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Chapter 1

Introduction

One of the goals in mathematical finance is the pricing of derivatives such as options. While there are
certainly also many other mathematically and computationally challenging areas of mathematical
finance (such as portfolio optimization or risk measures), we will concentrate on the problems arising
from option pricing. The techniques presented in this course are also often used in computational
finance in general, as well as in many other areas of applied mathematics, science and engineering.

The most fundamental model of a financial market consists of a probability space (2, F, P), on
which a random variable S is defined. In the simplest case, S is R (or [0,[) valued and simply
means the value of a stock at some time 7'. However, .S might also represent the collection of all stock
prices S; for ¢ € [0, T]. Then S is a random variable taking values in the (infinite-dimensional) path
space, i.e., either the space of continuous functions C([0,7]; R?) or the space of cadlag functions
D([0,T]; R?) taking values in RY. Then the payoff function of almost any European option can be
represented as f(.9) for some functional f.

Example 1.1. The European call option (on the asset S!) is given by
+
f(8) = (S —K) .

Example 1.2. An example of a look-back option, consider the contract with payoff function

+
f(S) = <S:1p— min Stl) .

te[0,T]

Example 1.3. A simple barrier option (down-and-out) could look like this (for the barrier B > 0):

f(S) = (S%“ - K)+ ]‘mint,e[o,T] S{>B-

In all these cases, the problem of pricing the option can therefore be reduced to the problem of
computing

(1.1) E[f(5)]-

Indeed, here we have assumed that we already started with the (or a) risk neutral measure P.
Moreover, if the interest rate is deterministic, then discounting is trivial. For stochastic interest
rates, we may assume that the stochastic interest rate is a part of S (depending on the interest rate
model, this might imply that the state space of the stochastic process S; is infinite-dimensional, if
we use the Heath-Jarrow-Morton model, see [23]). Therefore, the option pricing problem can still
be written in the form (1.1) in the case of stochastic interest rates by incorporating the discount
factor in the “payoff function” f.

Of course, we have to assume that X := f(S) € L'(Q2, F, P). Then the most general form of the
option pricing problem is to compute E[X] for an integrable random variable X. Corresponding to



this extremely general modeling situation is an extremely general numerical method called Monte-
Carlo simulation. Assume that we can generate a sequence (X;);en of independent copies of X.!
Then, the strong law of large numbers implies that

1 M
(1.2) i Z X, —— E[X]

M—oo

almost surely. Since the assumptions of the Monte-Carlo simulations are extremely weak, we should
not be surprised that the rate of convergence is rather slow: Indeed, we shall see in Section 2.2 that
the error of the Monte-Carlo simulation decreases only like #M for M — o0 in a certain sense — note
that the error will be random. Nevertheless, Monte-Carlo simulation as a very powerful numerical
method, and we are going to discuss it together with several modifications in Chapter 2.

While the assumption that we can generate samples from the distribution of S might seem
innocent, it poses problems in many typical modeling situations, namely when S is defined as the
solution of a stochastic differential equation (SDE). Let (Q, F, (Ft)tefo, 175 P) be a filtered probability
space satisfying the usual conditions. In many models, the stock price S; is given as solution of an
SDE of the form

d
(1.3) S, = V(Sy)dt + > Vi(S,)dBi,
i=1
where V,Vq,...,V; : R™ — R"” are vector fields and B denotes a d-dimensional Brownian motion.

(If we replace the Brownian motion by a Lévy process, we can also obtain jump-processes in this
way.) In general, it is not possible to solve the equation (1.3) explicitly, thus we do not know the
distribution of the random variable X = f(S) and cannot sample from it. In Chapter 5 we are
going to discuss how to solve SDEs in a numerical way, in analogy to numerical solvers for ODEs
(ordinary differential equations). Then, the option price (1.1) can be computed by a combination of
the numerical SDE-solver (producing samples from an approximation of f(5)) and the Monte-Carlo
method (1.2) (applied to those approximate samples).

If the option under consideration is “Markovian” in the sense that the payoff function only
depends on the value of the underlying at time T, i.e., the payoff is given by f(St), then the option
price satisfies a partial differential equation (PDE).? Indeed, let

u(s, t) = E[f(S7)|S: = 5],

and define the partial differential operator L by

d
Lg(s) = Vog(s) + Z V2g(s),

DN | =

s € R™, where the vector field V is applied to a function g : R® — R giving another function
Vg(s) :== Vg(s) - V(s) from R" to R and V?g(s) is defined by applying the vector field V; to the
function V;g. Moreover, we have

with DV denoting the Jacobian matrix of the vector field V. Then we have (under some rather mild
regularity conditions)
d u(t,s) + Lu(t,s) =0
(1.4) ot e
(T, s) = £(s).
1By this statement we mean that we have a random number generator producing (potentially infinitely many)

random numbers according to the distribution of X, which are independent of each other.
2In fact, we can find such PDEs in much more general situations!




Therefore, another approach to solve our option pricing problem in a numerical way is to use the
well-known techniques from numerics of PDEs, such as the finite difference or finite element methods.
We will present the finite difference method in Section 6.2. We note that a similar partial differential
equation also holds when the SDE is driven by a Lévy process. Then the partial differential operator
L is non-local, i.e., there is an integral term. Note that there are also finite difference and finite
element schemes for the resulting partial integro-differential equations, see [10] and [42], respectively.

There is a very fast, specialized method for pricing European call options (and certain similar
options) on stocks St, such that the characteristic function of log(St) is known (we take St to be
one-dimensional). This condition is actually satisfied in quite a large class of important financial
models. Let ¢ denote the characteristic function of log(St) and let Cr = Cp(K') denote the price
of the European call option with strike price K. Moreover, we denote its Fourier transform by Cr.

Then o )

A T\H —1

Cr (,LL) = V5

i — p?
i.e., we have an explicit formula for the Fourier transform of the option price.?> Now we only need to
compute the inverse Fourier transform, which is numerically feasible because of the FFT-algorithm.
Unfortunately, most options encountered in practise are American options, and the above treated

methods do not directly apply for American options. Indeed, the pricing problem for an American
option is to find

(1.5) sup E[f(S7)],

<T

where 7 ranges through all stopping times in the filtered probability space. So, it is not obvious how
to apply any of the methods presented above.

The book of Glasserman [23] is a wonderful text book on Monte Carlos based methods in
computational finance, i.e., it covers Chapter 2 and Chapter 5 in great detail. On the other hand,
Seydel [55] does also treat Monte Carlo methods, but concentrates more on finite difference and
element methods. Wilmott [60] is a very popular, easily accessible book on quantitative finance.
It covers many of the topics of the course, but the level of mathematics is rather low. For the
prerequisites in stochastic analysis, the reader is referred to @Qksendal [46] for an introduction of
SDEs driven by Brownian motion. Cont and Tankov [9] is the text book of choice for Lévy processes,
and Protter [47] treats stochastic integration and SDEs in full generality.

3For integrability reasons, the above formula is not true. Indeed, we have to dampen the option price, introducing
a damping parameter. For the precise formulation, see Section 7.



Chapter 2

Monte Carlo simulation

2.1 Random number generation

The key ingredient of the Monte Carlo simulation is sampling of independent realizations of a given
distribution. This poses the question of how we can obtain such samples on a computer. We will
break the problem into two parts: First we try to find a method to get independent samples from
a uniform distribution (on the interval ]0,1[), then we discuss how to get samples from general
distributions provided we know how to sample the uniform distribution.

Uniform pseudorandom numbers

Computers do not know about randomness, so it is rather obvious that we cannot get truly random
numbers if we trust a computer to provide them for us. Therefore, the numbers produced by a
random number generator (RNG) on a computer are often referred to as pseudorandom numbers. If
the “random” numbers, say, u1, us, . . . produced by a random number generator, are not random but
deterministic, they cannot really be realizations of a sequence Uy, Us, ... of independent, uniformly
distributed random variables. So what do we actually mean by a random number generator? More
precisely, what do we mean by a good random number generator?

Remark 2.1. Even though the questions raised here are somehow vague, they are really important
for the success of the simulation. Bad random number generators can lead to huge errors in your
simulation, and therefore must be avoided. Unfortunately, there are still many bad random number
generators around. So you should rely on “standard” random number generators which have been
extensively tested. In particular, you should not use a random number generator of your own.
Therefore, the goal of this section is not to enable you to construct and implement a random
number generator, but rather to make you aware of a few issues around random number generation.

Before coming back to these questions, let us first note that a computer usually works with
finite arithmetic. Therefore, there is only a finite number of floating point numbers which can
be taken by the stream random numbers wuq,us,.... Therefore, we can equivalently consider a
random string of integers i1, is,... taking values in a set {0,...,m} with u; = i;/m.! Then the
uniform random number generator producing uy, us, ... is good, if and only if the random number
generator producing i1, %2, ... is a good random number generator for the uniform distribution on
{0,1,...,m—1}. Of course, this trick has not solved our problems. For the remainder of the section,
we study the problem of generating random numbers i1, s, ... on a finite set {0,1,...,m — 1}.

Formally, a random number generator can be defined as follows, see L'Ecuyer [34]:

Definition 2.2. A random number generator is a structure (X, zo,T,G,{0,1,...,m — 1}) where
X is a finite set (the state space), xg € X is the initial state (the seed), T : X — X is a transition

Mnteger is here used in its mathematical meaning not in the sense of a data type.



function, and G : X — {0,...,m — 1} is the output function. Given a random number generator,
the pseudorandom numbers are computed via the recursion

x;=T(x;—1) and 4 :=G(z;) for 1=1,2,....

Remark 2.3. There is an immediate unfortunate consequence of this definition: since X is finite,
the sequence of random numbers (¢;) must be periodic. Indeed, there must exist an index ¢ such
that xzy = x; for some [ < £. This implies that x,,1 = 2741 and so forth. Note that this index ¢ can
occur much later than the first occurrence of iy, = i; for some k' < k! Nonetheless, Definition 2.2
arguably contains all possible candidates for good random number generators.

The following criteria for goodness have evolved in the literature on random number generators,
see L’Ecuyer [34], L’Ecuyer et al. [36], and Glasserman [23]:

Statistical uniformity: The sequence of random numbers iy,1i9,... produced by the generator
for a given seed should be hard to distinguish from truly random samples from the uniform
distribution on {0,...,m — 1}. This basically means that no computationally feasible statisti-
cal test for uniformity should be able to distinguish (¢;);en from a truly random sample. The
restraint to computationally feasible tests is important: since we know that the sequence is
actually deterministic (even periodic), it is easy to construct tests which can make the dis-
tinction. (The trivial test would be to wait for the period; then we see that the pseudorandom
sequence repeats itself.) The requirement of statistical uniformity basically means that we
cannot guess the next number 4;,1 given only the previously realized numbers iy, ...,14;, at
least not better than by choosing at random among {0, ..., m—1}, if we assume that we do not
know the algorithm.? Note that by statistical uniformity we require more than just uniformity
of the one-dimensional marginals. Indeed, for any dimension d we require that sequences of
d-dimensional outputs are difficult to distinguish from truly random sequences according to
the uniform distribution on {0,...,m — 1}d. Of course, this property would be a consequence
of independence of the numbers i1, i, . . ..

Theoretical support: Many properties of random number generators, like the period length and
the lattice structure (or hyperplane property), can be studied at a theoretical level; see e.g the
remarks below about linear congruential generators). RNGs with strong theoretical support
should be used and the others should be avoided. In principle, the optimal approach in choosing
random number generators is to first screen their theoretical properties and then submit to
empirical tests those with convincing theoretical support.

Speed: In modern applications, a lot of random numbers are needed. In molecular dynamics sim-
ulations for example, up to 10*® random numbers might be used (during several months of
computer time). In finance, most applications do not require more than, say, 10° random num-
bers. However, the generation of random numbers is often the bottleneck during a simulation.
Therefore, it is very important that the RNG is fast.

Period length: If we need 10'® random numbers, then the period length of the RNG must be at
least as high. In fact, usually the quality of randomness deteriorates well below the actual
period length. As a rule of thumb it has been suggested that the period length should be one
order of magnitude larger than the square of the number of values used; cf. Ripley [49].

Reproducibility: In order to debug code, for instance, it is very convenient to have a way of
exactly reproducing a sequence of random numbers generated before. (By setting the seed
this is, of course, possible for any RNG satisfying Definition 2.2.)

Portability: The RNG should be portable to different computers. Reliable implementations should
be available for different operating systems and various programming languages.

2There is a stronger notion of cryptographic security which requires that we cannot guess ij+1 even if we are
intelligent in the sense that we do know and use the RNG. In essence, cryptographic security thus means that we
cannot compute the state x; from i1,...,4;. While this property is essential in cryptography, it is not important for
Monte Carlo simulations.



Jumping ahead: By “jumping ahead” we mean the possibility to quickly get to the state x;4,,
given the state x; for large n (i.e., without having to generate all the states inbetween). This
is important for parallelization.

How do RNGs implemented on the computer actually look like? The prototypical class of RNGs
are linear congruential generators (LCG). In the class of LCGs, the state space is X = {0,...,m—1},
the output function is the identity function x; = 4; and the transition map is provided by

(2.1) z141 = (az; + ¢) mod m.

Remark 2.4. Linear congruential generators are very well analyzed from a theoretical point of
view, see Knuth [32]. For instance, we know that the RNG (2.1) has full period (i.e., the period
length is m) if ¢ # 0 and the following conditions are satisfied:

e c and a are relatively prime,
e every prime number dividing m also divides a — 1,
e if m is divisible by 4 then so is a — 1.

Nonetheless, it should be stressed that a high period is only one of the many requirements identified
above. In particular, the requirement of statistical uniformity is very hard to analyse by theoretical
tools alone. The choice of parameters a, ¢, m of an LCG is a largely empirical task, where suites of
statistical tests are run on large sequences of pseudo-random numbers.

Source m a c
Numerical Recipes 232 1664525 1013904223
glibe (GCQC) 232 1103515245 12345
Microsoft C/C++ | 232 214013 2531011
Apple Carbonlib 231 1 16807 0
Java 248 25214903917 11

Table 2.1: List of linear congruential RNGs as reported in [59].

Table 2.1 presents a list of linear congruential RNGs used in prominent libraries. Note that
m = 232 is popular, since computing the remainder of a power of 2 in base-2 only means truncating
the representation.

We conclude this discussion by pointing out a common weakness of all linear congruential RNGs.
Fix d = 1 and consider the sequence of vectors (i;, 441, -..,%+4—1) indexed by [ € N. Note that for
every [ the truly random vector (I, ..., I;;4_1) is uniformly distributed on the set {0,...,m — 1}%.
On the other hand, the pseudorandom vectors generated by linear congruential RNGs fail in that
regard: they tend to lie on a (possibly) small number of hyperplanes in the hypercube {0, ...,m—1}¢;
see Figure 2.1 for an example in d = 2. It has been proved that they can lie at most on (d!m)/¢
hyperplanes, but often the actual figure is much smaller.

One of the most popular modern random number generators as of today is the Mersenne Twister
algorithm®. This RNG produces 32-bit integers, the state space is F3%9%® (in its most popular
version), where Fy denotes the finite field of size two, and the period is 219937 — 1. It is not a linear
congruential generator, but the basis of the transformation map T is a linear map in X — with
additional transformations, though. Note that in this case, the size of the state space (2199%8) is
much larger than the m = 232

Let us finally comment on the parallel generation of random numbers. As we shall see later in
Chapter 2, it is often desirable or even necessary to have the possibility to generate random numbers
on many cores in parallel. Indeed, as a general trend in computing one can observe that computers
are generally no longer accelerated by making processors ever faster, but instead by adding multiple

3 Available at http://www.math.sci.hiroshima-u.ac.jp/~m-mat/MT/emt.html.
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Figure 2.1: Hyperplane property for the linear congruential generator with a = 16807, ¢ = 0,
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cores. This is especially true in graphics processors, where typical GPUs (graphical processing units)
installed on average computers have dozens or even hundreds of cores, which are increasingly used
also for general numerical purposes. In fact, vendors of GPUs are actively promoting these new

applications; see e.g. NVIDIA [45]. * To cite L’Ecuyer et al. [36]:

In highly parallel systems, one may need thousands or even millions of virtual RNGs
which [...] run in parallel without exchanging data between one another, and behave

from the user’s viewpoint just like independent RNGs.

Before continuing, let us have a very cursory look at parallelization in general. Let us consider

a simple program, which runs as a single process on the computer. Such a process can now start
different threads which behave like processes of their own in as much as they can be executed on
different cores in parallel, but have the big distinction that all the threads within a process share
the same memory. This allows them to work with the same data and even use the output of other
threads. As a simple example, think of a for-loop adding all the numbers stored in a very large array
a (of size n): a natural parallelization would be to start [ threads each summing up n/l (distinct)
numbers (say, thread 1 computes a[0] + - - - + a[n/l — 1], thread 2 computes a[n/l] +- - -+ a[2n/l —1],
... ), which are finally added to form the total sum. Hence, shared memory is necessary for successful
parallelization, but it comes with a danger as different threads my end up using the same chunk of
memory in incompatible ways. In general, problems come in the form of a race-condition, when the
output of a process depends on the timing of threads within it, which produces a bug when this

timing is different from the one anticipated by the programmer.

Example 2.5. As an example we consider the following highly simplified (and artificial) example
in the context of RNGs. Let us assume we have one thread (thread 1), which runs an RNG and
puts a random number into a double variable z. Whenever another thread accesses x, thread 1 will
produce a new random number, which is again stored in z. We further have two threads (thread 2
and 3) which use random numbers produced by thread 1 for simulation. Now the intended sequence
of events is that, say, thread 2 picks up the random number stored in z, then thread 1 updates x,
and then thread 3 picks up the updated number in . But in the absence of safety mechanisms, it
could be that thread 3 is too fast, i.e., it accesses = already when thread 1 has not yet updated x,
resulting in threads 2 and 3 using the same random number instead of independent ones.

4One limitation of GPUs as compared to classical CPUs is the rather small amount of rapidly accessible memory,
which puts real restraints on the size of the seed or the dimensionality of the state space in an RNG context.



These problems mainly occur because developers for many decades were not concerned with
parallel execution of code, which only became mainstream in the '90s. Thread-safety is the absence
of any kind of race conditions, guaranteeing the safe execution of parallelized code. It is always
important to check whether libraries or other pieces of code used in a parallel program are thread-
safe!

Now, how can we generate parallel streams of random numbers? Let us describe several possible
ways, along with their advantages and drawbacks:

e Use a central source of randomness for all threads, i.e., one thread produces all the random
numbers for all other threads. As random number generation is often a bottleneck for appli-
cations (especially in a Monte Carlo framework) and data exchange between different threads
is often the bottleneck in parallelization, this simple method is typically not acceptable.

e Use different RNGs for different threads, i.e., either truly different RNGs or the same class
of RNGs but with different parameters. This requires one to have many good parameters /
good RNGs available, and, besides, even if parameters / RNGs are individually good, their
combination may fail the independence requirement. Hence, any such combination needs to
be tested statistically, which makes it cumbersome to use this method for an arbitrary (high)
number of streams.

e Use a single RNG split into equally-spaced blocks. Say we know that we have n threads which
all may require (at most) v random numbers. We use our favorite RNG with seed zg for thread
1. We jump ahead to step v and use the RNG with seed z,, for thread 2. In the same way, each
thread uses the same RNG with seeds obtained by jumping ahead v steps from the seed used
by the previous thread. From a theoretical point of view, this method is most satisfactory,
since good statistical properties of the RNG used imply good statistical properties of the
sequence of streams constructed in that way. However, good RNGs can only be used for this
method when they allow for rapid jumping-ahead. As in most varieties of RNGs the transition
function 7" has the form of a matrix multiplication (say with a matrix A), this means that
there must be a rapid way of computing A", which is often not possible, especially if the state
space X is extremely high-dimensional, such as in the case of the Mersenne Twister. Hence, it
may be simpler to use an RNG constructed by the combination of two simpler RNGs defined
on relatively low-dimensional state spaces. We refer to L’Ecuyer et al. [36] for references on
good RNGs and suitable implementations for this purpose.

e Use one RNG with random seeds. If we have a good RNG with very high period, but bad
jumping-ahead capability like the Mersenne Twister, then we may want to use n copies of
the RNG with n seeds drawn from the state space X with the help of another RNG. While
overlaps between the different streams are possible, they are extremely unlikely. Indeed, if the
period of the RNG is p, then the probability of an overlap is approximately (1 —mnv/p)"~!. For
instance, L’Ecuyer et al. [36] report that this probability is close to 2794 when [ = v = 2%°
and p = 21024, An added benefit of this method is that it is applicable when the number of
random streams is not known beforehand, for instance because new random streams need to
be generated depending on random events.

Finally, let us note that reproducibility may become an issue with parallelization, as the orga-
nization of threads and the assignment of tasks to a thread may be determined at execution time
and may differ between two different executions. Hence, it may be advisable to assign streams at an
abstract level, i.e., to distinct computational tasks instead of individual threads, the number and
speed of execution of which may be hard to predict for the programmer.

Non-uniform random numbers

In many applications, we do not need uniform random numbers, but random numbers from another
distribution. In the Black-Scholes model for instance, the stock price has the following dynamics:

1
St = Spexp <0’BT + (M — 202) T) .



Therefore, the stock price St has a log-normal distribution, while By has a normal distribution.
Thus, there are two ways to sample the stock price: we can either sample from the log-normal or
from the normal distribution.

For the rest of this section, and indeed, the whole text, we assume that we are given a perfect (i.e.,
truly random) RNG producing a sequence Uy, Us, ... of independent U(]0, 1[)-distributed random
numbers. We will present some general techniques to produce samples from other distributions, and
then some specialized methods for generating normal (Gaussian) random numbers. An exhaustive
treatment of random number generation can be found in the classical book of Devroye [13].

We start with a well-known result from probability theory, which readily implies the first general
method for random number generation.

Proposition 2.6. Let F' be a cumulative distribution function and define
Flu)=inf{z|F(z)>u}.

Given a uniform random variable U, the random variable X := F~Y(U) has the distribution function
F.

Proof. By definition of F~! we have F~!(u) < # <= F(z) > u, therefore

Proposition 2.6 is the basis of Algorithm 2.7.
Algorithm 2.7 (Inversion method). Given F~! and U ~ U(]0,1[), return X = F~Y(U).

