precursor state 251
time-homogeneous 255
transition probability 252
transition rate 255
WIENER process 253
transition probability 253
MARKOV-chain 221, 259
absorbing state 261
aperiodic state 261, 274
CHAPMAN-KOLMOGOROV equation
260, 267
closed set of states 260
continuous state space 266
continuous time 266
detailed balance 221, 263,297, 299
equilibrium distribution 262, 263
ergodic state 261
irreducible 260, 262
irreducible class 260
MARKOV property 259
null recurrent state 261
periodic state 261, 274
positive recurrent state 261
recurrent state 261
reversible 263
stationary distribution 262, 297
transient state 261
transition matrix 259
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transition probability 299
MARKOV-chain Monte-Carlo sampling
GIBBS sampling 301
METROPOLIS algorithm 219,237,297
acceptance probability 221,237,300
asymmetric proposal probability 300
correlations 222
initialization 222
thermalization 222
METROPOLIS-HASTINGS algorithm 298,
300, 328
slice sampling 301
MAXWELL - BOLTZMANN distribution 112
Mean-value integration  See Quadrature
Methodological error  See Error
METROPOLIS-HASTINGS algorithm ~ See
MARKOV-chain Monte-Carlo
sampling
METROPOLIS algorithm See MARKOV-
chain Monte-Carlo sampling
Midpoint rules 66, 68, 69
Molecular dynamics 103
barometric formula 115
boundary conditions 109
constant temperature 111
external potential 104
finite volume effects 110
forces 105
initial conditions 112
leap-frog method  see Integrator
LENNARD-JONES potential 104
natural units 112
NEWTON equations of motion 104,
105
STORMER - VERLET method 106
system temperature 111
thermal equilibrium 112
time-reversal symmetry 108
total kinetic energy 111
total velocity shift 110
two-particle interaction 104
velocity VERLET algorithm 108
Monte-Carlo integration ~ See Quadrature

N

NEEL temperature 226

NEWTON method 78, 347

NEWTON-COTES rules 38

Normal distribution ~ See Probability density
function

Normalization condition 126
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(0]

Open integration rule 34

Operator
expectation value 141
HAMILTON operator
Hermitian 141
kinetic energy 140
LAPLACE operator 131
momentum 140
position 147
potential energy 140
time-evolution operator

139, 171, 360

171,361

Ordinary differential equation 53,57
collocation point 72
eigenvalue problem 125, 126, 140

explicit 63, 64

homogeneous 118

homogeneous boundary value problem

126, 148

initial value problem 63

integrators  see Integrator

linear boundary value problem 117
ORNSTEIN-UHLENBECK process 284

master equation 284

Paramagnetism 226
Partial differential equation

diffusion equation  see Diffusion equation

elliptic 157, 158

hyperbolic 157, 167

LAPLACE equation
charge density 158

parabolic 157, 163

PoI1SSON equation 158
charge density 158, 161
convergence condition 162
electric field 158
electrostatic potential 158
iterative solution 160

split operator technique 171, 359, 361

time-dependent heat equation 163
CRANK-NICOLSON method 164
explicit EULER method 164, 165
implicit EULER method 164, 165
stability 164

time-dependent SCHRODINGER equation

see SCHRODINGER equation

wave equation

explicit EULER method 167

Index

one-dimensional 167
PAULI matrix 227
Pdf  See Probability density function. See
Stochastic process
Pendulum 2
period 3
Phase space 94
Phase transition
critical exponent 377
CURIE-WEISS law 228, 377
CURIE temperature 225, 226, 376
first order 376
modern classification 376
NEEL temperature 226
second order 225,376
LANDAU theory 376
order parameter 225,376
universality 378
POINCAREmap 96
POINCARE section 96

POISSON distribution ~ See Probability density

function

POISSON equation  See Partial differential
equation

POISSON process 254

Poor person’s assumption 312
POTTS model 302
HAMILTON function 302
heat capacity 302
magnetic susceptibility 302
magnetization 302
phase transition
first order 305
histogram technique 305
second order 305
Predictor-corrector method ~ See Integrator
Probability
classical 363
conservation 200
correlation coefficient 371
event 363
certain 363
complimentary 364
impossible 363

Probability density function 112, 186
binomial distribution 366
BOLTZMANN distribution 215, 220, 229,

236,307,319, 327, 331
CAUCHY distribution 331
x2 distribution 193
composite pdf 206
exponential distribution 208
GAUSS distribution 370

LEVY «-stable distributions 374
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normal distribution 198, 204, 218, 254,
285,370
piecewise defined 206
POISSON distribution
stable distribution 373

TSALLIS distribution 332

255,367

Q

Quadrature 31
backward rectangular rule
central rectangular rule
107,218
closed integration rule
elemental area 33, 35
forward rectangular rule
358
GAUSS-HERMITE = 45
GAUSS-LEGENDRE 41
error 45
grid-point 43,45
weight 43,45
improper integrals 48
integral transform 48
Monte-Carlo integration
236
approximation of w211
error 218, 219
expectation value 214
hit and miss 213
mean-value 214
mean-value integration 214
multiple integrals 49
NEWTON-COTES rules 38
closed 38
open 39
open integration rule 34
rectangular rule 32, 34,39
error 33, 34
ROMBERG method 39
SIMPSON rule 37,39
error 40