Example 2.8. The exponential distribution with parameter A > 0 has the distribution function
F(x) = 1 — e % which is explicitly invertible with F~!(u) = —% log(1 — w). Thus, using the fact
that 1—U is uniformly distributed if U is, we can generate samples from the exponential distribution
by

X = —Log)

=3 og(U).

Remark 2.9. If an explicit formula for the distribution function F' is available, but not for its
inverse F~!, we can try to use numerical inversion. Of course, this results in random numbers,
which are samples from an approximation of the distribution F' only. Nevertheless, if the error
is small and/or the inversion can be done efficiently, this method might be competitive even if
more direct, “exact” methods are available.® For instance, approximations of the inverse of the
distribution function ® of the standard normal distribution have been suggested for the simulation
of normal random variables, see Glasserman [23].

Remark 2.10. The transparent relation between the uniform random numbers Uy, ..., U; and the
transformed random numbers X;,..., X; (with distribution F') underlying the inversion method
allows to translate many structural properties on the level of the uniform random numbers to cor-
responding properties for the transformed random numbers. For instance, if we want the random

numbers X1,..., X; to be correlated, we can choose the uniforms to be correlated. Another exam-
ple is the generation of the maximum X* := max(Xy,...,X;). Apart from the obvious solution
(generating X1, ..., X; and finding their maximum), there are also two other possible methods for

generating X* based on the inversion method:

e Since X* has the distribution function F', we can compute a sample from X* by (F!)=1(Uy).
Efficiency of this method depends on the tractability of F'.

e Let U* = max(Uy,...,U;). Then, using the monotonicity of F~!, X* = F~1(U*). Since we
only have to do one inversion instead of [, this method is usually much more efficient than the
obvious method.

5We should note that many elementary functions like exp and log cannot be evaluated exactly on a computer.
Therefore, one might argue that even the simple inversion situation of Example 2.8 suffers from this defect.



e Combining both approaches, we see that the c.d.f. of U* is given by 2!, 0 < z < 1, with inverse
function z'/!. So we obtain one sample from the distribution of U* simply by Ul1 / l, and X*
has the same distribution as F_l(Ull/l).

Next we present another general purpose method, which is based on the densities of the distri-
butions involved instead of their distribution functions. More precisely, let g : R? — [0, o[ be the
density of a d-dimensional distribution, from which we can sample efficiently (by whatever method).
We want to sample from another d-dimensional distribution with density f. The acceptance-rejection
method works if we can find a bound ¢ > 1 such that

(2.2) f(z) <cg(z), xeR4

Algorithm 2.11 (Acceptence-rejection method). Given an RNG producing independent samples X
from the distribution with density g and an RNG producing independent samples U of the uniform
distribution, independent of the samples X .

1. Generate one instance of X and one instance of U.
2. If U < f(X)/(cg(X)) return X Celse go back to 1.

Proposition 2.12. Let Y be the outcome of Algorithm 2.11. Then Y has the distribution given by
the density f. Moreover, the loop in the algorithm has to be traversed c times on average.

Proof. By construction, Y has the distribution of X conditioned on U < c’; (())({)). Thus, for any

measurable set A © R?, we have

cg(X)
F(X
P (X €A U< C;(X)))
B f(X)
P (U S )

We compute the numerator by conditioning on X, i.e.,

P(XeA, U< CJ;((‘))(())> —fRdP<XeA, v< I ‘X—x)g(m)dw
-1, (U < cfg(é))) ol = [ L oteris

= %JA f(z)dx.

On the other hand, a similar computation shows that P (U <

PYeA) = JA f(z)dx.

Moreover, we have seen that the probability that the sample X is accepted is given by 1/c. Since the
different runs of the loop in the algorithm are independent, this implies that the expected “waiting
time” is ¢, the expectation of a geometric distribution with parameter 1/c. O

Naturally, we want ¢ to be as small as possible. That is, in fact, the tricky part of the endeavour.
Exercise 2.2 asks for a method to sample normal random variables starting from the exponential
distribution, which we can sample by Example 2.8.

6Note that P(g(X) = 0) = 0.

10



Example 2.13. The double exponential distribution (with parameter A = 1) has the density g(z) =
1 exp(—|z|) for z € R. Let f = ¢ denote the density of the standard normal distribution. Then

Although the acceptance-rejection algorithm is a very general and exact transformation algo-
rithm, i.e., if fed with truly random numbers it will produce random numbers which are exactly
distributed according to the desired density, it can be quite inefficient if the parameter c is large.
Marsaglia and Tsang [41] have constructed a fast and efficient variant of the acceptance-rejection
algorithm, which is still applicable in the majority of cases. For reasons to become clear later, they
call their algorithm Ziggurat algorithm.

Like in the acceptance-rejection algorithm, the fundamental idea of the Ziggurat algorithm is
based on the principle that sampling from the distribution given by a (say, univariate) density f is
equivalent to sampling a point from the (say, bi-variate) uniform distribution in the area between 0
and the graph of f. The situation would be especially simple if this area was “Ziggurat” shaped, i.e.,
had the form of rectangles (parallel to the abscissa) put on top of each other. In this case, we could
first choose the rectangle at random (according to their respective volumes) and then we would only
have to sample a uniform random number on the lower side of the rectangle — note that the second
coordinate of the chosen random number in R? does not really matter for the acceptance-rejection
method, as long as it is guaranteed that the two-dimensional random variate is below the graph
of the density. Now the idea of the Ziggurat algorithm is simply to approximate the area under
the graph by such a Ziggurat-shaped polygon using tabulated values for the respective density, and
accompany this by a classical acceptance-rejection method for the “remainder” of the area.

More precisely, assume we are given a density f : [0,00[— [0, [ which is monotonically de-
creasing like the density of the exponential distribution. Moreover, fix some n € N and assume we
aregiven a sequence 0 = zg < x1 < --- < &, such that the following condition holds with y; := f(x;),
1=0,...,n:

Q0
(2.3) Ti(Yio1 — Yi) = TnYn +J flx)dr =tv, i=1,...,n—1

Obviously, the values zg, ..., z, depend on the distribution under consideration and on the numer-
ical parameter n. Hence, these values are best treated as pre-computed, tabulated parameters; we
will comment further below.

Equation (2.3) means that the areas of the n—1 rectangles with corners (0, v;), (s, y:), (s, Yi—1)
and (0,y;—1) (denoted by R;),i = 1,...,n—1, are all equal to v, just as the area of the last rectangle
with corners (0,0), (z,,0), (€n,yn) and (0, y,) together with the area below the graph f on [z, o0[.
This surface will be denoted by R,,. Moreover, the area below the graph of f is contained in the
surface | i~ R; composed of all the surfaces described above. Furthermore, we assume that we have
a specialized algorithm for sampling from the tail distribution X ~ f conditioned on X > x,,. See
also Figure 2.2.

Algorithm 2.14 (Ziggurat algorithm). Goal: Sample a random variable X ~ f.

1. Generate i uniform in {1,... ,n}.

2. Ifi =n, go to (6).

3. Generate Uy ~U(0,1) and set x := Uyx;.

4. If x < x;_q return x.

5. Otherwise, generate Uy ~ U(0,1) and set y = y; + Us(yi—1 — vi). If y < f(x) return x; else

go back to (1).
6. Generate Uy ~U(0,1) and set x = vU; /yy,.

11



0 yn yn—l
l

Figure 2.2: Ziggurat algorithm

7. If © < zp, return x. Otherwise, return a sample from the tail distribution X|X > x,,.

Remark 2.15. Most of the time the algorithm stops in step (4), in which case we save one uniform
random number generation and do not even need to evaluate f once. Moreover, it is obvious how
to extend the algorithm to a symmetric or uni-modal distribution.

We round up this discussion with two examples, namely the Ziggurat algorithm for the ex-
ponential and the standard normal distributions. In both cases, the Ziggurat algorithm is highly
competitive in speed.

Example 2.16. For the exponential distribution Exp(1), we can use as tail sample z,, — log U for
U ~ U(0,1). For n = 255 (a typical value), a possible choice of x,, is 7.697 .. . implying v = 0.0039.. .,
which results in an efficiency of 98.9%, i.e., the probability of needing only one iteration of the
algorithm to produce one sample of the target distribution is 98.9%.

Example 2.17. For the standard normal distribution A(0,1), for n = 255, a possible choice of z,,

12



is 3.65. .. implying v = 0.0049 . . ., which results in an efficiency of 99.33%. [41] suggest the following
algorithm for sampling from the tail distribution:

1. Generate Uy, Uy ~ U(0,1).
2. Set z = —log(Uy)/xn, y := —log Us.
3. If 2y > 22, return = + z,, else go back to (1).

We conclude this section by presenting two methods designed specifically for generating standard
normal random numbers. The Boz—Muller method and the polar method are probably two of the
simplest such methods, although not the most efficient ones. A comprehensive list of random number
generators specifically available for Gaussian random numbers is available in the survey article by
Thomas et al. [57].

Algorithm 2.18 (Box—Muller method). 1. Generate two independent uniform randoms num-
bers Uy, Us;
2. Set 0 = 27Uy, p = +/—2log(U1);

3. Return two independent standard normals X1 = pcos(6), X2 = psin(0).

Algorithm 2.19 (Polar method). 1. Generate two independent uniform random numbers Uy, Uy
from the interval | — 1,1[;

2. Set S = U2 + U2;

3. If S < 1, return the independent standard normals
—21In(S) —2In(S)

Yl :Ul S )

and Ys = U,

else, return to 1.

The polar method is more efficient than the Box—Muller algorithm, because it avoids the evaluation
of the computationally expensive trigonometric functions.

Remark 2.20. In order to generate samples from the general, d-dimensional normal distribution
N(u,Y), we first generate a d-dimensional vector of independent standard normal variates X =
(X1,...,X4) using, for instance, the Box-Muller method. Then we obtain the sample from the
general normal distribution by

w+ AX,

where A satisfies ¥ = AAT. Note that A can be obtained from ¥ by Cholesky factorization.

Exercise 2.1. Explain why ¢ in (2.2) can only be greater than or equal to 1. What does ¢ = 1
imply?

Exercise 2.2. Provide a method for generating double exponential random variables using only
one uniform random number per output. Moreover, justify the bound ¢ in Example 2.13.

Exercise 2.3. Show that (X7, X2) generated by the Box—Muller method have the two-dimensional
standard normal distribution.

Hint: Show that the density of the two-dimensional uniform variate (Uy, Us) is transformed to the
density of the two-dimensional standard normal distribution.

Exercise 2.4. Show that (Y7, Y3) generated by the polar method have the two-dimensional standard
normal distribution.

Exercise 2.5. Implement the different methods for generating Gaussian random numbers and
compare their efficiency.
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2.2 Monte Carlo simulation

The Monte Carlo simulation method is one of the most important numerical methods available.
It was developed by giants of mathematics and physics like J. von Neumann, E. Teller, S. Ulam
and N. Metropolis during the development of the H-bomb. A short account of the origins of Monte
Carlo simulation can be found in Metropolis [43]. Today, it is widely used in fields like statistical
mechanics, particle physics, computational chemistry, molecular dynamics, computational biology
and, of course, computational finance! An overview of the mathematics behind the Monte Carlo
method is available, for instance, in the survey paper of Caflisch [6] or, as usual, in Glasserman [23].

The Monte Carlo method

As we have already discussed in the introduction, we want to compute the quantity

(2.4) 1f; X1 =E[f(X)],

assuming only that f(X) is integrable, i.e., I[|f|; X] < o0, and that we can actually sample from
the distribution of X. Taking a sequence X1, X5, ... of independent realizations of X, the law of
large numbers implies that

. 1
(2.5) I[f: X] = lim — Z f(X), P-—as.

However, in numerics we are usually not quite satisfied with a mere convergence statement like
n (2.5). Indeed, we would like to be able to control the error, i.e. we would like to have an error
estimate or bound, and we would also like to know how fast the error goes to zero if we increase M.
Before continuing the discussion, let us formally introduce the Monte Carlo integration error e;; by

M
(2.6) en = enm(f; X) = I[f; X] = In[f; X],  where Ipn[f; X] 1=%Zf(Xi)

is the estimate based on the first M samples. Note that Ips[f; X] is an unbiased estimate for I[f; X
in the statistical sense, i.e. E[Iy[f; X]] = I[f; X], implying E[eprs] = 0. Let us also introduce the
mean square error and its square root, the error in L?, via

(2.7) MSE[Iy] = E[ens(f; X)2]  and RMSE[Iy] = E [en (f; X)?]"7.

The central limit theorem immediately implies both an error bound and a convergence rate provided
that f(X) is square integrable.

Proposition 2.21. Let 0 = o(f; X) < oo denote the standard deviation of the random variable
f(X). Then the root mean square error satisfies

1/2 o

NiTR

Moreover, v/ Men(f; X) is asymptotically normally distributed with standard deviation o(f; X).
That is, for any constants a < b€ R we have

. oa ob
A/lllinocP (\/M <ey < \/M) = ®(b) — P(a),

where ® denotes the cumulative distribution function of the standard normal random variable.

E [en(f; X)?]

Proof. Using the independence of the X,;’s and the fact that In/[f; X] is an unbiased estimator of
I[f; X], we get

}M: EM var 1 o2
E [6?\4] = var (]\14 f(X1)> = 7]\;2 Var(f(XZ)) = % = —.
i=1 i=1 M
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In addition, from the central limit theorem we know that

SMLF(X) — M- If; X)
ovM M—o0

which yields the asymptotic normality of the error. O

N(0,1)

Remark 2.22. Proposition 2.21 has two important implications:

1. The error is probabilistic: there is no deterministic error bound. In other words, for a particular
simulation and a given sample size M, the error of the simulation can be arbitrarily large.
However, large errors only occur with probabilities decreasing in M.

2. The “typical” error, e.g. the root mean square error 4/ E [€3,], decreases to zero like 1/ VM. In
other words, if we want to increase the accuracy of the result tenfold, i.e. if we want to obtain
one more significant digit, then we have to increase the sample size M by a factor 10? = 100.
We thus say that the Monte Carlo method converges with rate 1/2.

Let us now discuss the merits of Monte Carlo simulation. We assume, for simplicity, that X is
a d-dimensional uniform random variable, i.e.,

IUL=IUﬂﬂ=J F()de.

[0,1]4

Observe that the dimension of the space did not enter into our discussion of the convergence rate
and of the error bounds at all. This is remarkable if we compare the Monte Carlo method to
traditional methods for numerical integration. Those methods are usually based on a grid 0 <
1 < T < -+ < xny < 1 of arbitrary length N. The corresponding d-dimensional grid is simply
given by {z1,... 7:IJN}d, a set of size n := N?. The function f is evaluated on the grid points and an
approximation of the integral is computed based on interpolation of the function between grid points
by suitable functions (e.g. piecewise polynomials), whose integral can be explicitly computed. Given
a numerical integration method of order k, the error is then proportional to (1/N )k However, we
have to evaluate the function on n points, implying that the total computational work is proportional
to n rather then N. Therefore, the accuracy in terms of the complexity n, the ratio of the error
relative to the computational work, behaves like n=*/¢. Thus, the rate of convergence in terms of
the computational cost is only k/d, which rapidly decreases in the dimension d. This phenomenon
is known as the curse of dimensionality: methods which are very well suited in low dimensions,
deteriorate very fast in higher dimensions.

The curse of dimensionality is the main reason for the popularity of the Monte Carlo method. As
we will see later, in financial applications the dimension of the state space can easily be in the order
of 100 (or much higher), which already makes traditional numerical integration methods completely
unfeasible. In other applications, like molecular dynamics, the dimension of the state space might
be in the magnitude of 102!

Error control and confidence intervals

Next, we discuss how to control the error of the Monte Carlo method taking its random nature into
account. The question here is, how do we have to choose M, the only parameter available, such that
the probability of an error larger than a given tolerance level € > 0 is smaller than a given § > 0,
symbolically

P(len(f; X)| > ¢€) <.

Fortunately, this question is already almost answered in Proposition 2.21. Indeed, it implies that

P (|eas| > €) :11@(\;% <enm < \;’;7) ~ 1= B(E) + B(—E) = 2 — 20(3),
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where ¢ = /M, g/o. Of course, the normalized Monte Carlo error is only asymptotically normal,
which means the equality between the left and the right hand side of the above equation only holds
for M — oo, which is signified by the “~”-symbol. Equating the right hand side with § and solving
for M yields

(2.8) M= <<I>—1 (2;5»2 ‘;

Thus, as we have already observed before, the number of samples depends on the tolerance like
1/€2.

Remark 2.23. This analysis tacitly assumed that we know o = o(f; X). Since we started the
whole endeavor in order to compute the mean of f(X), I[f; X], it is, however, very unlikely that
we already know the variance of f(X). Therefore, in practice we will have to replace o(f; X) by
a sample estimate. See Exercise 2.6 for a sample estimator of o. (This is not unproblematic: what
about the Monte Carlo error for the approximation of o(f; X)?)

In addition, since the Monte Carlo estimator is a random variable, when computing expectations
via this method it is not very helpful to report just the value In/[f; X]. This estimator is a function
of the sample size M and we do not know how accurate the estimation is unless we also have
information about the sample size. Therefore, it is more meaningful to report the estimator and
some confidence interval.

Definition 2.24. Let Z be a random variable and consider some level @ € (0,1). The 1 — a-level
confidence interval is defined by

[—21-g,21-¢]

such that the critical number z1-g satisfies:
(2.9) P<|Z| <21,%) =1-oq.

The critical number 2o for a given level 1 —«a can be computed from the inverse cumulative
distribution function. Consider, for example, the normal distribution; then we get that

21,% = (I)_l (1 — %)

In particular, using the inverse cdf of the normal distribution, we get that for a = 5% the critical
number equals 1.96, while for o = 1% it equals 2.58.

Now, we can use the asymptotic normality of the Monte Carlo error €, to derive confidence
intervals for Ip/[f; X]. Indeed, using Proposition 2.21 and denoting ey = I — I, we have

1 }P’( 021,% < < 021c2!>
—ar — <ey <
VM M UM

OzZ1_«a OzZ1_a

VM VM

Thus, the 1 — a-level confidence interval for I = I[f; X] is

(210) CIQ[I]\/[] = [IM -

oz1-g 021—3]

771 +
VMM UM

Example 2.25. We consider the Black—Scholes—Samuelson model, where the dynamics of the un-
derlying asset have the form

(2.11) 48, = rS,dt + 0S,dW,, Sp=se Ry,
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where W is a standard Brownian motion, while we assume we are already under the martingale
measure. We want to compute the price of a European call option with payoff function

(2.12) f(Sr) = (ST — K)*,

together with the 95% and 99% confidence intervals. Algorithm 1 contains pseudo-code for the
Black—Scholes formula for a European call, while Algorithm 2 contains pseudo-code for the compu-
tation of the Monte Carlo price and the RMSE. An outcome of this example is shown in Figure 2.3,
where the Monte Carlo price for different sample sizes together with the corresponding confidence
intervals are plotted together with the Black—Scholes price. One should notice how the Monte Carlo
price converges to the Black—Scholes price and how the confidence intervals shrink as the sample
size M increases.

Algorithm 1 Pseudo-code for the Black—Scholes formula
input: Sy, K,T,7,0

dy — (log (So/K) + (r + 02/2) - T)/(0 - V/T)

dz « (log (So/K) + (r — 0/2) - T) /(o -\/T)

price < Sy - ®(dy) — K -e T - ®(dy)

output: price

Algorithm 2 Pseudo-code for MC simulation in the Black—Scholes model
input: Sy, K,T,r,0, M

W «— M independent samples from the standard normal distribution
S «— S0-exp(oc-VT-W + (r—0c%/2)-T)

C — exp(—r-T)-max{S — K, 0}

price — sum{C}/M

varest < sum{(price — C')?}/(M — 1)

rmse < 4/varest/M

output: price, rmse

 BSprice
- MCoprice
L T [ — 95% Cl
99%CI

T T T T T T T T T T T T T T T T T T T T T T T
2 25 3 35 3 45 5 55 6 65 7 75 8 85 9 95 10 105 11 115 12 125 13 135 14
log(M)

Figure 2.3: Convergence of the Monte Carlo price of a European call option to the Black—Scholes
price as a function of the sample size M, together with the 95% and 99% confidence intervals.

17



Variance reduction

Although there are no obvious handles on how to increase the convergence
rate in Proposition 2.21, we might be able to improve the constant factor in S
the RMSE by reducing the variance o(f; X)? = var(f(X)). The idea is to R
obtain, in a systematic way, random variables Y and functions g such that .~ "~
E[g(Y)] = E[f(X)], but with smaller variance var(g(Y)) < var(f(X)). Tl s
Inserting o(g;Y) = 4/var(g(Y)) into (2.8) shows that such an approach Tty
will decrease the computational work—proportional to the number of N
trajectories—provided that the generation of samples from ¢(Y) is not T
prohibitively more expensive than the generation of samples from f(X).
This leads then to a faster numerical scheme, since the same error can be Figure 2.4: Improved
achieved with fewer samples. convergence rate vs.
A pictorial representation of the potential improvement is available in  jyproved constant.
Figure 2.4, where the log-error (y-axis) is plotted against the log-number
of samples (x-axis). The convergence rate of the Monte Carlo method is
depicted with the solid line with slope % An improved convergence rate would lead to a line with
different slope, e.g. the dashed line with slope 1 in the figure above. On the other hand, an improved
constant leads to a parallel shift of the line with slope %, see the dotted line in the figure above.

Antithetic variates

Let us start with the following simple observation: If U has the uniform distribution, then the
same is true for 1 — U. Similarly, if B has the d-dimensional normal distribution, then so does —B.
Therefore, these transformations do not change the expected value E[f(X)], if X = U or X = B.”
In general, assume there exists a (simple) transformation X having the same law as X, such that a
realization of X can be computed from a realization of X by a deterministic transformation. Define
the antithetic variates Monte Carlo estimate by

~

M
(2.13) I f; X] 2 JX0) + (X

Since E[(f(X;) + f(X:))/2] = E[f(X)], (2.13) is another unbiased estimator for I[f; X]. If we
assume that the actual simulation of (f(X;) + f(X;))/2 takes at most two times the computing
time as the simulation of f(X;), then the computing time necessary for the computation of the
estimate I3,[f; X] does not exceed the computing time for the computation of Iops[f; X].® Then,

the application of antithetic variates makes sense if the mean square error of I [f; X] is smaller
than the MSE of Iny[f; X], d.e. if

FX)+F(XD)
( ’ ) _ var(£(X,))
M 2M '

This is equivalent to var(f(X;) + f(X;)) < 2var(f(X;)). Since var(f(X;) + f(X;)) = 2var(f(X;)) +
2cov(f(X;), f(X;)), antithetic variates can speed up a Monte Carlo simulation if and only if

(2.14) cov (f(X), f(X)) <0.

In other words, the antithetic variates Monte Carlo method should be used when the negative
dependence between the input variables X and X (think of U and 1 — U or B and —B) produces

7Since many random number generators for non-uniform distributions are based on uniform ones, we can often
view our integration problem as being of this type.

8Since we only need to sample one random number X; and obtain X; by a simple deterministic transformation,
in many situations it is much faster to compute (f(X;) + f(X;))/2 than to compute two realizations of f(X;).
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also negative dependence between the output variables f(X) and f ()? ). A simple, sufficient condition
for the latter is the monotonicity of the function f that maps inputs to outputs.

The calculations above yield also the following decomposition for the MSE of the antithetic
variates Monte Carlo method:

cov (£(X), £(X))

(2.15) MSE[I3;] = MSE[oa] + i

In other words, the improvement over the standard Monte Carlo method, if any, comes in the form
of an additive factor (which obviously tends to zero as M — o0). The larger the negative dependence
between f(X) and f(X), the larger this factor as well, for fixed M.

Remark 2.26. Exercise 2.9 asks the reader to justify the application of the antithetic variates
Monte Carlo method for pricing a European call option in the Black—Scholes model, theoretically
and by computing the sample covariance. Once the sample estimator for the covariance is coded,
one could notice that the speed-up factor depends on the strike K (all other parameters equal), and
is larger for deep-in-the-money options, i.e. for K — 0.

Control variates

Assume there exists a random variable Y and a functional g such that we know the exact value of
I[g; Y] =E[g(Y)]. (Note that we allow for Y = X.) Then obviously

I X =E[f(X) = Ag(Y) = I[g; Y]],

for any deterministic parameter A. Thus, a Monte Carlo estimate for I[f; X] is given by

M
(216) I XY = 1 D) (7060 = Ag(¥)) + Allg: V],
i=1

where (X;,Y;) are independent realizations of (X,Y"). Similar to the situation with antithetic vari-
ates, we may assume that the simulation of I AC/‘[ f] takes at most ¢ times the computing time of the
simulation of Ip/[f], where ¢ > 1 often is quite small, especially if X =Y. We are going to choose
the parameter A such that var(f(X) — Ag(Y)) is minimized. A simple calculation yields that

var(f(X) — Ag(Y)) = var(f(X)) — 2Acov(f(X),g(Y)) + A var(g(Y)),

which is minimized by choosing A to be equal to

cov(f(X),9(Y))
var(g(Y))

Applying Proposition 2.21, we get that the mean square error for the standard and the control
variates Monte Carlo simulations compare as follows:

(2.17) A =

(2.18) MSE[I5] = = MSE[I],

where p denotes the correlation coefficient between f(X) and ¢g(Y). In other words, the improvement
of the control variates Monte Carlo simulation over the standard Monte Carlo method comes in the
form of a multiplicative factor. Assuming that the computational work per realization is ¢ times
higher using control variates, (2.8) implies that the control variates technique is 1/(c(1 — p?))-times
faster than standard Monte Carlo. In particular, the improvement in speed from the use of control
variates is larger as the correlation between f(X) and g(Y") becomes higher. If, for example, p = 0.8
and ¢ = 2 the speed-up factor equals 1.38, while if p = 0.95 the speed-up factor equals 5.

Remark 2.27. We can determine the optimal factor A\* only if we know cov(f(X),g(Y)) and
var(g(Y)). If we are not in this highly unusual situation, we can use sample estimates instead—see
Exercise 2.6—obtained by (standard) Monte Carlo simulations with a smaller sample size.
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A natural question now is how to find, or construct, good control variates. There does not exist
a general answer since these are typically specified by the problem at hand. However, in option
pricing the underlying asset provides a virtually universal source of control variates, because

(2.19) e "TE[S] = So

for every ¢ > 0, assuming that E denotes the expectation with respect to a martingale measure.
Moreover, simple options that admit a closed-form solution can be used as control variates for
the pricing of more complex derivatives, see e.g. Exercise ...with geometric and arithmetic Asian
options. In additions, simple models can be used as control variates for option pricing in more
advanced models; for example, the Black—Scholes model can serve as control variate for stochastic
volatility models.

Example 2.28. Assume we want to compute the price of an option with payoff f(Sr) and we are

given a sample Sk, ..., SM from the law of Sy. The control variates Monte Carlo estimator takes
the form
(2.20) I f:50) = = Z{ /\*ST} + A*So,

where A\* can be also replaced by the sample estimator \},. The interest rate is set to zero, for
simplicity. If f(St) = (ST — K)¥, i.e. we are pricing a call option, then

. cov (St — K)*, Sr)
(2.21) At = S :

and the efficiency of the control variate depends, essentially, on the strike K (all other parameters
equal). In particular, for K = 0 we obviously have perfect correlation and the method is very
effective. On the other hand, for deep out-of-the-money options (i.e. for large K) the correlation
becomes quite low and the effectiveness of the method deteriorates.

Stratified sampling

The main principle of stratified sampling is to partition the sample space into disjoint subsets,
called strata, and to constrain the number of samples selected from each stratum. Let Aq,..., AL
be disjoint subsets of R? such that P(X € u;A;) = 1. Then, using the law of total probability, we
can estimate f(X) as follows

L
(2.22) Z X)X e AJP(X € 4)) = Z nE[f(X)|X € A,

where p; = P(X € A);). In the standard Monte Carlo method, we generate Xi,..., X which
are independent and distributed identically to X, and the fraction of samples that belong to each
stratum A; is in general not equal to p;, although it converges to p; as M — oo. In contrast, in
stratified sampling we preselect what fraction of samples should belong to each stratum, and every
sample drawn from A; has the distribution of X conditional on X € A;.

Let M denote the total size of the sample. For every [ = 1,... L, let q = % denote the
fraction of observations from the stratum A;, and X, k = 1,..., M;, be i.i.d. realizations from the
distribution of X conditional on X € A;. An unbiased estimator for the expectation in the RHS of
(2.22) is provided by the sample average, i.e. by ﬁl Zﬁﬁl f(Xi). Therefore, the stratified sampling
estimator takes the form

L M, L M,
(2.23) LELX] = Ymigs 2 (Xi) = M 2 f;i 2 (Xux)-
=1 k=1 =1 k=1
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Remark 2.29. The strata can also depend on another variable Z, called the stratifying variable,
which is possibly dependent on X. In that case, the estimator has the same form, i.e.

Zl: f(Xu),

where now p; = P(Z € A;) and (Xj;) are i.i.d. realizations from the distribution of X conditional
on Z € A;. We will use this more general formulation from now on.

»Q"E

L
(224) B X = 5 )
=1

Therefore, in order to effectively implement a stratified sampling estimator we should select
and optimize the following variables: the stratification variable Z, the strata A;,..., Ay and the
allocations My, ..., My,. Moreover, we should also know how to efficiently sample from the law of
(X, Z) conditional Z € A;.

Let us now compare the variance of the stratified sampling estimator with the variance of the
standard Monte Carlo estimator. We will use the following notation:

(225) i =E[f(Xw)] =E[f(X)|Ze A] and of = var[f(Xu)] = var[f(X)|Z € A]],

and then the variance of the stratified sampling estimator, using the proportional allocation q; = py,
is provided by

(2.26) var ( I}\S/IT = Zplal

On the other hand, the variance of the standard Monte Carlo estimator equals var(Ips) = var(f(X))/M,
where

PE[f(X)*|Z € Aj] - (ZPZE |Z€A]>

2
ACARNTY (ZPWI) .

Therefore, the MSE of the stratified sampling Monte Carlo estimator admits the following decom-
position:

L
(2.27) = > n

L L 2
1
(2.28) MSE[I3] ] = MSE[Iy/] + — 2 i = 57 (Z plm> :
=1

therefore any potential improvement over the standard Monte Carlo method comes in the form of
an additive factor again. Now, Jensen’s inequality yields that

L L 2

ZPZMQ = <Z Plﬂl) )

=1 =
therefore stratified sampling Monte Carlo with proportional allocation leads to a reduction of the
variance of the estimator.

One can achieve a further reduction of the variance by optimizing the allocations, i.e. by selecting

the fractions ¢; such that the variance of the estimator is minimized. The variance of the stratified
sampling estimator in general has the form

L
var I = Z

‘ ’U

21



and minimizing this quantity subject to the constraints ¢; € (0,1) and ), ¢; = 1 leads to the optimal
allocation provided by

q* _ bioy
! kakak

The variance of the estimator with the optimal allocation equals then

2
oo 1 (s

var (I}EIT’ ) = i (Z pmz) .
=1

Using Jensen’s inequality once again and comparing with (2.26) we observe that optimizing the
allocations leads to a further reduction of the variance.

Remark 2.30. Similar to other methods, the variances o; are typically not known explicitly. One
could then use sample estimators with a smaller sample size to compute ¢; and then use the
estimated optimal allocations in a second simulation run.

Importance sampling

Importance sampling is related to the acceptance-rejection method and also to Girsanov’s theorem
(or changes of measures). The idea is to sample more often in regions where the variance is higher,
thus increasing the sampling efficiency. Assume that the underlying random variable X has a density
p (on R%). Moreover, let ¢ be another probability density. Then we can obviously write

131 = [ s@wters = [ 025 awite = B[ 100253 | < 1| 12y |

where Y is a d-dimensional random variable with density ¢. The quantity p/q is called the likelihood
ratio or the Radon—Nikodym derivative. Thus, a Monte Carlo estimate for I[f] is given by

(2.29) zwwm—lfﬂm“m—fppﬂ

' MU T M ST () M e

As usual, a possible speed up is governed by the variance of f (Y)%, which is determined by
p(Y) - P\ _ p(X)

(2.30) var (f(Y)q(Y)> +1I[f;X)*=E l(f(y)q(y)> =F [f(X)Qq(X)] .

So how do we have to choose ¢? Assume for a moment that f > 0 itself. Take ¢ proportional to
f - p. Then, the new estimator is based on the random variable

p(Y)

f)y=——==1

V)
thus, the variance is zero! Of course, there is a catch: ¢ needs to be normalized to one, therefore in
order to actually construct g, we need to know the integral of f - p, i.e., we would need to know
our quantity of interest I[f]. However, we can gain some intuition on how to construct a good
importance sample estimate: we should choose ¢ in such a way that f - p/q is almost flat.

Conclusions

Comparing the three methods of variance reduction presented here, we see that antithetic variates
are the easiest to implement, but can only give a limited speed-up. On the other hand, both control
variates and importance sampling can allow us to use very specific properties of the problem at
hand. Therefore, the potential gain can be large (in theory, the variance can be reduced almost
to zero). However, this also means that there is no general way to implement control variates or
importance sampling.
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Exercise 2.6. Show that an unbiased estimator of o2(f; X) is

1 M

1 Z (f(Xi) - IM[f§X]>2

i=1

(2.31) ot (fi X) =

and an unbiased estimator of cov(f(X),g(Y)) is

M

> (£06) = Ll 3 X7) (9(4) = Iualg: Y1 ).

i=1

1
M-1

(2.32) covar (f(X),9(Y)) =

Exercise 2.7. Compute the price of a European call option in the Black—Scholes model using
Monte Carlo simulation, as well as the 95% and 99% confidence intervals. Study the convergence
and the asymptotic normality of the error. Then, use (2.8) for a more systematic approach.

Exercise 2.8. Compute the expected value of 1/y/U for a uniform random variable U using Monte
Carlo simulation. Study the speed of convergence and whether the errors are still asymptotically
normal.

Hint: This exercise shows that if we want to compute the expected value of an integrable random
variable, which is not square integrable, the above analysis does not apply.

Exercise 2.9. Compute the price of a European call option in the Black—Scholes model using the
antithetic variates Monte Carlo method. Justify why the method works

(i) numerically, by computing the sample covariance;
(ii) theoretically, by showing that the map from inputs to outputs is monotone.

Exercise 2.10. Compute the price of a European call option in the Black—Scholes model using
the control variates Monte Carlo method where the underlying price is the control. Study how
the efficiency of the method depends on the strike price and compare the convergence rates with
Exercises 2.7 and 2.9.
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Chapter 3

Deterministic integration
techniques

3.1 Quasi Monte Carlo simulation

Monte Carlo simulation provides a method to compute numerically integrals of the form
(3.1) I[f] = f f(z)dx.
[0,1]¢

In fact, by composition with the inverse of the distribution function, all the integration problems in
the previous section were of the form (3.1). This means that we use the approximation

1 M
(3:2) Julfl =7 > Fla),
i=1

where the z; € [0,1]% are chosen in such a way as to mimic the properties of a sequence of inde-
pendent uniform random variates. However, they are, in fact, still deterministic. The idea of Quasi
Monte Carlo (QMC) simulation is to choose instead a deterministic sequence x; € [0,1]¢ which is
especially “evenly distributed” in [0, 1]¢. Figure 3.1 shows samples in [0,1]? as generated from a

Figure 3.1: Pseudo random samples in [0, 1]? (left picture) versus quasi random ones (right picture)

uniform (pseudo) RNG. We can see a lot of clumping of the drawn points. This is not a sign of a bad
RNG: indeed, for truly random realizations of the uniform distribution on [0, 1]*> we would expect a
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similar kind of clumping. However, it is easy to see that it should be possible to construct sequences
(x;) with much less clumping, see again Figure 3.1. So, in some sense the idea is to replace pseudo
random numbers by “more evenly distributed” but deterministic sequences.

For more information on Quasi Monte Carlo methods, we refer to Glasserman [23] and the survey
articles by Caflisch [6] and L’Ecuyer [35].

Discrepancy and variation

In order to proceed mathematically, we need a quantitative measure of “even distribution”. This
measure is provided by the notion of discrepancy. Let A denote the restriction of the d-dimensional
Lebesgue measure to the unit cube [0, 1]¢, i.e., the law of the uniform distribution. Now consider a
rectangular subset R of [0,1]%, i.e., R = [a1,b1[x -+ x [ag,bg[ for some a; < by, ..., ag < bg. Then
for a given sequence ; € [0,1]? we can compare the Monte Carlo error for computing the volume
of the set R using the first M elements of the sequence (z;) and get

j%#u<i<Mw%eRy—Mm.

This is the basis of the following two (supremum-norm type) definitions of discrepancy.

Definition 3.1. The discrepancy Dys of a sequence (x;)sen (or rather of its subsequence (z;)M,)
is defined by

1
Dy = sup #{1<i<M:xieR}—/\(R)’.
rR |M
The star-discrepancy D%, is defined similar to Dy, but the supremum is taken over only those
rectangles containing the origin (0, ...,0), i.e.,

d

R = X[Ovbj[a bla"'7bde[031]}‘

D}'\}zsup{'M#{l 1<M:xieR}>\(R)‘
j=1

The quality of the quadrature rule (3.2) will depend both on the uniformity of the sequence
(measured by some form of discrepancy) and on the regularity of the function f. For Monte Carlo
simulation, we only needed the function f to be square integrable, and the accuracy was determined
by the variance var(f(X)). Error bounds for Quasi Monte Carlo simulation will generally require
much more regularity. One typical measure of regularity is the following.

Definition 3.2. The variation in the sense of Hardy-Krause is recursively defined as follows: for a
one-dimensional function f : [0,1] - R

d
Vi = [ ||
and! for a function f: [0,1]¢ > R
_ af (0]
V[f]_f()l]d oxr! é’xd dx+ZV ’ 7

where fl(j) denotes the restriction of f to the boundary z/ = 1, i.e.
FO 0,117 SR st oz flay, e ay =1, ,2a), je{l,....d}

The convergence of the Monte Carlo estimator to the true value follows from the law of large
numbers, however the same argumenation does not apply for the Quasi Monte Carlo method since
the sequence (z;) is deterministic. The following result, combined with sequences of low discrepancy,
justifies the convergence of Jy/[f] in (3.2) to I[f].

1If the integral is not defined, because the function f is not smooth enough, we set V[f] = oo.
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Theorem 3.3. For any integrable function f :[0,1]% — R the Koksma-Hlawka inequality holds:

L] = Iulf1l < V1D

Remark 3.4. The Koksma-Hlawka inequality is a deterministic upper bound for the integration
error, a worst case bound. In contrast, for the Monte-Carlo method, we only got probabilistic
bounds (see Proposition 2.21), which could be seen as bounds for the average case. However, while
the Monte-Carlo bounds are sharp, the error estimate given by the Koksma-Hlawka inequality
usually is a gross over estimation of the true error. Indeed, even the basic assumption that f e C?
turns it useless for most financial applications. Fortunately, Quasi Monte Carlo works much better
in practice!

In the literature, one can find other measures of variation and discrepancy, which together can
give much better estimates than the Koksma-Hlawka inequality. The interested reader is referred
to L’Ecuyer [35] and the references therein. Still, the good performance of Quasi Monte Carlo
methods in practice seems to defy theoretical analysis.

We give the proof of the Koksma-Hlawka inequality in a special case only (the extension to the
general case is left as an exercise).

Proof of Theorem 3.3 for d = 1. Assume that f € C*([0,1]). Then for any 0 < < 1 we have

1@) = 1) = | P00

We insert this representation into the quadrature error

HLf] = Imlf]l =

Lo i | [ dd
— ") 13, — "(t)1
W 2 J, SO || 0w

1 1 M 1
L f'@) [M ;1 1)z, 17(t) — J 1)z (75)0%1 di

0

<L |/ (t)] dt

0

| M 1
Vi 2 1po,e(xi) — J 1o, (z)dx
im1

*
sD]VI

< V[f]D%,. O

Sequences of low discrepancy

According to Theorem 3.3, the QMC method will perform well when the star discrepancy of the
quasi-random sequence is small and converges to zero as the sample gets larger, which leads to
sequences of low discrepancy.

Definition 3.5. We say that a sequence (z;):en, 7; € [0, 1]%, has low discrepancy, if

log(M)?
D;kvj < Cw.
We give a few examples of sequences of low discrepancy.

Example 3.6. Choose a prime number p (or more generally, an integer p > 2); this is the basis.
Compute, for every k € Ny, the coefficients a;(k), j = 0, in basis p, i.e. the p-ary expansion of k

k= Z a;(k)p’.

Jj=0



Define the map v, : Ng — [0, 1] by

o0
Z ijrl )

Then, the Van der Corput sequence is the one-dimensional sequence x; = 1¥,(i), 7 € Ny.
Example 3.7. Let the basis p = 2 and consider the integer k¥ = 7. The 2-ary expansion of 7 is

7 =204+ 2! + 22 thus the coefficients are ag(7) = a1(7) = a2(7) = 1. Then, using the map 1o we
get that

a;(7) _ 7
Vo (7) = Z i =g el
3=0
Example 3.8. The Halton sequence is a d-dimensional generalization of the Van der Corput
sequence. Let pi,...,pq be relatively prime integers. Define a d-dimensional sequence by z; =
(zl,....28), i€ Ny, with ! =4, (i), j =1,...,d.

79

Additionally, there are several other prominent families of sequences with low discrepancy, like
the Sobol or Faure sequences.

Remark 3.9. When we work with RNGs, we do not have to define extra multi-dimensional RNGs.
Indeed, if (X;);en is a sequence of independent, uniform, one-dimensional random numbers, then
the sequence

(X(ifl)dJﬁla s ’Xid)ieN

is a sequence of d-dimensional, independent, uniform random variables. On the other hand, if
we take d-tuples of a one-dimensional sequence of low discrepancy, we cannot hope to obtain a
d-dimensional sequence with low discrepancy, see Figure 3.2.

Remark 3. 10 Clearly, a very evenly spaced (finite) sequence is given by taking all the (n + 1)¢

points {O , n, ceey 1}d for some fixed n € N. However, we would like to have a sequence of arbitrary
length: we Want to compute estimates Jy[f] increasing M until some stopping criterion is satisfied —
and, of course, this is only feasible if updating from Jys[f] to Jar+1[f] does not require to recompute
M +1 terms. Using the tensorized sum above, we can only compute J(,1y«[f], since Jas[f] would
probably give a very bad estimate for M < (n + 1)¢ and would require recomputing the whole sum
for M > (n+1)?, unless we refine the grid taking n — 2n, which increases M by a factor 2¢. Thus,
taking a regular tensorized grid is not feasible.

Consider a sequence of low discrepancy. Then the Koksma-Hlawka inequality, when applicable,
implies that the quadrature error satisfies

(33) 171 = )| < Y0 los 0

i.e., the rate of convergence is given by 1 — ¢, as compared to the meagre 1/2 from classical Monte
Carlo simulation. This is indeed the usually observed rate in practice, however, this statement should
be treated with care: apart from the regularity assumptions of the Koksma—Hlawka inequality, let us
point out that log(M)4/M » M —1/2 for all reasonably sized M even in fairly moderate dimensions
d; see also Figure 3.3. For instance, in dimension d = 8, we only have

log(M)?/M < M™% for M > 1.8 x 10%°.

Remarks on Quasi Monte Carlo
Low dimensionality

It is generally difficult to construct good sequences of low discrepancy in high dimensions, i.e. for
d » 1. Indeed, even for the available sequences, it is usually true that the “level of even distri-
bution” often deteriorates in the dimension in the sense that, e.g., the projection on the first two
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Figure 3.2: Pairs of one-dimensional Sobol numbers

coordinates (z},7?);eny will often have better uniformity properties than the projections on the last
two coordinates (x;l_l, xf) Moreover, the theory suggests that functions need to be more and more
regular in higher dimensions. So why does QMC work so well especially in higher dimensions?