33,57,65
34,58, 65, 68,

34, 35

33,56, 65, 148,

211, 218, 220,

three-eight rule 38, 39
total error 40
trapezoidal rule 35, 39, 66

error 36, 39
total error 40
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Random number 184

non-uniform distribution 186, 197
pseudo 185
real 185
sequence
correlation 185, 190
moments 185, 190
moments error 190
uniform distribution 185, 298
Random number generator
criteria 186
FiBoNAccr 188
lagged 188
linear congruential 187,212

PARK-MILLER parameters 187
shuffling 187
MARSAGLIA-ZAMAN 188

carry bit 189
period 186
quality

X test 191

hypothesis test 191
spectral test 191
statistical tests 190
seed 187
shift register 188
Random sampling  See also MARKOV-chain
Monte-Carlo sampling
direct method 197
importance sampling 219, 297-299
inverse transformation 200, 220
n-sphere 326
probability mixing 206
rejection method 202, 219, 220
acceptance probability 202
envelope 202
histogram test 205
simple sampling 298
Random variable 183, 248, 364
central moments 365
characteristic function 371
mean value 364
moments 364
standard deviation 365
uncorrelated 366
variance 365
Random walk 273
biased 274
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definition 273
moments 275
probability of first return 278
recurrence 277
recurrence probability 278
transition rate 273
unbiased 274
variance 276
Randomness 183
definition
CHAITIN 184
event 184
measurement 184
probability 184
Rectangular rules
148,218
Reflection principle 277
Regula falsi 348
Rejection method 202, 205, 219, 220
Relative error  See Error
RIEMANN-LIOUVILLE fractional derivative
292,379
RIEMANN-LIOUVILLE fractional integral
379
RIESZ fractional derivative 292, 380
RIESZ fractional integral 380
ROMBERG method 39
Roundoff error  See Error

RUNGE-KUTTA methods 66, 68, 70, 72, 76

SCHRODINGER equation
basis 142
dimensionless variables 144
eigenenergy 140
eigenfunction 140
GAUSS wave packet 176
stationary
one-dimensional 127, 143
time-dependent 170, 360
CRANK-NICOLSON method 172
explicit EULER method 171
time-evolution operator 171, 361
total wave-function 142
wave-function 139
normalization 143
Series expansion
LAGRANGE polynomial 38,73
LEGENDRE polynomials 43
TAYLOR
168,255,318

33, 34,56-58, 65, 68, 107,

19,23, 32, 34, 66, 69, 106-108,

Index

Shooting method 124
NUMEROV method
SIMPSON rule 37,39
Simulated annealing  See Stochastic
optimization
Slice sampling See MARKOV-chain
Monte-Carlo sampling
Split operator technique 359, 361
Stability 5,9, 157
COURANT-FRIEDRICHS-LEWY condition
158, 168
definition 9
Standard deviation 365
Standard error  See Error
Statistical bootstrap 242, 314
Steepest descent  See Deterministic
optimization
STIRLING approximation
Stochastic differential equation
random force 284
Stochastic matrix 259
Stochastic optimization
ant colony optimization 337
cost function 323
deluge algorithms 336
genetic algorithm 334
traveling salesperson problem 335
grouping genetic algorithms 337
hill climbing 325
N-queens problem 326
simulated annealing 327
AARTS schedule 331
acceptance probability 329
fast 331
generalized 332
geometric cooling schedule 330
initial temperature 329
traveling salesperson problem 332
threshold algorithms 336
Stochastic process
auto-correlation function 249
auto-covariance function 249
conditional pdf 250
definition 248
Gaussian process 251
hierarchy of pdfs 249
independent increments 251
LEVY process 251
moments 249
pdf 249
random variable 248
realization 248
random walk 251
state space 248

127, 147, 149

11,278,367
183,284
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stationary increments 250

stationary process 250

time span 248

time-homogeneous process 250

transition probability 250

WIENER process 251
Stochastic variable  See Random variable
STORMER-VERLET method 66, 106
Subtractive cancellation 7, 19
SWENDSEN-WANG algorithm 307
Symplectic integrators 59, 73, 75-77
Symplectic mapping 74

TAYLOR theorem  See Series expansion

Thermodynamic equilibrium 221

Thermodynamic expectation value 219

Time series plot 312

Time-dependent heat equation  See Partial
differential equation

Trapezoidal rule 35, 39, 66

Traveling salesperson problem 332, 335

Truncation error ~ See Error

Two-body problem  See KEPLER problem
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Variance 147, 218, 365
velocity VERLET algorithm 108
Violation of energy conservation 75,79

W

Wave equation  See Partial differential
equation
Wave-function See SCHRODINGER equation
WEYL fractional derivative 380
WEYL fractional integral 380
White noise 281
Gaussian 282
WIENER process 251,253,279
continuous limit 280
drift term 281
independent increments 280
self-similarity 281
standard process 281
WOLFF algorithm 308
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