One explanation is that many high-dimensional functionals f, especially those used in finance,
often depend mostly on few dimensions, in the sense that in an ANOVA decomposition (of f into
functions depending only on a few coordinates)

d
flzt, .. 2% = Z Z Flivenin) (gin | giny
k=0

(i1 <ia<--<ip)e{l,...,d}"
the functions f(1-%) with big k only contribute little to the values of f. In many cases, the
“low-dimensionality” of a function f can be improved by applying suitable transformations, thus
improving the accuracy of the Quasi Monte Carlo method.

Randomized QMC

We have seen before that the QMC method generally converges faster than plain Monte Carlo
simulation, but lacks good error control. On the other hand, the Monte Carlo method allows for
very good error controls (with only very little before-hand information necessary), even though
these are only random. So why not combine Monte Carlo and Quasi Monte Carlo?

Let 2 = (2;)ien denote a sequence of low discrepancy in dimension d. We can randomize this
sequence, for example by applying a random shift, i.e., for a d-dimensional uniform random variable
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Figure 3.3: Comparison of the theoretical convergence rate for the Monte Carlo and Quasi Monte
Carlo methods, up to dimension three. We can observe that, for a relatively small number of
simulations (up to 10%), MC converges faster (in theory) than QMC in dimension 3.
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Figure 3.4: A call option in the Black-Scholes model using Monte Carlo and Quasi Monte Carlo
simulation. Red: MC simulation, blue: QMC simulation, black: Reference lines proportional to 1/M
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Figure 3.5: An Asian option using Monte Carlo and Quasi Monte Carlo simulation (Solid lines:
QMC simulation, dashed lines: MC simulation; Red: normal simulation, blue: antithetic variates,
green: control variates, black: references line proportional to 1/M.

Other possible randomizations are presented in L’Ecuyer [35]. Let Ja/[f; X] denote the QMC esti-
mate (3.2) based on the randomized sequence X, that is

Julf Z (i + U (mod 1)).

Now fix a number m € N and generate m independent realizations X; of X by sampling m inde-
pendent realizations U; of U, 1 < I < m. Then we estimate I[f] by the randomized Quasi Monte
Carlo (RQMC) estimate

Ms

flx; + U (mod 1)).

(35) ‘]J\I};m[f] = %

||M§

1 m

X]. =—
ulfiXi) = — ;
Now we can use the sharp error estimate of Proposition 2.21 based on var(Jp[f; X]), that is

var(Jy [ f; X])

By the good convergence of the QMC estimator Jys[f], we can expect Jys[f] to be close to I[f] for
most realizations X. Thus, var(Jas[f; X]) will be small. This means that, from the point of view
of the Monte Carlo method, RQMC can be seen as another variance reduction technique! L’Ecuyer
[35] reports tremendous improvements of the variance as compared to the plain MC or even MC
with traditional variance reduction.

l

Il
—

RMSE[J}%.,.] =

Remark 3.11. How should we divide the computational work between m and M? The purpose
of m is mostly to compute the error estimate, whereas M controls the error itself. Therefore, in
applications m should be chosen quite small, L’Ecuyer suggests m < 25. On the other hand, for
theoretical purposes, e.g., for comparison of RQMC to other methods, the error control might be
more important and might require higher m.
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Exercise 3.1. Solve Exercises 2.7, 2.9, 2.10 using Quasi Monte Carlo simulation. Report the results
and compare the speed of convergence with the one obtained by Monte Carlo simulation.

Exercise 3.2. Solve Exercise 2.7 using RQMC. Report the results and the reduction in the variance.

31



Chapter 4

Sample path generation

4.1 Brownian motion

The generation of sample paths from a stochastic process is the topic of the next section. On the
one hand, a stochastic differential equation (SDE) describes the dynamics of a stochastic process
in terms of a generating signal, usually a Brownian motion or, more generally, a Lévy process.
Thus, in order to solve SDEs numerically we shall first discuss how to (effectively) sample from the
driving signal. On the other hand, the generation of sample paths is important for the pricing of
path-dependent options, e.g. Asian or barrier options.

In what follows, B denotes a one-dimensional Brownian motion. This restriction is imposed
purely for convenience: all the methods hold, mutatis mutandis, also for a multi-dimensional Brow-
nian motion.

Clearly, we cannot sample the full path (Bt)te[oj], since it is an infinite-dimensional object.
Instead, we concentrate on a finite-dimensional “skeleton” (B, ..., B, ) based on a partition 0 =
tg <t < - <ty =T of the interval [0,T]. If we need an approximation to the true sample
path, we can interpolate — note that interpolation makes the path non-adapted! For instance, if we
want to simulate the payoff of a path-dependent option (in the Black-Scholes model), we can use
interpolation of the sample path of the underlying Brownian motion to compute the exact payoff
given by the interpolated finite-dimensional sample, or we can compute an approximate payoff
directly from the sample. (In many cases, the two alternatives will actually coincide, think of Asian
options, where the first method using linear interpolation of the finite sample coincides with a
trapezoidal approximation of the integral.)

Example 4.1. We can, of course, sample from the paths of the stock prices S in the Samuelson
model by applying any of the sampling techniques for the Brownian motion and then transforming

via
o2
Sy = Sp exp (aBt + (u — 2) t) .

4.1.1 Cholesky factorization

The first method for generating sample paths from the finite dimensional skeleton (B, ,..., By, ) is
based on the following property of Brownian motion:

. 17]_ . . . . .
1y ) ) 79 ) X0 ) x T
(B, By,) ~N(0,Y), with % = min(t;,t;), 1<i,j<n

n

Moreover, in Remark 2.20 we have indicated how to sample from a general, multi-dimensional Gaus-
sian distribution: given n independent one-dimensional normal random variables X = (X,..., X,,),
we obtain an n-dimensional normal random vector with covariance matrix ¥ by AX, where ¥ =
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AAT . In this particular case, it is easy to find the Cholesky factorization A by

Vi 0 0

Vh V-t ... 0
(4.1) A=, : , .
Vi V=t V=T

4.1.2 Random walk approach

1.0 T T T T
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Figure 4.1: Brownian motion simulated using the random walk approach

An alternative way to sample (By,,...,B:, ) is using the independence of the increments of
Brownian motion. Indeed, By, can be directly sampled. Given By, , we have B;, = By, + (B, — B, ),
where the two summands B;, and By, — By, are independent of each other and both have a normal
distribution. We continue iteratively until we reach B;, = By, , + (B, — By, _,). Thus, we have
seen that we only have to sample the increments AB; = By, (= By, — By,), ABy := B, — By,
...AB, =B, — B Denoting Aty = t1, Aty ==ty — t1, ..., Aty == t, — t,_1, this is achieved
by

(4.2) ABy = /At X1, ..., AB, = /Dt X,

where X again denotes an n-dimensional standard normal random variable. A closer look at the
simulation using the Cholesky factorization (4.1) and the simulation of the increments (4.2) shows
that both methods give exactly the same samples from the Brownian motion if we start with the
same standard normal sample X. Thus, (4.2) (with the additional summation of the increments
AB) can be seen as an efficient implementation of the matrix multiplication AX.

n—1"
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4.1.3 Brownian bridge construction

Instead of starting with the first random variable B;,, let us start with the last one, By, = Br ~
N(0,T). Obviously, we can directly sample from this random variable. Next fix some k such that
tr ~ T'/2. We want to continue by sampling By, . But how? We cannot proceed by considering the
corresponding increment, as before. However, the conditional distribution of B, given B, is well
known as Brownian bridge'. Indeed, let u < s < t, then the conditional distribution of B, given
that B, = x and B; = y is

(4.3) (Ba|Bu = 7, By — 1) ~/\/_<(t s)x + (s u)y’ (s —u)(t s)) 7
t—u t—u
see e.g. Karatzas and Shreve [30, §5.6B]. Thus, starting with By, we can sample the remaining
values By,,..., B, _, iteratively and in any order. For instance, we could sample the value of the
Brownian motion at time ¢; closest to T'/2 first, then continue with the values closest to T'/4 and
3T /4, respectively. While we can still represent the final sample (By,, ..., By, ) as a deterministic
function of an n-dimensional standard normal random variable X, this time the functional will not
coincide with the functionals in the first two methods. However, the sampling is still exact, i.e., the

sample (By,, ..., By, ) constructed by Brownian bridges has the correct distribution.

Remark 4.2. Why should we use this complicated approach instead of the much simpler construc-
tion based on the increments? Note that the Brownian bridge construction starts by a very coarse
approximation, which is more and more refined. Therefore, in many applications the final value
of the quantity of interest (e.g., of the payoff of an option) depends much stronger on the coarse
structure of the underlying path then on the details — think of a barrier option in the Black-Scholes
model. Thus, if we write our option payoff as a functional f(X7, Xs,...,X,,) of the normal random
variables used for the Brownian bridge construction of the Brownian path (in the right order, i.e.,
X1 is used to sample By and so on), then f will typically vary much stronger in the first variables
than in the variables with high index. Thus, the Brownian bridge construction can be seen as a
dimension-reduction technique, as discussed in the context of QMC.

4.1.4 Karhunen-Loeve expansion

The Karhunen-Loeve expansion is a type of Fourier expansion of the Brownian motion. Thus, it
differs from the previous approximations by actually giving a sequence of continuous processes in
time. Consider the eigenvalue problem for the covariance operator of the Brownian motion on the
interval [0, 1], i.e.,

(4.4) L min(s, £)0(s)ds — A (t).

Let \; denote the sequence of eigenvalues and 1; the corresponding sequence of eigenfunctions.
Then we have the equality

(4.5) By = Y VA1) Zi,
i=0

with Z; denoting a sequence of independent standard normal random variables. Since we can solve
the eigenvalue problem explicitly, with

this leads to an exact approximation of Brownian motion by (random) trigonometric polynomials.

IMore precisely, the Brownian bridge is a Brownian motion on the interval [0, 1] conditioned on By = 0. It is a
simple exercise to express the above conditional distribution in terms of the distribution of a Brownian bridge.
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Figure 4.2: Brownian motion constructed by the Brownian bridge approach. Dashed lines correspond
to the newly inserted Brownian bridge

4.1.5 Wavelet constructions

Finally, we present a family of constructions which are both general and easy to implement based
on wavelets. Note that the previous Karhunen-Loeéve construction was based on an orthonormal
basis of L2 ([0, 1]), specifically the eigenbasis of the covariance operator associated to the Brownian
motion. However, similar constructions work for any orthonormal basis.

For sake of concreteness, let us employ the arguably simplest such basis, comprising of Haar
wavelets. Those are defined in terms of a single “mother” wavelet

1, 0<t<i,
(4.6) Y(t) =< -1, +<t<l,
0, else

The basis functions are now defined by shifting and rescaling the mother wavelet ¥. More specifically,
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fix ne Nu {0} and 0 < k£ < 2" — 1 and define
(4.7) k(1) = 2720 (27 — k) .

Note that the support of v, j, is of size 2" whereas the amplitude is of size 27/2_ For fixed n and
different ks, the Haar functions have disjoint support. it is easy to see that the set of functions ¢,
forms an orthonormal basis of L? ([0, 1]), as claimed.

Starting from Lévy [37], this basis has been used to give a very explicit and simple construction
of the Brownian motion. Indeed, let Xy and X, 5, n = 0, 0 < k < 2" — 1, be a sequence of
i.i.d. standard normal random variables, then

w0 2"—1

(4.8) Byi=Xot+ Y, >, XnxWni(t), te(0,1],
n=0 k=0

defines a Brownian motion, where
t

(4.9) U, 5 (t) = f Y p(s)ds = 2720 (2"t — k),
0

are tent functions. Here, ¥(t) = Sé 1 (s)ds. The interpretation is clear: the terms with low n describe
the “macroscopic” behaviour of the Brownian motion, whereas the terms with large n provide fine
resolution, see Figure 4.3 for a plot of the integrated Haar basis of orders 0 and 1 and Figure 4.4
for paths generated by wavelets at different resolutions.

1.0 ; ; ; ; 12
1.0
0.8
0.8
06l 0.6
0.4
0.4 02h
0.0
0.2
-0.2}+
0.0 -0.4
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
t t
(a) Haar basis up to order n = 1 (b) Alpert-Rokhlin basis of degree ¢ = 2 up to order

n = 1, see Example 4.3

Figure 4.3: Integrated wavelet basis functions

Of course, for actual applications, we have to truncate (4.8) at some point, giving us an approx-
imation
N 27—1
(4.10) BM = Xot+ Y ) XunWuu(t), tel0,1].
n=0 k=0

Note that by construction we have that

BN = B, for te D) = { k27 N1 [0 <k <2V
i.e., the approximate Brownian motion Bt(N) is exact at all points contained in the dyadic grid of
level N. This fact can be easily seen noting that ¥,, ,(t) = 0 for t e DY) and n > N.

The Haar basis is probably the simplest and most popular wavelet basis in the context of the
construction of Brownian motion, but other wavelets can be used, as well. In particular, the recent
review article [24] advocates the use of the (higher order) Alpert-Rokhlin multiwavelet basis. For
any g € N, this basis consists of piecewise polynomial functions of order ¢ — 1 generated by ¢ mother
wavelets 191, . .. %9 which are polynomials of order ¢ — 1 on [0, 1/2] and [1/2, 1], respectively.

36



0.2 1.0

t t

(a) Haar wavelets (b) Alpert-Rokhlin wavelets of degree g = 2, see Ex-
ample 4.3

Figure 4.4: Approximate Brownian motion Bt(N), 0<t<1,for N =10 (blue) and N = 2 (red)

superimposed

Example 4.3. At order two, the Alpert-Rokhlin multiwavelet basis consists of piecewise linear
functions. The mother wavelets are given by

V3(1—4t), 0<t<3, 6t—1, 0<t<32,
PPt = VB4t —3), t<t<l, ¢PP(t)=<{6t-5 L<t<l,
0, else, 0, else.

The anti-derivatives are then given by the piecewise quadratic polynomials

V3t(1 —2t), 0<t<s, t(3t — 1), 0<t<i,
TP =S V31—t (1—2t), $<t<l, ¥P)=<{(t-1)(Bt-2), L<t<l,
0, else, 0, else.

Similarly to the Haar case, the Brownian motion is given by

on

EZ e P20,

where the random variables Xo, X1, Xy kp, n =€ NU{0}, £ =0,...,2"—1, p = 1,2, are independent
standard normals and

B, = Xot + X1V/3t(1 — 1)

HMS

W2 (t) = 272U P (2" — k).

Remark 4.4. Different wavelets basis can lead to very different approximation qualities of the
corresponding approximate Brownian paths B(Y) at a resolution N to the true path B, as can be
seen from Figure 4.4. However, in terms of numerical analysis, this comparison is questionable, as
the computational work needs to be considered, as well. From that side, the simplicity of the basis
function, as well as the actual number of terms involved at scale N matters, and the optimal choice
of wavelet basis will depend on the problem at hand.

4.2 Lévy processes

A Lévy process is a process with stationary and independent increments, and the simplest way
to sample its trajectory is the random walk approach used for Brownian motion, see 4.1.2, where
the normal distribution shall now be replaced by the corresponding infinitely divisible distribution.
This is not as straightforward forward as it sounds, since infinitely divisible distributions may not
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be closed under convolution; in other words, while the law of X; follows a given law, the law of the
increment X, /,, — Xy (x—1)/n Will not necessarily follow the same law. A popular distribution that can
be simulated using the random walk approach is the normal inverse Gaussian (NIG) distribution.

Exercise 4.1. Show that the NIG distribution is closed under convolution and simulate a trajectory
of the NIG Lévy process.

The Poisson process

Many models in mathematical finance include jump processes, which are usually Lévy processes.
The numerical treatment of these jump components is quite simple, provided that the have finite
activity, i.e., only finitely many jumps in compact intervals. In this case, they are, in fact, compound
Poisson processes, i.e., processes of the form

Nt
(4.11) Zy=Zo+ Y, X,
=1

where N; denotes a (homogeneous) Poisson process and (X;)2, are independent samples of the
jump distribution. This motivates the need to sample trajectories of the Poisson process. For what
follows, N; will denote a Poisson process with parameter A > 0.

Sampling values of a Poisson process

We have (at least) two different possibilities if we want to sample the vector (N;,,..., Ny, ). In
full analogy to the first method for sampling a Brownian motion, we can use independence of the
increments of a Poisson process: V¢, has a Poisson distribution with parameter A\t;, N, — N;, has
a Poisson distribution with parameter A(t2 — ¢1) and is independent of N;, and so forth. Note that
samples from a Poisson distribution can be generated using the inversion method.

On the other hand, there is also a Poisson bridge. Indeed, given N; = n, we know that Ny has
a binomial distribution with parameters n and p = s/t, 0 < s < .

Sampling the true trajectory

Unlike in the case of a Brownian motion, we can actually sample the true trajectory of a Poisson
process on an interval [0, ¢]. Indeed, the trajectory is piecewise constant, so it suffices to sample the
jump times within the interval, which is easily possible since there can only be finitely many such
jumps. Again, two methods exist for sampling the jump times of a Poisson process. Let us denote
the jump times of the Poisson process by T},, n = 1. Thus, we have to construct the finite sequence
(Tla v aTNf,)'

(i) Note that the inter-arrival times 7, :== T, — Tp,—1 (with Ty := 0) of the jumps are independent
of each other and have an exponential distribution with parameter . Therefore, we can start
with T, = 0 and can iteratively produce 7,, and set T, = T}, + 7, and stop when T,, > t.
Obviously, the algorithm stops in finite time with probability one.

(ii) Given N; = n, the jump times (T1,...,T,) are uniformly distributed on the interval [0, ¢].
More precisely, they are the order statistics of n independent uniforms on [0,¢]. Thus, we
can sample the jump times of the Poisson process by first sampling the number of jumps N,
then taking a sequence of independent uniforms (tU, ...,tUy,) (the Uy,s are from a uniform
distribution on [0,1]) and finally ordering them in the sense that 77 = min(tUs, ..., tUn,),

.oy T, = max(tUy, ..., tUn,).

t

Example 4.5. Already in the seventies Merton introduced a jump diffusion into financial modelling.
He proposed to model the stock price process by the SDE

(412) dS; = ,uSt_dt +0S; dB; + St_th,
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Figure 4.5: Trajectory of Merton’s jump diffusion, see Example 4.5.

where J; denotes a compound Poisson process which we denote by

Ny

Jp= Y (X; - 1),

j=1

where the X; are independent samples from a distribution supported on the positive half-line.
Moreover, we assume that the Poisson process IV is independent of the Brownian motion B. In this
case, it is possible to understand the SDE (4.12) without appealing to general stochastic integration.
Indeed, between two jump times 7T;, and T, .1 of the underlying Poisson process, the stock price
evolves according to the SDE of a geometric Brownian motion, i.e.,

2
St = STn exp <U(Bt - BTn) + (M - (;) (t - Tn)) ) T,<t< T7L+1~

At the time of the jump of the Poisson process, the stock price jumps as well. By convention, we
require S to be right-continuous, i.e., we assume that S; is the value of S just after the jump occurs,
if there is a jump at time ¢. Now at time ¢t = T, 11, we read (4.12) to mean that

St - St_ = St_ (Xn+1 - 1)>

i.e., S jumps at time ¢ and the value after the jump is given by S; = S;_ X,,+1. Summarising, we
see that we can actually solve (4.12) explicitly:

2 Ny
St = Soexp <O’Bt + (,LL - 2) t) HX]
j=1

If we want to sample trajectories of the Merton jump diffusion, we need to combine the sampling
techniques for the Brownian motion and the Poisson process — of course, we also need to sample the
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jumps X;. Since these three components are assumed to be independent, no special care is necessary.
We can sample (S, ,...,S, ) on a pre-defined grid by sampling the Brownian motion (B, , ..., Bt,)
and the Poisson process (N, ..., NN, ) along the grid and additionally sampling (Xi,..., Xy, )
from the jump distribution. Or we can sample the stock prices on a random grid containing the
jump times. Note that in the original model by Merton, the jump heights X; were assumed to have
a log-normal distribution.

The variance gamma model

In mathematical finance, a very popular class of models for the stock price are the exponential Lévy
processes, i.e., the stock price is given by S; = Sy exp(Z;) for some Lévy process Z;. By the very
definition of a Lévy process as a process with stationary, independent increments, we know that
the general strategy for sampling used for Brownian motion can also be applied for more general

Lévy processes, i.e., if we want to sample (Z;,,...,Z;, ), we can do so by sampling the increments
(Z4,y Zyy — Ztyy ooy Dy, — Zy_,), which are independent. Moreover, in the case of a homogeneous
grid Aty = --- = At,, we also know that, in fact, all the increments AZ; = Z;, — Z;, , have the

same distribution.

Moreover, any Lévy process Z can be decomposed into a sum of a deterministic drift, a Brownian
motion (in fact, a Brownian motion multiplied with a constant) and a pure jump process independent
of the Brownian motion. If the process has finite activity, i.e., jumps only finitely often in each finite
interval, then the pure jump process is a compound Poisson process. This case was, in fact, already
treated in Example 4.5. However, in many popular models, the Lévy process has infinite activity,
and is, in fact, a pure jump process, without Brownian component. One of these models will be
presented a bit more detailed in this section.

One particular pure-jump exponential Lévy model is the variance gamma model. In this model,
Z is the difference of two independent gamma processes, Z; = Uy — D;. A gamma process is a Lévy
processes, whose increments satisfy the gamma, distribution.? More precisely, a gamma process
is a Lévy process whose marginals satisfy the gamma distribution with constant scale parameter
0 and linear shape parameter, i.e., Z; ~ 'yt 9, K € R.g. Therefore, also the increments satisfy
Zy — Zs ~ D'yp—s),9- Notice that the gamma process is a subordinator (i.e., a process with non-
decreasing sample paths) of infinite activity.

Obviously, sampling from the variance gamma process is easy once we can sample the gamma
process — after all, U and D are independent. In order to sample trajectories of the gamma pro-
cess, we sample the increments, which have the gamma distribution. Sampling from the gamma
distribution can be done by the acceptance-rejection method. The density of a I';, g-distribution is

6—2/9

f(LL') = Qik_lekr(k

, x>0.

~

Various complimentary distributions have been suggested. First of all note that we may assume
that @ = 1: if X ~ T’ 1, then X ~ I'j g. Then [13, Theorem IX.3.2] shows that the density of the
I'j, 1-distribution converges to a standard Gaussian density. Therefore, for the sampling algorithm
to work equally well for all values of k, the complimentary density g should be close to a normal
density. On the other hand, the gamma distribution has fatter tails than the normal distribution,
i.e., the value of the density converges much slower to 0 for x — oo than for the normal density.
Therefore, we cannot choose a normal distribution as complimentary distribution. By this reasoning,
combinations of the densities of normal and exponential distributions have been suggested, as well
as many other distributions. (Note that we will usually only need small values of k if we sample the
increments.)

2Recall that the sum of n independent gamma-distributed random variables X; ~ Iy, ¢ has a gamma distribution
in k;,0- Thus, the gamma distribution is infinitely divisible, which implies that there is a Lévy process with gamma
distributed marginals.
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Figure 4.6: Trajectory of the variance-gamma process

Remark 4.6. If the scale and shape parameters 0y, 0p and ky, kp of the two gamma processes U
and D satisfy ky = kp =: 1/6, then we can represent the variance gamma process Z; = Uy — D, as

Zt = WGta

where G is a gamma process with parameters 6 and k = 1/6 and W is a Brownian motion with
drift, more precisely
v —0p o _Oubp
— 0" =2

0 0
for a standard Brownian motion B independent of GG. This gives another method of sampling the
variance gamma process: instead of sampling from two gamma processes, we can also sample from
one gamma process and one Brownian motion. Note that this representation motivates the name
“yariance gamma process”: conditional on Gy, Z; is Gaussian with variance o2G;. Moreover, this
type of construction (log-stock-price as a random time-change (or subordination) of a Brownian
motion) is often used in financial modelling.

Wt:Nt+OBt7 n=

Approximation of Lévy processes

In the previous sections, we have seen how to sample from compound Poisson processes (or, more
generally, jump diffusions, i.e., finite activity Lévy processes). Moreover, we have also seen that we
can sample the gamma process (and variants like the variance gamma process), a special example
of an infinite activity Lévy process. However, in general we do not know how to sample increments
of a Lévy process, if we only know its characteristic triple. In the case of a finite Lévy measure v, we
know that the Lévy process is a compound Poisson process (modulo a Brownian motion), and then
the problem is reduced to the problem of sampling random variables with distribution v(-)/v(R) —
which might be easy or not. In this section, we concentrate on the case of infinite activity.
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For the rest of this section, let us assume that the Lévy process Z under consideration does not
have a Brownian component, i.e., that it has the characteristic triple (v, 0, v). By Theorem B.4, we
can write Z as a sum of a compound Poisson process and a process of (compensated) jumps of size
smaller than e. In fact, we have

Zy =t + Z AZ Az =1 + lirr(l)Nf, Nf = Z AZ 1 az,|<1 — tf zv(dz).
0<s<t 7 0<s<t e<|z[<1
Thus, we may approximate Z by fixing a finite € in the above formula, i.e., by discarding all jumps
smaller than e:

(4.13) Zi=rt+ Y, AZdjaz,s1+ Nf

0<s<t
for some fixed € > 0. Obviously, Z¢ is a compound Poisson process with drift, therefore we can —
in principle — sample from this process (even the paths). It is not surprising that the error of the

approximation depends on the Lévy measure v. Indeed, one can show (see Cont and Tankov [9,
Section 6.3, 6.4]) that

(4.14) var([Z; — Z;] = tf 22v(dz) =: to(e)?.
|z|<e

This is also relevant for weak approximation in the following sense: assume that f is a differentiable
function whose derivative f’ is bounded by a constant C. Then one can show([9, Proposition 6.1])
that

|BLf(Z0)] = E[f(Z)]| < Ca(e)Vt.
The error Z;—Z5 consists of all small jumps of Z. It seems naturally to suggest that these small jumps
might, in turn, be approximated by a Brownian motion. This is indeed the case, but only under
certain assumptions on the Lévy measures. Asmussen and Rosinski [1] show that o(e)™1(Z — Z¢)
converges to a Brownian motion if and only if

LACR
€ e—0

(provided that v has no atoms in a neighborhood of 0). This leads to a jump diffusion approximation
(4.15) Zy ~ Z; + o(€)By,
which also improves the weak convergence. Let us conclude with a few examples taken from [9].

Example 4.7. Symmetric stable Lévy processes are one-dimensional pure jump processes with Lévy
measure v(dz) = C/|z|"* for some 0 < o < 2. (Their characteristic function is then exp(—o® |u|®)
at t = 1 for some positive constant ¢.) In this case, o(€) ~ €!~%/2. Moreover, the intensity A of the
approximating compound Poisson process Z€ satisfies A ~ ¢~®. This in particular implies that here
the approximation can be further improved by adding a Brownian motion o(¢)B, since the error of
the approximation is asymptotically a Brownian motion.

These results can be extended to tempered stable processes, i.e., pure jump processes with Lévy

measure

Cief)‘*h:l C+67/\+Iw‘

b, dr
14+o_ r< ‘x|1+a+

1m>0dl'.
||

v(dz) =
In finance, Sy = exp(Z;) is often used as model for stock prices, when Z is a tempered stable process.
In particular, the prominent CGMY-model, see Carr, Geman, Madan and Yor [8], is a special case
with C_ = Cy and a_ = a,. Note that in for stable or tempered stable processes simulation of
the compound Poisson process Z¢€ is straightforward, by the acceptance-rejection method, while
simulation of the increments of the true process Z is difficult.

Example 4.8. In the case of the gamma process, we have o(e) ~ e. This means on the one hand,
that the quality of the approximation by the compound Poisson process Z°€ is already very good.
On the other hand, the error does not converge to a Brownian motion, thus the jump diffusion
approximation will not improve the quality even more. Here, the intensity of Z¢ satisfies A, ~

—log(e).
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Chapter 5

Discretization of stochastic
differential equations

5.1 The Euler method

Many financial models are (entirely or partly) determined in terms of a stochastic differential equa-
tion. Therefore, a major area of computational finance is the numerical approximation of solutions
of SDEs. To fix ideas, let us start with a general n-dimensional SDE driven by a d-dimensional
Brownian motion B, i.e.,

d
(5.1) dX; = V(Xy)dt + > Vi(X,)dBj,
i=1
for some vector fields V,Vi,...,V; : R — R", which we assume to be uniformly Lipschitz and

linearly bounded (with the same constant K) — these are the usual assumptions for existence and
uniqueness of the solution of (5.1). Notice that the above formulation includes non-autonomous
SDEs, i.e., SDEs where the vector fields depend explicitly on time. However, since regularity re-
quirements are usually less stringent on the time-dependence than on the space-dependence, this
formulation will not yield sharp results for the non-autonomous case. See Appendix A for a collec-
tion of basic facts and examples of SDEs in finance. Moreover, we shall assume that the initial value
Xy = x € R” is a constant. This is mainly for convenience, the theory is not more difficult as long
as the random initial value X is independent of the noise.

Of course, we can also consider SDEs driven by more general processes than Brownian motion,
for instance an SDE driven by a Lévy process,

d
dX; = V(Xy)dt + ). Vi(X,)dZ]

i=1

for a d-dimensional Lévy process Z, or even by a general semi martingale. We will not treat the

case of a semimartingale noise, but we will give some results for SDEs driven by Lévy noise. The

main focus — and also the main theoretical difficulty — is however on diffusions of the type (5.1).
So, the goal of the next part of the course is to derive, for a fixed time interval [0,7], ap-

proximations X to the solution X. These approximations will be based on a time grid D =
{0=1ty<t; < <ty =T} with size N. We denote

D] = max [t; —tii

the mesh of the grid, and we define the increments of time and of any process Y (which will usually
be either X, B, or Z) along the grid by

Atp=t;—ti1, AY; =Y, - Y, ,, 1<i<N.
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Moreover, for ¢t € [0,T] we set |t] =sup{t; | 0<i < N, t; <t}. We will define the approximation

along the grid, i.e., we will define the random variables X; = X;,, 0 < i < N. We will write x°
if we want to emphasise the dependence on the grid. The first natural question arising from this
program is in which sense X should be an approximation to X. The two most important concepts
are strong and weak approrimation.

Definition 5.1. The scheme X converges strongly to X if

ul>i|I£oE HXT _Y?H =0

Moreover, we say that the scheme X" has strong order v if (for |D| small enough)
E HXT - XTH <C|D|
for some constant C' > 0, which does not depend on v > 0.

Definition 5.2. Given a suitable class G of functions f : R® — R, we say that the scheme x7
converges weakly (with respect to G) if

vieg: lm E [f (Y?)] - B[f(X7)].

Moreover, we say that X" has weak order ~v > 0 if for every f € G there is a constant C' (not
depending on |DJ) such that

B [r (X7)] - Bl < 0D

provided that |D| is small enough.

The class of functions G in Definition 5.2 should reflect the applications we have in mind. Of
course, there is a strong link between strong and weak convergence. For instance, if a scheme
converges strongly with order v, then we can immediately conclude that it will also converge weakly
with order -, provided that all the functions in G are uniformly Lipschitz. In principle, however,
there is a big difference between these concepts: for instance, a strong scheme must be defined on
the same probability space as the true solution X, which is clearly not necessary in the weak case.
Moreover, since most approximation problems in finance are of the weak type, this notion seems to
be the more relevant to us.

The classical reference for approximation of SDEs is the book by Kloeden and Platen [31].

The Euler-Maruyama method

Fix a grid D and an SDE driven by a Brownian motion, i.e., of type (5.1). We hope to get some
insight into how to approximate the solution by taking a look at a deterministic ODE

(5.2) #(t) = V(z(t), z(0)=xoe R™.

The simplest method of approximating a value z(t;) given the value 2(t;_1) is by doing a first order
Taylor expansion around z(t;_1), giving

,%‘(tl) = .’E(tifl) + d)‘(tifl)Ati + O(At?) = m(ti,l) + V(I(ti,1)>Ati + O(At?)
So, the Euler scheme for SDEs is defined by Ty = x¢ and T; = V(T;-1)At;, 1 <4 < N. Since we

have to add up the individual error contributions, we get the global error

N
[2(T) —@n| = ), O(AE) < O(D|)T.

i=1
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Therefore, the deterministic Euler scheme has order one.
The Euler scheme for SDEs (also known as Euler-Maruyama scheme) is defined in complete
analogy, i.e., we set Xy = = and then continue by

d
(5.3) X=X+ V(Xim)At + Y. V;(X;-1)AB]

77

1<i<N.
j=1

Moreover, we extend the definition of X; = X;, for all times t € [0,7] by some kind of stochastic
interpolation between the grid points, more precisely by

d
(5.4) X=Xy + VX )(t = [t) + ), Vi(X o) (B = Bjy)).
i=1

Notice, however, that we should not expect the Euler scheme to converge with order one as in the
ODE setting: the increments of a Brownian motion are much bigger than the increment of time, since
AB! ~ /At;, and this is indeed the correct strong order of convergence. Note that the heuristic
convergence argument for the Euler method for ODEs would, in fact, not give convergence for a
scheme with local order O(y/At;). Convergence is rather obtained as the “offending” term driven
by Brownain motion is a martingale.

Before presenting the main theorem, we recall two fundamental lemmas from analysis and prob-
ability theory essential for the proof.

Lemma 5.3 (Gronwall’s inequality). Let u be a real-valued, continuous function and let a, 8 = 0.
Assuming that for all 0 <t <T we have

u(t) < a+ 5JO u(s)ds,

then we get

Lemma 5.4 (Doob’s inequality, L? case). Let (Mt)te[o 7] be a square integrable martingale. Then
we have

E[ sup |Mt2] <A4E [|MT|2].

0<t<T

Theorem 5.5. Suppose that the coefficients of the SDE (5.1) have a uniform Lipschitz constant
K >0 and satisfy the linear growth condition with the same constant. Then the Euler-Maruyama

approximation X satisfies
E [ sup | X —Xt|] < C+/|D|

0<t<T
for some constant C only depending on the coefficients, the initial value and the time horizon T. In
particular, the Euler-Maruyama method has strong order 1/2.
Proof. In this proof, C' denotes a constant that may change from line to line, but never in a way
depending on the partition. Moreover, for this proof only, we set Vo :== V, BY = t.
We know from the existence and uniqueness proof of the SDE (5.1) that E [supoéth |Xt|2]

<
C(1 + |z/?), and in the same fashion we can prove the analogous inequality for X replaced by X.
Now fix some 0 <t < T. We want to estimate

e :=F | sup ’XS —XS|2] .

0<s<t
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First note that we have the representation

S d S
X=X = | (V) V) dut Y | ()~ ViE ) a5,

;) || i) - vix) as
!

=0

r (Vi(Xu) = Vi(Xpy)) dBy, + r (Vi(Xju)) = VilX ) dBZ} :
0 0

Therefore, we can bound e; by

d S 2 S 2
et<02{E sup f(w-(Xu)—W(X[uJ))dBf; +E | sup f(m(XluJ)—Vi(Y[uJ))dB; }
iZ0 o<s<t |Jo o<s<t |Jo
d
= C Y (ci + d}).

0

-
Il

Let us start with bounding the term d°. Note that Jensen’s inequality implys for any integrable

function g that
s 1 [ 2 s
| swan =51 | gt <5 | gt du
0 s Jo 0

Applying this inequality to the integral inside d° and using the Lipschitz continuity of V', we obtain

d? < [sup SJ |V YUJ ’ du]

0<s<t

2
:32

< K*TE U | X = Xpuy|* du
0

t
< KQTJ esds.
0

On the other hand, for 1 < ¢ < d we can directly appeal to Doob’s inequality (Lemma 5.4)
together with the It6 isometry, obtaining

t 2

(Vi (X)) = Vi (X)) dB,

E Uot Vi (Xpu) — Vi (XLuJ)!QdU]

¢
< 4K? J esds.
0

dy <AE

Summarizing, we get

JS (Vi(X|u) — Vi(X|4))) dB,,

o<s<t |Jo

(5.5) di=F l sup

2] {KQT% esds,

i
4K2soeds 1<i<d.

For ¢, a similar calculation as before (using Jensen’s inequality once more) leads us to

t
&< KZTJ E

O |10 = X [*] du

f S)ds + Z f S)dB!
Lul
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Noting that for any vectors |zy + - + zn|> < n <|x1|2 + 4 |xn|2), we further get

2
du

d

+ Y E
t u d

< cfo (E |(u— [uj)f J|V(XS)|2ds] Y E

u i=1

< OK? f <(u ) Ju E [(1 + |X5\2)] ds + dJ{

0 ]

2
t U
&< K% (d+ DL E Jt JV(Xs)ds

f Vi(X,)dB:
[u]

h |w<xs>|2ds]> du
[u]

U

JE [(1 + |X5\2)] ds> du

t
<Cc(+ W)J ((u— [ul)® + d(u — |u])) du
0
<TC(1+|z|*)(|D] +d) |D|.
A similar computation for ¢! gives the common bound

T+t pl, 1<i<d

Combining the bounds (5.5) and (5.6), we obtain
t
er < C|D|+ CJ esds,
0

and Gronwall’s inequality (Lemma 5.3) implies
(4 é C |D| y

giving the statement of the theorem by taking the square root and applying the Holder inequality.
O

Remark 5.6. Note that the constant C in Theorem 5.5 depends exponentially on T—as becomes
apparent in the proof.

In fact, the proof of Theorem 5.5 can be turned into a proof of existence and uniqueness of
solutions of SDEs. We give a sketch of the argument. First of all, we shall assume without proof
that there is a constant C' > 0 (independent of the grid D) such that

P2
E[sup ‘X?’]<C<l+|z|2>.

0<t<T

This estimate can be proved by localization and a careful estimation along the iterative construction
of X7.

1) Uniqueness: Theorem 5.5 directly implies uniqueness of solution (within the class of square-
integrable processes).

ii) An estimate: A simple adaptation of the above proof shows that for two grids D and D’ we have
E [ sup ‘Y? — Y?

o<t<T

2] < Cmax (|D|, |D']).

Indeed, we may assume that D < D', i.e., D’ is finer than D. Then we repeat the argument, replacing

the true solution by X
iii) Existence of a limit: Tt follows that there is a unique limit process

~ —_

X = lim X°
|D|—0
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in the above sense. L
iv) The limit solves the SDE: Using similar estimations as in the proof, for any X = X we see
that

t 2
Bl s || (Vi¥) - viXo)dBi| | <Pl =L
o<t<T |Jo
+ 2
E| suwp J(V(XM)—V(X )) ds ] cID|.
0<t<T |Jo

Hence, we obtain

(J V(X ds+ZLtm(X[sJ)ng> (f ds—i—Zf dBl>

sup
o<st<T
t - N 2 d t - N 2
<C {E sup f (V(XLSJ) - V(XS)> ds| |+ E| swp J (VZ—(XLSJ) — Vi(X, )) B! }
o<t<T |JO o<t<T |JO

i=1

Finally, note that for any grid D,

t d nt
E| sup |X;— <x + f V(Xs)ds + Z f w(Xs)ng> ‘
0<t<T 0 170
<C{E[ sup ’)N(t—Xt}—F
o<t<T
o d  rt - ) t - d - ) 2
+E| sup f V(X |s))ds + ZJ Vi(X|s))dBE | — f V(X,)ds + ZJ Vi(X,)dB: }
0<t<T 0 =170 0 =170

< C|D|,

implying that

)N(t=x+f dS-I—ZJ de.

Weak convergence of the Euler method

Next we discuss the weak convergence of the Euler method. While the strong convergence problem
might seem more natural to consider, in most applications we are actually mainly interested in weak
convergence. This is especially true for mathematical finance, where the option pricing problem is
precisely of the form introduced in Definition 5.2. Moreover, weak approximation of SDEs can be
used as a numerical method for solving linear parabolic PDEs. Indeed,

(5.7) u(t,z) = E[f(Xr)| X = 7]

satisfies the Kolmogorov backward equation associated to the generator L = Vj + %ZL V2, ie
the Cauchy problem

(5.) %u(tx) + Lu(t,z) =0,
u<T7 .%‘) = f(l’),

a PDE known as Black-Scholes PDE in finance. (For details and more precise statements see Ap-
pendix A.) Note that similar stochastic representations also exist for the corresponding Dirichlet
and Neumann problems.
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On the other hand, strong convergence implies weak convergence. Indeed, assume that f is
Lipschitz, with Lipschitz constant denoted by ||V f||,. Then we have

(5.9) B[f (X7)] - BUf (0)]| < IVFIL, B| | Xr = X7| | < C194], VD,

by Theorem 5.5. Thus, the Euler scheme has (at least) weak order 1/2 for all Lipschitz functions
f — which includes most, but not all the claims used in finance. However, in many situations the
weak order is actually better than the strong order. In the following, we shall first present (and
prove) “the typical situation” under unnecessarily restrictive regularity assumptions, before we
state sharper results (without proofs). Our presentation is mainly based on Talay and Tubaro [56].
For our discussion we assume that the grids D are homogeneous, i.e., At, = h = T/N for every i.
Of course, the results hold (with minor corrections) also in the general case, with h being replaced
by |D|.

Theorem 5.7. Assume that the vector fields V, Vi, ..., Vg are C*-bounded, i.e., they are smooth
and the vector fields together with all there derivatives are bounded functions. Moreover, assume
that G consists of smooth, polynomially bounded functions. Then the Euler method has weak order
one. Moreover, the error

e(T,h, f) = B[ (X7) ] - u(0,2)
for the weak approzimation problem started att =0 at Xg = Xo = 2 € R™ has the representation

T

(5.10) e(T,h, f) = hL E[41(s, X,)]ds + h2es (T, f) + O(h?),

where Y1 is given by

lto) =5 X V@VI@Xulta) +5 ) Vi@ mutt )+

1
8’L
N 1, 0
+ Z V(@) ot z)omu(t x) + 5 Z_ aj () 3 u(t, )2 gyult, ),

Ak

where @1 = m

Jor a multi-index I = (iy, ..., ix) and a(x) = Zzzl Vi(x)Vi(z), 1 <i,j <n.

Remark 5.8. The result also holds for the non-autonomous case, i.e., for f = f(¢,z) and the vector
fields also depending on time.

We will prove the theorem by a succession of lemmas, starting by a lemma whose proof is obvious
by differentiating inside the expectation (5.7).

Lemma 5.9. Under the assumptions of Theorem 5.7, the solution u of (5.8) is smooth and all its
derivatives have polynomial growth.

In the next lemma, we compute the local error of the Euler scheme, i.e., the weak error coming
from one step of the Euler scheme.

Lemma 5.10. Again under the assumptions of Theorem 5.7, we have
E [u(ti-ﬁ-lyYH-l)‘ Yz = I‘] = u(ti,x) + h21,[}1(t1j, .Z‘) + O(hS)
Proof. Obviously, we may restrict ourselves to i = 0, i.e., we only need to show that

E [U(h,yl)|Y0 = IE] = U(O,ZL‘) + h2w1(0,1’) + O(h‘s),
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since the general situation works precisely the same way. Taylor expansion of u(h,x + Ax) in h and
Az around u(0, z) gives

u(h,z + Az) = u(0,z) + héu(0,z) + h Oru(0,2) + h Z Az 0u(0, x)0;u(0, x)+

1=1

1h Z Az Ax? dpu(0,2)0(; ;u(0, z)

1,7=1
4 n
1 i in
+ Z Pl Z Az Ax™ 0, ou(0,2) + O(hAz?) + O(AzY),

k=1 i1 ..,ikzl

[\

where O(Az*) means that the term is O(Az™ - - - Az®*) for any multi-index (i1, ...,ix). Now insert
AX = V(x)h+ Z Vi(z)AB;

in place of Az and take the expectation. First we note that there are no terms of order k/2 for
odd numbers k, because they can only appear as odd moments of the Brownian increment AB; ~

N (0, h1,), which vanish. Moreover, £ [(’) (hAYS)] = O(h?), since AB% ~ N(0,h), and, similarly,

E [(9 (AYE))] = O(h?). Let us know collect all the terms of order one in h. Apart from the
deterministic term hd;u(0,2) = —hLu(0, ) (since u solves (5.8)), we have the drift term from the
first order Taylor term (in Axz) (note that the diffusion part in the first order term vanishes since
E[AB:] = 0), and the diffusion terms from the second order Taylor term, more precisely, the term
of order h is given by

n ) 1 n d
—hLu(0,2) + h > V' (2)d;u(0 + 5h Z Z Vi)V (2)0 jyu(0,z) = 0,
i=1 J=1k=1

by the definition of the partial differential operator L. Here, we only used that
E[AX'AX] = BV @)V (2) + h Y. Vi (2)V{ (x)

This shows the main point of the lemma, namely that the local error is of order two in h. Figuring
out the precise form of the leading order error term as given above (i.e., figuring out 1) is done by
computing all the expectations of the terms of the above Taylor expansion using the moments of
AX, and is left to the reader. O

Proof of Theorem 5.7. By the final condition of (5.8), we may express the error of the Euler scheme
(for approximating u(0,x)) as

E[f(Xn)] —uw(0,2) = E [u(T, X n) —u(0,z)]
N-1
= Eu(tiz1, Xis1) — uts, Xy)]
i=0
N-1

(5.11)

{R?E [1(t:, X3)] + O(h®)}.

Il
—

g

Therefore, we have reduced the global error to the sum of the local errors, whose leading order
terms are given by the expectations of ¢1. By Lemma 5.9, ¢; has polynomial growth. Moreover, we
know that X has bounded moments — see the proof of Theorem 5.5. This implies the bound

|E[yr(t:, X)) < C
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by a constant C only depending on the problem and on T, but not on h. Thus, we have

N—
|E[f(Xn)] - u(0,2)| < Z + O(h%)) = CN(h? + O(h®)) = CT(h + O(h?)),

implying that the Euler method has weak order one.
All that is left to prove for the error representation is an integral representation for the error
term (5.11). Consider

N— T N-1
Z [11(ti, X3)] — f E[1(t, Xy)]dt] < h Z |E [ (ts, X3)| — Bl (i, X,)]| +
i=1 0 i=0
N-1 T
+|h Y Bl (ti, Xy,)] —f E[1(t, X;)]dt] .
=0 0
For the first term, note that fE [1/)1 (tZ,Y,)] El1(t;, Xt,) | = O(h) for each 0 < ¢ < N—1, because

1 (t;, ) satisfies the assumptions imposed on the function f, therefore we can use the already proved
first order weak convergence for f = 1(t;,-). Thus, the first term is O(h). For the second term,
note that the function t — g(t) == E[v¢1(¢, Xt)] is continuously differentiable, and it is a simple
calculus exercise to show that

O(h)

]_VZ fT (t)dt| =

for C*-functions g. Therefore, also the second term can be bounded by O(h). Inserting these results
into (5.11), we indeed obtain

T
E[f(Xn)] - u(0,2) = E [u(T, Xn) — u(0,2)] = hf E[r(t, X,)]dt + O(h?).
0
The higher order expansion can now be obtained by continuing the Taylor expansion of Lemma 5.10
to higher order terms. O

Remark 5.11. The error expansion of Theorem 5.7 now allows us to use Richardson extrapolation
(also known as Romberg extrapolation). Given a numerical method for approximating a quantity of
interest denoted by A producing approximations A(h) based on steps of size h such that we have
an error expansion of the form

A—A(h) = a,h™ + O(h™), an, #0, m > n.
Then we can define an approximation R(h) to A by

A(h/2) — A(h) 2" A(h/2) — A(h)
2n—1 2n — 1 ’

R(h) = A(h)2) +

leading to a new error A — R(h) = O(h™).

In the case of the Euler method, this means that we can obtain a method of order two by
combining Euler estimates based on step-size h and h/2. Indeed, in the setting of Theorem 5.7 even
more is true: we could iterate the Richardson extrapolation similar to Romberg’s integration rule
and obtain numerical methods of arbitrary order. However, higher order extrapolation is usually
not considered practical.

Remark 5.12. In the derivation of Theorem 5.7, we have never relied on the fact that the increments
AB!] of the Brownian motion have a normal distribution. All we used to get the first order error
representation (and thus the weak order one) was that the first five (mixed) moments of (ABj : 1 <
1 <d, 1 <j < N) coincide with those of the increments of a Brownian motion, i.e., with a collection
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of d x N independent Gaussian random variables with mean zero and variance h. Therefore, we
could choose any such sequence of random variables AB;, in particular we could use independent
discrete random variables such that AB;f has the same first five moments as A(0, k). The simplest
possible choice is AB} = \/EYJ, where the Y} are independent copies of the random variable Y
defined by
V3,  with probability 1/6,
Y =10, with probability 2/3,
—+/3, with probability 1/6.

While this remark also holds true under the assumptions of Theorem 5.13, it is not true for Theo-
rem 5.14, which does depend on particular properties of the normal distribution.

Notice that our proof of Theorem 5.7 mainly relied on smoothness of the solution u(¢, ) of the
Kolmogorov backward equation. (More precisely, we used that the solution was twice differentiable
in time and four times differentiable in space and that theses derivatives are polynomially bounded
in order to show that the Euler scheme has weak order one.) In Theorem 5.7, these properties
were verified by direct differentiation inside the expectation — using smoothness of f and of the
coeflicients, via existence of the first and higher variations of the SDE. Of course, this approach can
still be done under weaker assumptions. Kloeden and Platen [31, Theorem 14.5.1] is based on this
type of arguments:

Theorem 5.13. Assume that f and the coefficients of the SDE are four times continuously differ-
entiable with polynomially bounded derivatives. Then the Euler method has weak order one.

It is clear that this method of proof must fail if the payoff function f does not satisfy basic
smoothness assumption as in Theorem 5.13. However, there is a second method to get smoothness
of u, based on the smoothing property of the heat kernel, see Section A.4. The following result is
[2, Theorem 3.1].

Theorem 5.14. Assume that the vector fields are smooth and all their derivatives, but not necessar-
ily the vector fields themselves, are bounded. Moreover, assume they satisfy the uniform Hérmander
condition, cf. Definition A.9. Then, for any bounded measurable function f, the Fuler scheme con-
verges with weak order one. Indeed, the error representation (5.10) holds with the same definition
of the function .

Comparing Theorem 5.14 and Theorem 5.13, we see that the latter has some smoothness as-
sumptions on both the vector fields and the functional f, whereas the former does not impose any
smoothness assumption on f, while imposing quite severe assumptions on the vector fields.

Example 5.15. Let us consider an example, where the Euler method actually only converges
with order 1/2 — as guaranteed by the strong convergence. Let the vector fields in Stratonovich
formulation be linear, V;(z) = A;z, i = 0,1, 2, with

(SIS

1
2
0

1
2

on=

Note that the matrices are antisymmetric, i.e., AT + A; = 0, implying that the vector fields are
tangent to the unit sphere D = {2z €R?||z| =1} in R Since we are using the Stratonovich
formulation, this means that the solution X; will always stay on the unit sphere provided that the
starting value z is chosen from D. Now consider f(z) = (|z| — 1)*, clearly a Lipschitz continuous
but otherwise non-smooth function. The vector fields, on the other hand, are smooth, all derivatives
are bounded, but they do not satisfy the uniform Hoérmander condition. Take the starting value
x = (1,0,0), time horizon T" = 1. Then the exact value is E[f(Xr)] = 0. The weak error from
the Euler scheme (together with the Milstein scheme treated later in these notes) is plotted in
Figure 5.1. We clearly see the order of convergence 1/2.
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Figure 5.1: Weak error for Example 5.15

In many situations, we can expect the Euler scheme to converge with weak order one, even if the
assumptions of neither Theorem 5.13 nor Theorem 5.14 are satisfied. This is especially true, if the
process “does not see” the singularities, e.g., because they are only met with probability zero. This
is the case in many financial applications, involving standard payoffs like the call or put options.
The point of Example 5.15 is that here the functional f is non-smooth on the unit sphere, i.e., the
set of points, where f is not smooth has probability one under the law of the solution of the SDE.

The Euler-Monte-Carlo method

The Euler method only solves half the problem in determining the quantity E[f(Xr)], when Xp
is given as the solution of an SDE. Indeed, it replaces the unknown random variable X by a
known random variable X , which we can sample in a straightforward way — assuming that we can
sample the increments of the driving Lévy process. Therefore, we want to approximate E[f(Xr)]
by E[f(Xx)]. This leaves us with an integration problem as treated in Chapter 2. Of course, in
most cases we cannot integrate f explicitly with respect to the law of Xy, so we will use (Quasi)
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Monte Carlo simulation.

Remark 5.16. Given an SDE driven by a d-dimensional Lévy process (assuming that no component
is deterministic), X y is a function of the increments (AZ!);—1 . 4m=1.. . ~. Thus, the integration
problem to compute E [ f (YN)] presents itself naturally as an integral on RV? (with respect to
the law of (AZ}). Therefore, the dimension of the integration problem can be large, even if the
dimension of the model itself is small, if we have to choose N large.

In the end, we approximate our quantity of interest E[f(Xr)] by a weighted average of copies
of f(X ), which are either chosen to be random, independent of each other in the case of Monte
Carlo simulation, or deterministic according to a sequence of low discrepancy in the case of Quasi
Monte Carlo. Of course, this gives us a natural decomposition of the (absolute) computational error
into two parts:

M .
(5.12) Error = |E[f(Xr)] — ﬁ i (x)

<|E[f(X0)] - E[f (Xn)]| +

E[f (Xn)] - % if (x¥)].

The first part captures the error caused by the approximation method to the SDE, therefore, we call
it the discretization error. The second part corresponds to the error of our numerical integration
method used to integrate f with respect to the law of X n. Therefore we call it integration error. (If
we use the Monte Carlo method, we might also think about the second part as a statistical error.
For the Quasi Monte Carlo method, this name would not make much sense, however.) Having fixed
the discretization method (Euler or higher order as presented below) and the integration method
(MC or QMC), the Euler Monte Carlo scheme has only two parameters left: the number of paths
M for the integration part and the time grid for the discretization of the SDE. For simplicity,
let us work with homogeneous grids only. Then the time grid is uniquely specified by the grid
size N (in the sense that the corresponding grid is {0 =to <t; =T/N < --- <ty = T}). Ignoring
possible cancellation effects, it is clear that the computational error will be decreased by increasing
M (reducing the integration error) and N (reducing the discretization error). On the other hand,
it would not be efficient, say, to choose N very large, if M is chosen comparatively small, so that
the discretization error is completely overshadowed by the integration error: in an efficient setup,
both error contributions should have the same order of magnitude. This suggests that we should
not choose M and N independent of each other.

Let us make a more careful analysis. Depending on whether we use MC or QMC, the integration
error satisfies

1
Errorp, (M) < CiM™9, qe {2, 1-— 5} ,
for any § > 0. Moreover, assume that the discretization error is bounded by
Errorpisc(N) < CpN7P.

For the Euler method, p is either one or 1/2. In the sequel, we will also present other discretization
methods with higher order p. A priori, C; will depend on N — in the case of the Monte Carlo
simulation, it is the standard deviation of f(X y). However, asymptotically it is equal to a constant
independent of N, namely the standard deviation of f(Xr). So we assume that both C; and Cp
are independent of NV and M. In the following, “~” will mean equality up to a constant. In a real
life computation, we want to obtain the quantity of interest E[f(Xr)] with an error tolerance e.
(In many cases, the error tolerance would be understood with respect to the relative error, not the
absolute one. On the other hand, these two concepts are roughly equivalent, if we know the order
of magnitude of the quantity of interest before hand, an assumption which we make here.) On the
other hand, we want to reach this objective using as little computer time as possible. Obviously, the
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computational work for the Euler Monte Carlo method is proportional to M N. These considerations
have, thus, led us to a constraint optimization problem of finding

(5.13) min{ MN | C;M~9+ CpN P <e}.
The Lagrangian of this optimization problem is given by
F(M,N,\) = MN + ANC M™%+ CpN~P —¢).
The condition % = 0 leads to M ~ AN~(®+1)_In order to obtain \, we set g—lﬂ = 0, giving us
A~ NPH+p/a Af A NP/A

Inserting this in the error bound, reveals that both the integration and the discretization error or of
order NP, as we have already hinted above. More precisely, we see that e ~ N~P, implying that we
need to choose N ~ ¢ VP and M ~ e /4. Then, the computational cost to compute the quantity
of interest with a error bounded by e is proportional to e~ (1/P+1/9) ' We summarize our results as a
proposition.

Proposition 5.17. Given a discretization scheme with weak order p and an integration method with
order q the optimal choice of the number of timesteps N and the number of paths M is to choose M
(asymptotically) proportional to NP/, Moreover, the computational cost for obtaining the quantity
of interest with a computational error bounded by a tolerance € is (asymptotically) proportional to

e_(%+%)_

If the work in order to guarantee an error bounded by € is proportional to €%, then one might
call k£ the order of complexity of the problem. The consequence is clear: in order to reduce the
computational error by a factor ¢, the computational cost will grow by a factor ¢*. In Table 5.1

Problem description P q M(N) k
Euler (Lipschitz) + MC 1/2 1 1/2 N 4
Euler (Lipschitz) + QMC | 1/2 | 1 =6 | NY2%¥9 | 34§
Euler (regular) + MC 1 1/2 N? 3
Order p + MC P 1/2 N?? | 2+1/p

Table 5.1: Complexity of the Euler Monte Carlo method

we have collected the order of complexity for certain scenarios. For instance, if the payoff and/or
the vector fields are so irregular that the Euler method only has weak order 1/2, and we use the
MC simulation for integration, then M and N should be chosen proportionally to each other and
the overall order of complexity is four. In the generic case, i.e., when the Euler method has weak
order one, the order of complexity is three and M is chosen to be proportional to N2. The table
also shows that higher order discretization schemes for the SDE cannot really improve the overall
computational cost significantly, when combined with a low order integration method. For instance,
if we use Monte Carlo simulation, then increasing the weak order from 1/2 to 1 decreases the order
of complexity from 4 to 3. But then a further increase of the weak order to 2, 3 and 4 will only
lead to decreases of the order of complexity to 2.5, 2.33 and 2.25, respectively. Given that higher
order methods are usually more difficult to implement and computationally more costly (thereby
possibly increasing the constant in the complexity), it might not be worthwhile to implement such
methods, if we are only using Monte Carlo simulation. (In principle, the same holds true for QMC,
but then second order methods might still be a good choice.). Of course, this is only a very rough
comparison, and in special applications we might get a completely different picture.
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5.2 Advanced methods

Multilevel Monte Carlo simulation

In typical situations, the computational work necessary to achieve an (absolute) error bounded by
¢ using the Euler Monte Carlo method is of order O(¢~3), as we have seen in Proposition 5.17.
Giles [21], [22] has constructed a method, which leads to a considerably smaller order of complexity,
by a clever combination of simulation of the Euler scheme (or more general schemes) at different
time grids. More precisely, fix a time horizon T and consider homogeneous grids given by the time
increment h = At. Let X; denote the solution of an SDE (5.1) driven by a Brownian motion. We
want to compute E[f(Xr)] for a given functional of the solution of the SDE. We approximate

X by approximations Y(h) based on the grid with increments h. Instead of simply applying the

Monte Carlo method for the random variable f (Y(h)), our estimate for E[f(Xr)] will be based on

o . —(h —(h
a combination of samples from the random variables X( 1), e ,X( 2 for a sequence hy > --- > hp,

in such a way that the bias of the estimate, i.e., the discretization error, is given by the discretization
error on the finest level, i.e., the discretization error corresponding to hy,, whereas the computational
work is some average of the computational works associated to the different grids. This should give
the same error as the method based on hr, whereas the computational work is strongly reduced.
In order to understand the idea of multilevel Monte Carlo, let us remember the control variates
technique for reducing the variance in an ordinary Monte Carlo problem (to compute E[f(X)]).
There the idea was to find a random variable Y which is similar to X and a function g such that
I[g; Y] = E[g(Y)] is explicitly known. (It turned out that “similarity” meant that the correlation of
f(X) and g(Y') was high.) Then f(X) is replaced by f(X)— A(g(Y) —I[g;Y]), which has the same
expected value, but much smaller variance, if Y and g were wisely chosen. In our case, we want

to compute the expectation of f(y(hL)) — which is itself a biased estimate of E[f(Xr)]. How can
we find another random variable Y “close” to X with known expectation E[f(Y)]? If we believe

in the (strong) convergence of our method, we also believe that Y(hm and Y(hkl should be close,
which implies that the covariance of f (y(hm) and f (y(hL_l)) is high, but this choice does not seem
to qualify since we do not know the expectation of f(y(hlrl)). Notice, however, that it is much

cheaper to sample f (Y(hkl)) as opposed to f (Y(h“), since the grid corresponding to hjy, contains
hy—1/hr, more points than the grid corresponding to hy_;. Therefore, Monte Carlo simulation to

get a good estimate of the expectation of f (Y(hkl)) is much cheaper. Therefore, the first step for
multilevel Monte Carlo is:
1. Compute an estimate of E[f (Y(hkl))] using Monte Carlo simulation.

2. Compute an estimate for E[f (Y(hL))] using variance reduction based on f(y(hL_l)).

Methods of this form are also known as “quasi control variates”. Now we iterate the idea, by using
. . ~(hr— . ~(hr— .
variance reduction based on f (X (he 2)) in order to compute E[ f (X (he 1))], which we need for the

computation of E [ f (Y(hl‘))]. We shall see below that this method is, indeed, more efficient than

simple Monte Carlo simulation at the finest grid.

(hr) )

. — —(hp—
Before we go on, let us first reflect for a moment on the relation between X and X (s .
Usually, we only cared about the law of our approximations, not on the approximations as actual
random variables. Here we have to treat them as random variables, because we need to sample

Y(hm(w) and Y(hhl)(w) for the same w in the control variates technique. This can be easily

. . . . . . —(h
achieved in the following way: sample the Brownian motion on the finer grid and compute X (he)
based on the sampled Brownian increments. If the coarser grid is actually contained in the finer

grid (as will be the case below), then add the Brownian increments along the fine grid to obtain the

o . . (hr_ )
corresponding increments on the coarse grid, and use them to obtain X (he 1). Otherwise, we need

to use a Brownian bridge construction to obtain the Brownian increments on the coarse grid based
on those along the fine grid.
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Before finally formulating the main result of multilevel Monte Carlo, let us first introduce some
notation. Fix some N € N, N > 1, and define the step sizes h; := N7!T, 1 = 0,...,L. Let

P=f (Y(}”)) denote the payoff given by the numerical approximation along the grid with step-size

h;. Moreover, let I; denote the Monte Carlo estimator based on M; samples Pl(i) — Pl(i)l of PL— P4
for/ > 0and on P, for I =0, i.e.,

M,
1 i i
I = I[P — Py = i Z (Pl( ) Pl(,)1> )

We assume the estimators I; to be independent of each other.

Theorem 5.18. Assume that there are constants oo = 1/2, Cy,Ca, > 0 such that E[f(Xr)—P] <
Cihy and var[[;] < CthBMl . Then there is L € N and there are choices My, ..., My, such that the

multilevel estimator I = ZZLZO I; satisfies

VE[I - E[f(XT)])?] < e
and the computational work C' is bounded by

03672, B8 >1,
C << C3e2(loge)?, pB=1,
Cye—2-0-B)a (<3< 1.

Corollary 5.19. Assume that the Euler method has weak order 1 and strong order 1/2 for the

lolg(geN) +O(1) in € and choose M; proportional to e 2(L+1)h;. Then

the multilevel estimator has computational error O(e), while the computational cost is O(e~2(log€)?).

problem at hand. Choose L =

Proof. Note that the corollary follows from the theorem by choosing @ = 1 and 8 = 1. However, for
simplicity we only give (sketch of) a proof of the corollary, but not of the theorem.
Let L be defined by

log N
implying that ¢/(v/2M) < C1hr, < ¢/+/2, and thus

L= [WCVITG_I)“

(B[] - B[f(X1)])* <

Moreover, choosing
M, = [2¢>(L+1)Coly], 1=0,...,L,

we have
var[I Z var[I}] < Z Cy— I < 162.
Thus, the means square error satisfies
B[(I - BIf(X1))*]] = B[I*] - 2B[I]E[f(X1)] + B[f(X1)]*
= var[1] + (B[] - E[f(X1)])* < &,

and we are only left to compute the computational cost C.
We assume ¢ to be small enough. Then L + 1 < C'log(e™?!) for some constant C' varying from
line to line. Moreover, we bound M; < 2¢~2(L + 1)Cqh; + 1. Then

L L
C< CZ M <L HF)C+ 1Y) <2 AL+ 1)°Co+ ) Iy
1=0 =0

L
2¢ 2 log(e 1)2Cy + Z ht.
1=0
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By the geometric series, an elementary inequality and the definition of L, we have

L L —
N (L+1)_1 N
-1 _ p-1 -l _ p-1 -1
l;)hl = hj ;)N =h o <My

\/501 672

<

N2 N2
20171 <
N—lf 1€ N_—1

provided that N > 1. This implies that

C < Ce?log(e™h)2

58



Chapter 6

Numerical methods for PDEs

6.1 The Black—Scholes PDE

We start by revisiting the partial differential equations (PDEs) associated with option pricing in
the Black—Scholes model, before proceeding to their numerical solution. In what follows, we mainly
follow Seydel [55]. For the theoretical part see also the notes of Kohn on PDEs for finance.

Using the Feynman—Kac formula, see (A.11) for the diffusion case and (B.3) for the case of an
SDE driven by a Lévy process, the price of a European option u(t, z) as a function of calendar time
t and stock price Sy = x satisfies a parabolic partial differential equation. In fact, similar relations
also hold for more exotic options, like path dependent options — by enhancing the state space —
and American options. For simplicity, let us work in the simplest possible stock price model, the
Black-Scholes model

dSt =TStdt+O'StdBt, S() = SER+.

Then, by (A.11), the price u(t,z) = E [e‘T(T_t)f(ST)| Sy = x| of a European option with payoff
function f satisfies

1 5 o 02 0
t,x) + o x*—u(t,x) + re—u(t,z) —ru(t,z) =0,

(6.1) 2 02 ox

o
with terminal value u(T,z) = f(z). In the sequel, we assume that f is a call or put option with
strike price K.

One of the advantages of the PDE point of view is that it is relatively straightforward to treat
American options. Indeed, consider an American put option (in our setting without dividends the
American call option would coincide with the European one). Then its price u(t,z) (again, at
time t with S; = z, provided that the option has not been exercised before) satisfies the following
conditions:

0 . 1 o 5 0% 0 N
(6.2a) gu(t,m) + 30°% @u(t, x) + rxa—xu(t, x) —ru(t,x) <0,
(6.2b) ut, ) = (K —x)4,
(6.2¢) WT,2) = (K - )1,

where we have equality in (6.2a) whenever there is a strict inequality in (6.2b). It can be shown that
problem (6.2) is a free boundary problem, i.e. there exists an (unknown) value xg = xo(t) such that
@ solves the PDE (6.2a) with equality (i.e. the classical Black-Scholes PDE) on the domain ]z, o[
and U(t,x) = (K — x)4 whenever x < xg. Thus, it is optimal to exercise the American option iff
x < zo(t), and to wait in the other case. If we are above the exercise boundary zg, the American
option (locally) behaves like a European option, and thus also satisfies the Black-Scholes PDE.

If we want to solve the problems (6.1) or (6.2) numerically, we should first try to simplify the
PDEs. Introduce some new variables, namely y = log(z/K) (the log-moneyness), T = 302(T —t),
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q = 2r/o*and

(6:3) o) = g e (50 =D+ (3= 12 +4) 7) utt o),

and obtain ?(7,y) in the same way from u(t,x). It is easy to see that the transformed European
option price v now satisfies the heat equation and to figure out the new boundary condition. For a
FEuropean put option they read:

0 02 1 1
_ — [p3@=Dy _ ,5(g+)y
(6.4) 07_0(77 Y) v(r,y), v(0,) (6 e )

~0y? +

Moreover, one can see that (again for a put option)

1 1
(6.5) v(T,y) = exp (2((] -1y + Z(q - 1)27> for y - —oo, w(r,y) =0 for y — .

In the case of an American put option one can show that ¥(7,y) is solution to the following problem:
let g(y,7) == exp (3(q + 1)7) (eé(qfl)y _ e%(qﬂ)y) , then

600 () - S50 ) () —alr) = 0 2l = £50(7) >0
(6.6b) o(r,y) = g(1,y),  0(0,y) = g(0,y),
(6.6¢) o(r,y) = g(r,y) for y > —oo, ¥(7,y) =0 for y — co.

Moreover, one needs to require v to be continuously differentiable.

Exercise 6.1. Show that indeed (6.4) is equivalent to the Black—Scholes PDE (6.1) under the given
transformations.

6.2 The finite difference method

Now, we change back notation to the more familiar u(¢, z) — instead of v(7,y). That is, we consider
the heat equation

0 02
au(t,l') = ﬁu(t,x), 0<t< T, X € R,
u(0,z) = (e%(qfl)‘” - e%(‘”l)x) , zeR,
+

u(t,x) ~ exp (;(q — 1z + i(q - 1)2t> for x — —o0, wu(t,x) ~ 0 for z — oo,
i.e. we consider the transformed European put-option as described in the last subsection. The general
idea of the finite difference method is to replace partial derivatives by finite difference quotients along
a grid, thereby transforming a PDE into a difference equation.

There are several different choices of difference quotients that will be used in the sequel. They
are motivated by the Taylor expansion, and we have:

f(@+h) = f(x)

forward difference:  f'(z) =

+ O(h)
backward difference: fl(z) =

while combining these two yields

central difference: f(z) = + O(h?).
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Moreover, for the second derivatives we will use the central difference:

f”(x) _ f(x + h) — 2];(237) + f(l‘ — h) + O(hQ)

In addition, we need to discretize time and space, i.e. we need to have a time grid and a space
grid. For simplicity, let us work with homogeneous grids only. Then the time grid is determined by
its size N, i.e. we set At := T/N and define the grid points ¢; := iAt, ¢ = 0,..., N. For the space
grid, we first have to turn our infinite domain R into a finite domain [a,b]. Then the grid is again
determined by its size M by setting Az := (b—a)/M and then z; := a + jAz, j = 0,..., M. The
goal of the finite difference method is to determine approximations v; ;, 0 < i < N, 0 < j < M, of
the values w; j == u(t;, z;).

Remark 6.1. Note that the values of u for large values of |z| will be necessary to set the (approx-
imately) correct boundary conditions at = a and x = b. They are not necessary for the PDE on
the domain R.

Remark 6.2. In a multi-dimensional setting, the same construction applies. Note, however, that
a grid in R™ with the same mesh Ax has M™ nodes. Therefore, we need to compute NM" values
Ui jy,....jn- LThis is the curse of dimensionality: the computational work for the same accuracy grows
exponentially fast in the dimension.

On the other hand, during our finite difference calculation, we compute the option prices u(t, x)
for all times ¢; and all stock prices x;, not just the price for one particular time ¢ and one particular
stock price = as in the Euler Monte Carlo scheme. It depends on the application, whether this
constitutes a (possibly big) advantage or not.

Explicit finite differences

The next step is to replace all derivatives in (6.4) by difference quotients. In the explicit finite
difference scheme we use forward differences to discretize the time derivative, that is we approximate

0 Uiyt — Uiy
(6.7) gu(fn ;) = # + O(At),
while for the space derivative we choose the approximation
52

0z

Uil — 2Ui5 + Uij—1
Azx?

(68) u(ti,xj) = + O(AZ‘Q)
Combining these approximations and solving for w;q ; (or rather its approximation v;;1;), we
obtain

Vistg = Vig + 55 (Wiger = 2055 + vig-1)-

Thus, we use the approximations at time t; to compute the approximations at time ¢;,1, and we
do so in an explicit and linear way. Note that the approximations at time ¢y = 0 are given by the
initial condition of the PDE, i.e. we set vy ; = u(0,x;), with u(0, ) given by (6.4). Obviously, the
above iteration is not well defined for j = 0, since this would require us to use a value v; _; outside
of our grid. Here the boundary conditions (6.5) come into play: we treat a as being close to —oo,
and use the corresponding boundary value. We obtain v; ps in a similar way by treating b = zps
as being close to +c0. Combining these considerations and using the notation \ := At/(Az)?, we
obtain:

(6.92) Vo = (e%@*l)“’f - e%@“)%) , j=0,..., M,
+
(69b) Vi4+1,j = Vi j +)\(Ui,j+1 —2’[)7;’]' +'Ui,j71); i=0,...,N — 1, 5= ].,...,M—].,
1 1 .
(6.9¢) Vit1,0 = €Xp (2((1 —1a + i(q - 1)2ti+1) s Vigrm =0, i=0,...,N—1
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In order to do numerical analysis, it is useful to obtain a more ‘compact’ notation for the
scheme (6.9). To this end, let us ignore the boundary conditions (6.9¢) and just implement the
iterations step (6.9b). Let (@ = (vi1,.-.,v,m—1) denote the vector of values along the whole space
grid (except for the boundary points) for one fixed time node ¢;. Then we can express the iteration
as

1—2 A 0o - 0
A 1—-2X :
(6.10) D = 4@ A= 0 0
: .. . .. A
0 0 A 1-2X

Therefore, the bulk of the computations in the explicit finite difference scheme (6.9) consists of
matrix multiplications v**1) = Av() with a tridiagonal matrix A. (Strictly speaking, this is only
true for zero boundary conditions. However, the analysis remains correct even for our non-trivial
boundary conditions (6.9¢).)

Example 6.3. Consider the following problem (Seydel [55], Beispiel 4.1): let u solve the heat
equation with u(0,z) = sin(wz) on the space domain [0, 1] with boundary condition u(t,0) =
u(t,1) = 1. It is easy to see that the explicit solution for this problem is
u(t,x) = sin(wx)e‘”zt.

In particular, we obtain u(0.5,0.2) = 0.004227. Next we are going to calculate this value using the
finite difference scheme. We fix the space grid by Ax = 0.1. First we choose a time grid At = 0.0005,
ie., u(0.5,0.2) = uq900,2, and we obtain a reasonably good approximation viggp,2 = 0.00435. Next,
we choose a coarser time grid given by At = 0.01. In this case, we have u(0.5,0.2) = usg 2 and the
explicit finite difference scheme gives a value vg92 = —1.5 X 108.

Obviously, the second choice of parameters makes the explicit finite difference scheme (6.9)
unstable, i.e., round-off errors propagate and explode by iterated multiplication with the matrix A.
(In this case, the boundary values are in fact trivial.)

It is easy to see that the map x — Ax is stable in the sense that round-off errors fade out iff the
spectral radius of A is smaller than one. By a tedious calculation, one can show that the eigenvalues
of A have the form

km
(6.11) Uk—1—2/\<1—cos<M)>, k=1,...,M —1.

Thus, the spectral radius is smaller than one if A < 1/2. Thus, we have (partially) proved the
following

Theorem 6.4. If we choose the time mesh At and the space mesh Ax in such a way that At <
1Az?, then the explicit finite difference method is stable and converges with error O(At) + O(Az?),
provided that the given boundary conditions are exact.

Remark 6.5. Given N ~ M?, we have an error proportional to M2 and the computational work
is proportional to M?3. Thus, the computational work needed to get the result with error tolerance
€ is proportional to e %2, which is much better than any of the complexity estimates given in
Table 5.1 for the Euler method or even the complexity estimate in Theorem 5.18 for the multi-level
Monte Carlo method. However, the picture changes dramatically in dimension n > 1. In this case,
the error is still proportional to M2, but the work is now proportional to M?2*™. Thus, we obtain

a complexity
Work ~ ¢~ +7)/2,

One can see that already in dimension n > 4 this crude estimate is much worse than plain Euler
Monte Carlo.
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Implicit finite differences

We can also use the backward difference to disretize the time derivative in (6.4), i.e.

0 Wi — Ui 1 i

6.12 —u(t;,x;) = =272 L O(AL),

(612) Sult ) = ML L oA

while retaining (6.8) for the space derivative. This leads to the following approximation:
At

(6.13) Vie1 = Vi g (= Vigen + 200 = i)

This scheme is not explicit anymore, because only the value v;_; ; is known from the previous step
of the iteration, while the right hand side contains three unknown values that should be computed.
This is an example of the implicit scheme, where a system of equations has to be solved at each
time step. The iteration step of this scheme can be represented in matrix notation as follows:

1+2x =X 0o - 0
- 142X :
(6.14) Av® = (D 4= 0 0
: .. . . -\
0 0 —XA 1+2A

Moreover, using similar methods as for the explicit finite difference method, one can prove the
following result (see Seydel [55, Example 4.2]).

Theorem 6.6. The implicit finite difference method is unconditionally stable for At > 0. Moreover,
it converges with error O(At?) + O(Az?), provided that the boundary conditions are eract.

Crank-Nicolson

The right hand side of (6.7) can be interpreted both as a forward difference quotient for %u(ti, zj),

involving the values u;41 ; and u; ; and as a backward difference quotient,

J Wit1,5 — Ui

—u(tiz1, ) = —2—= + O(At

Sultian,zy) = (A1)
for %u(twl,xj). Both of them agree. If we use the central difference quotient (6.8) for the sec-
ond derivative of u at (t;,z;) and (t;11,x;), equate them to the respective forward and backward
difference quotients and average these two equations, we obtain the Crank-Nicolson scheme

Vit1,j = Viyj 1

(615) Al = AL (’Ui’jJrl — QUiyj + Vi -1+ Vit1,5+41 — 2Ui+1,j + ’Ul‘JrLj,l) .

This is again an explicit scheme, since values of v at time ¢;,1 appear on both sides of the equation.
In fact, on the right hand side we even have three different values v;11 j_1, v;41,; and viq1 1. As
a consequence, (6.15) should be understood as a linear equation for (vi+1,;) JM: 1! given all the values
of v; ;. The iteration step of the Crank-Nicolson scheme can be represented in matrix notation as
follows:

(6.16) ApHD = By,
where
A A
1+ A -5 0 0 1-A 5 0 0
A : A
-5 1+2A : 5 11—
A A
2 2
A A
0 0 -3 + A 0 0 5 1-=2A



Finally, using similar methods as for the explicit finite difference method, one can prove the
following theorem (see Seydel [55, Satz 4.4]).

Theorem 6.7. Assume that the solution u of the heat equation with the given initial and boundary
conditions is four times continuously differentiable. Then the solution of the Crank-Nicolson method
is stable for every choice of Ax and At. Moreover, the solution converges and the approximation
error of the solution of the Crank-Nicolson method is O(At?) + O(Az?).

6.3 The finite element method

The finite element method (FEM) is an elegant numerical method for solving linear PDEs based on
the variational formulation of the PDE. While PDEs in finance, in particular in option pricing, are
usually of the time-dependent, parabolic variety, FEM is more transparent for time-independent,
elliptic problems. Hence, we shall first consider elliptic problems, before coming back to parabolic
problems at the end.

6.3.1 A step-by-step guide to the finite element method

We start by a hands-on introduction to the finite element method based on a simple, one-dimensional
example. Consider

(6.18a) (—a(x)u'(2)) + r(@)u(z) = f(z), xe(0,1),
(6.18Db) u(z) =0, xze{0,1}.

For the equation to be well-defined we assume that ¢ > 0 and r > 0. Regularity assumptions will
be discussed later.

Step 1: A variational formulation

As already indicated, the finite element method is based on the variational formulation of the PDE.
To this end, we first have to define the natural space on which to consider the PDE. Formally, (6.18)
requires two derivatives to exist. Nonetheless, we shall see that we can make sense of the equation
provided that only one (weak) derivative exists. We refer to Appendix D for a short introduction
to weak derivatives and Sobolev spaces.

Hence, consider
(6.19)

V= HL((0,1)) = {v . [0,1] > R ‘ o)) = fol (v(m)2 + [v'(x)]2) dr < o0, v(0) = v(1) = } .

Elements of V' are called test functions.

In order to get the variational formulation, we now formally multiply the PDE (6.18a) by a test
function v € V' and integrate from 0 to 1. Note that test functions are, in fact, regular enough that
integration by parts can be justified. Starting on the right hand side, we simply obtain

(6.20) L(v) = L f(z)v(z)d,

which we consider as a linear functional L : V' — R. For the right hand side, we have

J(l [(*a(m)u'(z))/ + T(x)u(;g)] v(z)dx

)
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As v € V, it vanishes at the boundary of the domain, i.e., at {0,1}. Hence, the first term above
vanishes and the left hand side of (6.18a) corresponds to

1
(6.21) Alu,v) = f [a(2)u (z)v' () + r(z)u(z)v(z)] dz,

0
which we will understand as a bi-linear form A : V x V' — R. Hence, the variational formulation of
the elliptic problem (6.18) is

(6.22) VoeV: A(u,v) = L(v)
for a solution v € V.

Remark 6.8. If u € C%([0,1]) is a (classical) solution of (6.18), then it is also a solution of the
variational formulation (6.22). Indeed, first of all such a w is, in fact, an element of V', and the
above formal calculation holds. Conversely, suppose that u € V n C? ([0,1]) solves the variational
formulation (6.22). Then we can undo the integration by parts and obtain

1
YveV: J [(fa(x)u’(x)) + r(x)u(x) — f(x)] v(x)dz = 0.
0

This immediately implies that the integrand vanishes for any x € (0,1) and, hence, u is a classical
solution to (6.18). On the other hand, depending on the regularity of the coefficients a,r, f, there
may exist (unique) solutions w of (6.22) which are not twice differentiable and, hence, cannot be
classical solutions of (6.18). This means, the solution concept discussed here is weaker than the
concept of classical solutions.

Remark 6.9. The key point of the above construction is the fact that the partial integration
against test functions allows us to define solutions (or candidates for solutions) which are only once
(weakly) differentiable. Of course, it would also be possible to define a variational formulation based
on the bi-linear form

(u,v) — Ll [(fau’)/ + ru] vdz.

However, that form requires more smoothness. Moreover, (and more importantly, perhaps) A is
symmetric, whereas the above form is not.

Remark 6.10. Here, we have a form A : V x V — R, i.e., the space of test functions is the same
as the space of solutions. This is not always possible, and there are also approaches to allow using
different spaces for test functions and solutions.

Step 2: Projection onto a finite-dimensional subspace

In the second step, we choose a subspace V}, < V of V with finite dimension. We choose the symbol
V;, to allude that this subspace corresponds to the discretization of the problem — and, indeed,
Vp, usually depends on a real parameter “h” in some form. V}, is the actual collection of “finite
elements”. In the current context, we choose a space of piece-wise linear functions based on a grid
0=x9 <z <---<xn41 = 1. More precisely, let

(6.23) Vi = {veC([O, 1)) | Vie{o,...,N}: o], is affine, v(0) = v(1) :o}.

$i7337:+1]

It is easy to check that V, < V and that dim Vj, = N. Other polynomial spline spaces may also be
useful.
We now consider the project problem of finding uy € Vj, such that

(6.24) YveVy: A(up,v) = L(v).

Clearly, there is no reason why the true solution u € V' of the variational formulation of our PDE
(provided it exists, is unique etc.) is contained in V},. Hence, uj, # u in general, and the projection
step induces an error in the finite element method.
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Step 3: Basis of V),

Note that (6.24) is linear in both u; and in v. Hence, we can replace the infinite system of equa-
tions (6.24) by a finite system of equations by running only through a set of vs forming a basis
of Vj,. While there are many possible bases of V},, it is advantageous to choose a basis which is
well-adapted to the problem at hand. For variational problems as considered here, a good choice
is one such that the supports of the basis functions have minimal intersection—this will become
transparent in the final step below. Hence, we an obvious choice of basis for V}, consists of “tent
functions”, i.e., functions ¢; € V, ¢ = 1,..., N, defined by the constraint that

qﬁi(xj):di,j, j=0,...7N—|—1, ,i=1,...,N.

This basis leads to an extremely simple representation of general elements of V}, as linear combination
of basis vectors. Indeed, for v € V}, we have

N
v(z) = Z v(xy)ei(x), xe€]0,1].

Hence, we are now left with the finite, linear system of equation to find uy € V}, such that

(6.25) Vie{l,....N}: A(un, ¢;) = L(¢).

Step 4: Solving the linear system

The last step is now almost trivial: we need to solve the system of equations (6.25). We will describe
the procedure in some detail, mostly to introduce some names.
First, we represent the approximate solution uy in terms of the basis,

N
up = Z i
i—1

Defining the stiffness matriz A € RN*N and the load vector L € RY by

fori,j € {l,..., N}, we end up with the system

A =T, &€=(&,....&n)".

Note that the special structure of the basis functions induces sparsity in A. Indeed, if ¢; and oy
have disjoint support, then it is easy to see that A; ; = 0.

Exercise 6.2. Set up the matrix A and the vector L in the model problem (6.18). Convince yourself
of the sparsity of A.

6.3.2 Existence and uniqueness of solutions to the variational problem

Here we consider the general problem (6.22). Le., we assume that we are given a Hilbert space V and
a bi-linear form A : V xV — R and a linear form L : V' — R. The existence and uniqueness theorem
for such problems is a classical (and surprisingly simple) theorem of functional analysis, which we
are going to present below. But first we need an auxiliary result, providing a helpful reformulation
of the variational formulation of a PDE in terms of a minimization problem.

Lemma 6.11. Assume that the bi-linear form A is symmetric and positive semi-definite, i.e.,
Yo,weV: A(v,w) = A(w,v),
YoeV: A(v,v) = 0.

Then uw € V satisfies (6.22) if and only if u is a minimizer of the functional F(v) := 3 A(v,v) — L(v),
veV.
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Proof. “=:" If u solves the variational problem and v € V is arbitrary, we need to show that
F(u) < F(v). Let w :== =% € V for some € € R. We have that

€

F(v) = F(u+ew) = <;A(u,u) — L(u)) +e (A(u,w) — L(w)) +%62 A(w,w) = F(u).
N — =0 >0
—F(w

“«:" Suppose that u is a minimizer of F' and take any w € V. Consider g(¢) := F(u+ew),g: R — R.
As g is a smooth function taking its minimum at € = 0, we have

0=9'(0) = A(u,w) — L(w).
As w was arbitrary, u solves the variational problem. O

Theorem 6.12 (Lax-Milgram Lemma). Let V' be a Hilbert space with norm ||-||,,. Assume that the
bi-linear functional A:V x V — R and the linear functional L : V — R satisfy:

(i) A is symmetric;
(i) A is elliptic, i.e., Ja >0VYveV: A(v,v) =« ||’UH%/,
(1ii) A is continuous, i.e., 3C > 0 Yo,w e V : [A(v,w)| < C |jv||y, ||w|ly ;
(iv) L is continuous, i.e, JIA >0 Vv e V : |L(v)| < A, .
Then there is a unique u € V' such that
YoeV: A(u,v) = L(v).
Moreover, we have the a-priori estimate ||ull,, < 2.

Proof. By Lemma 6.11 we have to show that there is a unique v € V with F(u) = inf,ey F(v).
Define the energy norm ||v|| := y/A(v,v), ve V. We note that [|-|| is equivalent to [-||,, as

2 2 2
alvlly < A(v,v) = [lvf|” < Clvfly -
Step 1: The minimum of F' is finite.
Let 8 := inf,cy F(v). Note that

1 1
Po) = 5 lol? = L) > 5 ol = Aol

Hence, 8 > infyer 322 — Az = —1A%2 > —o0.
Step 2: Minimizing sequences are Cauchy.
Let (v )neny denote a minimizing sequence, i.e., F(v,) — 8 as n — 0. Then

lon = vl = [[oall* + lloml|* = 2A(vn, vm)
=2 [[vnll* + 2 [[omI* = llon + v

Up + Um

= 2|Jvn® = 4L(vn) + 2 [|vm|* — 4L(vpm) — 4 ( 5

2
Up + Um
_zL(jz>>

= 4P + 4 () - (250

=B

m,n— 00
>

< 4F (vy) + 4F (vy,) — 86 0.

Step 3: Existence of a minimizer and stability estimate.
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Fix any minimizing sequence (vp,)nen and define u = lim,,_,o v,,. Note that

[F(v) = F(u)| = \; (loal® = lfull*) = L(wn = u)
< ‘;A(vn — U, Uy, + u)| + |L(vy — )|

1
< 50 l|vn — u”v llvn + UHV + Alvn — UHV

By equivalence of norms, we have ||v, —ul|,, — 0 while ||v,, + u||;, is bounded. Hence, F(u) =
lim,, o0 F(vy) = B.
As a minimizer, u solves the variational problem. Hence, we have
2
allully < A(u,u) = L(u) < Allully

A
or [lull, < 2.
Step 4: Uniqueness.
Assume that there are two solutions uy,us € V. Then for any v € V' we have

A(uy,v) = L(v) = A(ug,v).

This implies that A(u; — ug,v) = 0 for any v € V. In particular, for v = u; — ug we get A(u; —
ug,u; —ug) = 0, and by ellipticity ||u; — UQH%/ = 0. Hence, u; = us. O

Example 6.13. We show that (6.20) together with (6.21) satisfies the conditions of Theorem 6.12
provided that

lall, <o, |7ll, <o, |Ifll, <o, inf a(z) > 0.

loe z€[0,1]
(The latter condition corresponds to ellipticity and is the important condition. All norms are consid-
ered on (0, 1).) Recall that ||UH%/ = HUHig + ||v’||2L2 in this example. Before verifying the assumptions,

note that Hv||%, <2 Hv’||2Lz, since (by Jensen’s inequality)

J: v(m)de = Jol &(PL + J: o' (y)dy 2 dr < Ll xf: (v'(y))2 dydz
1

1

= L (v'(y))zf wdrdy < ;f (v/ ()" d,

Y 0
or, more compactly,

1
(6.26) lolize < 5 /117

Note that (6.26) is a special case of the Pincaré—Friedrichs inequality.
We now verify the four assumptions of the theorem. Symmetry of A is clear. For ellipticity, note

that
1

1
1
Alv,v) = j a(x) (U’(Z‘))le‘ +J r(z)v(z)?dr > (inf a) ||v’||2L2 >3
0 0
For continuity of A note that

. 2
(inf a) ||v|}, -

1 1
[A(v, w)] < . la(@)] v/ (2)w' ()] d$+JO ()| [u(z)o(z)]
<llall [[vw|| 1 + N7l owll
< Mlallgg [['[| 2 lw'[] L2 + el 0l 2 N1l 2
<

(lalloo +lIrlloo) Tolly llewlly -

Continuity of L follows in the same way.
Note that we therefore obtain existence and uniqueness of solutions without any smoothness
assumptions on the coefficients.
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6.3.3 Error estimates

In general, as made precise by the following theorem, the error in the finite element method depends
on

e the smoothness of the true solution;
e the approximation quality of V; < V.

Theorem 6.14. Assume the conditions of Theorem 6.12. Moreover, let w: V — V}, be a projection.
Then for the solution u and the corresponding finite element approximation up of the variational
problem based on Vi, < V', we have

C
lu—unlly =l —unll g2 <A o llu=muly

Proof. By definition, we have

YoeV: A(u,v) = L(v),
Yo eV A(up,v) = L(v).

Hence, the error e := u — uy, is orthogonal to V}, in terms of the energy norm, as
VvoeVy: A(u—up,v) =0.
We have

Ale,e) = Ale,u — mu) + A(e, mu — up,)
——
eV
= Ale,u — wu)

< llefl {lu = mul.

Dividing by ||e]||, squaring and using the continuity of A we get

C
A(u — mu,u — mu) < —||u—7ru|\%/. O
a

1 1
R

Error estimates therefore require two pieces of information: how smooth is the true solution,
and how well can such a function be approximated by functions in V. We come back to our one-
dimensional example. We first discuss the latter question.

Lemma 6.15. For V and V}, defined in (6.19) and (6.23), respectively, let 7 : V — V}, be defined

by Tu(x) = Zfil v(x;)di(x), based on the basis ¢; of tent-functions. Let v € V be such that v” exists
in a weak sense and is square-integrable. Then we have

|v —mv||,, <Ch, h:= ,max |xip1 — x4
Proof. We first compute ||(v — 7T’U)/||ig. For x € (x;,x;41) we have
() () = WO gy
Tip1 — T

for some ¢ € (z;,2;11). (Note that £ does not depend on z.) Hence,

wuwwmwu>=uuwwmo=me@m&

3
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Using Jensen’s inequality, we further obtain

|- P |

T4 Zq

2
dx

Ti41

f " (s)ds

3

<[Me-g f(v%s))?dsdm

Zq

Li+1

< h(wipq — xl)f (v"(s))%ds

Ti+1
< h? J (v"(s))?ds.

z;
Adding up the integrals, we obtain
1

N LTi+1
v — (mv) 22= v(x) — () (z 2dx<h2 v"(s))%ds.
o = oyl = X | 7 ) - oy [ ey

0

Similarly, for z € (x;, x;41) we get
v(z) — mv(x) = [v(x;) — mo(z)] + fx [v(s) — (wv)'(s)] ds = Jx [v/(s) = (7v)'(s)] ds.

Hence,

Ti41 9 Ti4+1
J |v(z) — mo(x)|” da = J dx

Zi Zi

Jw [v'(s) - (m))'(s)] ds

T

Ti41

<h fz [v/(s) — (71'11)’(5)]2 dsdx

Zq

Li41 Li41 9
< hf dxf [v(s) = (mv)'(s)]" ds
Zq €Zq B

<h <h? Sz;*l(v”(s))st

Ti41
< i f (0" (5))2ds.

Summing up, we get

1
o = mof2s < h4f (0" (s))2ds. 0
0

Regarding regularity of the solution, note that smoothness of the solution to (6.18) follows from
the “elliptic regularity theorem”. More precisely, if (in addition to the conditions in Example 6.13)
a is continuously differentiable and f is square integrable, then we indeed have u” € L?. In fact, we
can bound |lul| 2 < C || f]| -

Theorem 6.14 together with Lemma 6.15 give us the error estimate

(6.27) lu = wn | g1 < const [|u”]] ., A

provided that u is twice weakly differentiable. By definition of the ||-|| ;1 this means that both u—uy,
and v’ — u}, have an error of order h in the L? sense. However, in many situations we might only be
interested in estimates for the L2-error of the solution u, u;, rather then its derivative. The following
result shows that the error estimate can be improved in this case.

Lemma 6.16 (Aubin-Nitsche duality). Under the conditions of Lemma 6.15 we have ||u — up|| ;> <
C lull 72 22
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Proof. The constant C' can change from occurrence to occurrence in this proof. With e := u — uy €
V = H}((0,1)), we consider the dual problem of finding ¢ € V s.t.

YoeV: A(p,v) ={e,v)2,

i.e., the original problem with f replaced by e. From our previous results, we know that there is a
unique solution ¢ € V, and since e € H} < L?, we also have elliptic regularity.

Recall that Céa’s lemma implies that e is orthogonal to V}, w.r.t. the energy norm. Hence, using
the particular test function v = e € V', we have

lel72 = e e)pa = Algre) = Ale,d — 9) < |le]| |6 — 74 -

Lemma 6.15, we have

|6 — 7ol < Ch ¢l g2 < Chllell - -

Inserting into the above inequality, dividing by |le||, -, and using equivalence of ||-|| and ||| as
well as (6.27), we obtain

lell 2 < Chllell < Chllell g < Ch? [lull 2 - =

6.3.4 FEM for parabolic equations

For simplicity, we only consider the one-dimensional heat equation with vanishing Dirichlet bound-
ary condition, i.e,

(6.28a) owu(t,z) = Ault,z) + f(t,x), O0<z<1l, 0<t<T,
<t

(6.28b) w(0,2) = up(x), 0<zx<1, u(t0) =u(tl)=0 0 <T,

where A = 02 only acts on the space variable x.

We will not develop a proper solution theory for (6.28). Rather we assume that there is a unique
solution in the following sense: Consider ¢ — wu(t, -). Then the classical derivative ¢t — dyu(t, -) exists
and u € L* ([0, T]; H} (G)) with ,u € L? ([0,T]; H~(G)) with, in our case, G = (0,1), and satisfies:

(6.29) YO <t<T, Ve H})(G): {dult,-) ’U>H*1(G);H3(G) + A(u,v;t) = L(v;t), u(0,-) = ug.

Remark 6.17. For the heat equation (6.28), the bi-linear form A(w,v) = (w’,v’),. is indepen-
dent of ¢, and we chose L = 0. In addition, it is natural to assume that dyu(t,-) € H 1(G),
since, by the equation, d,u(t,c) = Au(t,-), i.e., taking one time derivative corresponds to tak-
ing two space derivatives. In this context, H~1(G) is, in fact, the dual sppace of HJ(G), and

(-, ->H,1(G);H5(G) denotes the duality bracket between H~!(G) and H}(G). For our purposes, we

will act as if this bracket coincides with the L?(G)-inner product (-, -); », although H~'(G) 2 L*(G).
For instance, as H}((0,1)) = C([0,1]), the point-evaluation functional, i.e., the delta distribution
6. € H71((0,1))\L?((0,1)), 0 < = < 1.

An important property of the heat equation is energy dissipation.
Theorem 6.18 (Energy dissipation). There is a constant K s.t. the solution u of the heat equa-
tion (6.28) satisfies

2 _ 2 I 2
[u(t, )z <e KtHU0HL2+? L K= £ (s, )72 ds.

Proof for the case f =0. We test dyu(t, -) against the test function u(¢, -) using that A(u(t,-), u(t,)) =
0zu(t, )72 = 2||u(t,-)||3> and obtain

1d
5 7 1tz + 2|t Iz = Quult, ) ult, e + 2 fult, Iz < 0.
This implies that
d At 2
— . < 0.
= (e flu(t, )3 ) <0 =
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We now add time-discretization in the form of the Euler scheme. For simplicity, we only consider
uniform grids, i.e., space grids x; := jh, 0 < j < N + 1, which are used to define V}, as in (6.23),
h = 1/(N + 1). We also consider a uniform time grid t"™ = mAt, 0 < m < M, with At := T/M.
For arbitrary functions w = w(t, x) of (t,x) we introduce the notation

(6.30) w™ =w(™,:), m=0,...,M.

We obtain the forward and backward Euler methods by replacing the time-derivative in (6.29) by a
forward and backward difference quotient, respectively, and restricting the test functions to V, < V.

Definition 6.19. Consider a sequence u}* € Vi, m = 0,..., M, such that u% is obtained as L2-
projection of ug on Vj, i.e., Yv € V}, : <uh Uug ,v>L2 = 0. (uzl)n]\fzo is the forward Fuler approzi-
mation of the heat equatlon (6.28) iff

m+1 _ m
Vvth:<uhAtuh,v> + A(up',v) = (f™,v)2, m=0,...,M—1.
L2

(u)M_  is the backward Euler approximation of the heat equation (6.28) iff

m+1

YoeVy: <M,v> + At o) = (M 0y, m=0,.. M — 1.
L2

At
These equations can be reformulated as
(6.31) VveVy: (uptt, vy, 5 = (upt vy — AtA(u, v) + ALf™ vy, m=0,..., M —1,
for the forward Euler method and
(6.32) Yo eV, : <u U>L2+AtA( m“, v) = (up' ,v);e +At<fm+1 ,v>L2 , m=0,...,M—1,

for the backward Euler method. We also define the general #-scheme in a similar way as for finite
difference methods. Let us introduce another short-hand notation: for a function w = w(¢,z) in
(t,z) and 0 < 0 < 1, define

(6.33) w0 = Qw1 ) + (1 - Qw(t™,), m=0,...,M—1,

such that w™ and w™*! in the sense of w™*? for § = 0 or § = 1, respectively, coincide with the
original definitions in (6.30).

Definition 6.20. Consider a sequence uj* € V, m = 0,..., M, such that u is obtained as L2-
projection of ug on Vj, i.e., Vv € V}, : <uh Ug ,v>L2 =0, and ﬁx 0 <6< 1. Then (u)M_, is the
solution of the 8-scheme iff

uerl_unL
<hh,v> + A(u m+9,v):<fm+9,v>L2, m=0,...,M — 1.
L2

We note that the #-scheme with 6 = 0 coincides with the forward Euler scheme and the 6-scheme
with 8 = 1 coincides with the backward Euler scheme.

We next study stability of the Euler schemes. As in the case of finite difference scheme, it turns
out that the backward Euler scheme is stable regardless of the choices of h and At, whereas the
forward Euler scheme is only stable provided that At is sufficiently small for given h. More generally,
we have

Theorem 6.21. For 1/2 < § < 1 the §—scheme is unconditionally stable, i.e., its solution (uy*)M_,
satisfies

M—
max i’ l[7: < |7 + At Y [lF77

1<m
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For 0 < 0 < 1/2 the 0-scheme is stable provided that for some 0 < € < 1 we have At < 6(%229)(1—6).

M

In this case, its solution (u}'),._, satisfies

M—1
m||2 012 m-+0 |2 o 1
 max it < [uf||; > + ccAt mZ:O 1., ce= 1z T AL = 20)(1+1/e).
Proof of the case 1/2 < 6 < 1. We test the scheme given in Definition 6.20 with v = uZ”e € W,
and obtain

UZT-H —UL o m+0|2 m+6  m+0
(6.34) AL » Up, + [V [, = (f Jup s
L2
Note that
m+1 m m+1 m m+1 m
+ - +
upt = Qu T (1-0)u™ = (0-1/2) (up ! —up )+ S — Ap(g-1/2) B T

2 At 2

Plugging this into the left-most term in (6.34), we obtain

m+1 _  m 2 1
maean IR (i A A 72 R Al PR A o

At(6—1/2
(0-1/2) Lt

As 0 = 1/2, the first term above is non-negative and can therefore be omitted for a lower bound

m+1(|2
L2

[Juj, — g3

2At

o s PR vt IS

The Poincaré-Friedrichs inequality (6.26) as well as the trivial bound ab < (a? + b*)/2 imply that

m+1(2
[

H“h = [lup

2A¢t

2

1 1
i oo, < T, + 2 )2,
which, in turn, gives

2
— llup' Iz
2At

m+1]|2

1 a2
<31l 0

We next come to the actual convergence result. We will restrict ourselves to the backward Euler
scheme and the error in the L2-sense, i.e., we formulate the analogue of Lemma 6.16.

Theorem 6.22. Consider the solution u of the heat equation (6.28) and its backward Euler ap-
prozimation (ui)M_.. In addition to our standing assumptions, we assume that for all t € [0,T)]
we have

sup H@fu(t, ')||L2 <00, sup ||Gpu(t, )| g2 < 0.
te[0,71] te[0,T7]

Then there is a constant C > 0 such that

max [u™ —up?|| . < C (At + h?).

m=0,...,

Proof. Let Py, : V — V}, denote the orthogonal projection w.r.t. the energy norm |[v]| = 4/ A(v,v),
and denote e}’ := u™ — uy' € V. We consider the error decomposition

(6.36) et ="+, g i=u" —Prum eV, M i=Pru™ —up € Vi,

By definition, Yv € Vj, : A(u™ — Ppu™,v) = 0, i.e., Galerkin orthogonality holds for Ppu™. Recall
that Galerkin orthogonality was the basis of the whole error analysis for the elliptic case. Hence, we
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obtain the error results of Lemma 6.15 and Lemma 6.16 for u replaced by u™ and up replaced by
Pru™. Hence, we have

(6.37) ™| 2 < const |[u™| ;2 A%, m =0,..., M.

(Regarding m = 0, we refer to the proof of Lemma 6.15.) A similar calculation shows that the same
estimate holds for the difference quotient, i.e.,

m+1l _ .m

h?, m=0,...,M—1.
H2

(6.38) H L il < const

At

um+1 —um
Lo At

We next come to the estimation of £™, starting with m = 0. As € is L?-orthogonal to V,, we

have
<£0,v> 5 = <62—7}0,U> 5 :—<7707v> ., VeV,
L L L

Choosing v = £° € V}, and applying Cauchy—Schwarz, we obtain

(6.39) 1€ 12 < [[n°]] 12 < const [Juo |l = h*.

Moving on to 1 < m < M, an elementary computation gives that

€m+l _ gm um+1 —um nm+l _ nm
Vi A m+1 _ _ m+1 _
Yv eV, <At , U . + A(¢ , V) A Oru A7 , U "

i.e., £™ is itself the solution of a backward Euler discretization of a heat equation with right hand
side given by

u

f‘m-‘rl — _ atum+l _n

By Theorem 6.21, we have

1<m<M

(6.40) max_[|l€™]7. < ||€°)7, + At MZ o
. L2 \ L2 = 12
and we are left to estimate

Hfm+1‘ <
L2

m+1 m m+1 m

u —Uu

At

n —-n

— 0 m+1
t At

=1+1I.
L2

iy

L2

Regarding the estimation of I, Taylor’s formula implies that

W @) — () L
7 — o™ (x) = AL (t —t™)0;u(t, x)dx,
further giving us
'm+1 tm+1
f f (t = ¢ oFult, o) ddo < Atf lo2u(t, )|, dt
<Atz m

Regarding the estimation of II, a similar calculation based on (6.38) shows that

m+1 _ . m m+1l _ ,m
Il = L/ < const d v h?
At L2 At H2
tm+l

1 2

= const —J Oru(t,)dt|| h

H2

gl 1/2 h2

< const oru(t dt .
| el ) T
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Combining the estimates for I and I, we obtain

pm+l 4

Hfmﬂ”iz < const (At Lm || oFult, )||i2 dt + % ftm

pm+l

12su(t, )17 dt) ;

implying that

M-1 9 T ) T
At Z Hfm“H < const At2f l|oFu(t, )|, dt+h4f l0cu(t, )% dt
m=0 L2 0 0
< const(At? + h?).
Plugging the estimate into (6.40) and combining it with (6.39), we obtain

max €™ |2 < const(At + h?),

yeeey

which finishes the proof. O

Remark 6.23. For the Crank—Nicolson scheme, i.e., the f-scheme with § = 1/2, one can prove
(under similar conditions) an L?-error of order At? + h2.
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Chapter 7

Fourier methods for option pricing

In Chapters 2 and 5 we have studied probabilistic numerical methods for the valuation of derivatives,
while in Chapters 3 and 6 we have discussed deterministic numerical schemes. This chapter continues
the study of deterministic methods for option pricing by introducing Fourier transform methods.

Let us recall that we are interested in computing the expectation of f(X), i.e. E[f(X)]. Fourier
and other transform methods for option pricing can be schematically represented as follows:

(7.1)
E[f(X)] = j f(@)Py (dz) —— f TV (T(})) (2)Px (dx) —— E[f(X)] = j T(f) ()T (Bx) (),

where T is a suitable transformation and 77! its inverse. The most popular choices for the trans-
formation T are the Fourier and Laplace transforms (Carr and Madan [7], Raible [48]), the Hilbert
transform (Feng and Linetsky [19]), and the cosine series expansion (Fang and Oosterlee [18]).

These methods should be used when the computation of the right hand integral in (7.1) is
(much) simpler than the computation of the left hand one; in particular, when the functions T'(f)
and T(Px) are well-defined and known explicitly. Let us point out that there are many examples
in mathematical finance where Px is not known explicitly, while its transform T'(Px) is known;
think, for example, of Lévy and affine processes where the probability density function is typically
unknown while the characteristic function is provided by the Lévy—Khintchine formula, resp. the
solution of the generalized Riccati ODEs. In the sequel, we will provide explicit conditions such
that these quantities are well-defined and discuss when it is advantageous to use Fourier transform
methods for option pricing.

7.1 The Fourier transform

We will first provide a short and self-contained introduction to the Fourier transform following
Deitmar [12] and Rudin [50], before proceeding with applications in mathematical finance.
Let us denote by L'(R) the space of all functions f : R — C with finite L'-norm, i.e. such that

1l = fR|f<x>\da: <,

while L] (R) denotes the space of functions in L'(R) which are continuous and bounded.

Definition 7.1. Let f € L*(R), then define its Fourier transform by

~

(7.2) flu) = fR e f(x)dx, wueR.

We extend the definition to u € C provided that the integral above exists.
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Remark 7.2. The following simple estimate shows that the Fourier transform is bounded for every

fe LY R):

(7.3) 1P| < f €| (2)|de < | £ 11 < o0,

The next result shows that the Fourier transform of a function, apart form being bounded, is
also continuous and vanishes at infinity. The latter is also known as the Riemann—Lebesgue Lemma.

Let Cy denote the space of continuous functions vanishing at infinity.
Theorem 7.3. Let f € L'(R), then fe Co.
Proof. Let u,, — u, then

| Flun) — Fu)] < f o — | £ () de < 2 f] 11 < o,

and by the dominated convergence theorem we get that

fun) —— f(u),
hence f is a continuous function. Moreover, using that e = —1, we get that

f(u) JR e“””f(x)dx _ _ J eiuz+i7rf<x)dx _ JR elu(er%)f(x)dx

R
__ JR e (- %) da.

Therefore, we have that

thus, writing fr /., () = f(z — 7/u), we get that

~ 1
F] < 315 = Frrulye =0,

|u|—00

since the mapping u — fr/, is uniformly continuous (cf. [50, Thm. 9.5]).

O

Next, we shall derive several useful properties of the Fourier transform. More precisely, the

Fourier transform converts multiplication by a character, i.e. by e'%®

, into translation and vice versa,

while it converts convolutions into pointwise products. Moreover, the Fourier transform converts
differentiation into multiplication by —iu and wvice versa, a fact that is very usefull in the study of

differential equations.

Theorem 7.4. Let f € L'(R).
(i) If g(x)
(ii) If g(=)

(ii) If g(x)
(iv) If g(x) = F(=2), then §(u) = f(u).

(v) If ge LY(R) and h = f * g, then h(u) = f(u)§(u).

~

f(2)e'% for a e R, then g(u) = f(u + a).

f(x —a) for a e R, then g(u) = ei"af(u).

~

f(X) for Xe Ry, then g(u) = Af(Au).
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(vi) If g(z) = iz f(z) and g € L*(R), then [ is continuously differentiable with
(F) ) = g,

(vii) Let f € C'(R) and assume that f, f' € Li (R). Then
() = —iuf(u)

~

and, in particular, uf(u) is bounded.
(viii) Let f € C*(R) and assume that f, ', f" € Li_(R). Then fe L} (R).

Proof. (i), (i), (#7) and (iv) follow directly from Definition 7.1.
(v) The operation f * g is called convolution and is defined via

(f * 9)(x) = f (gl - y)dy.

Then, using Fubini’s theorem we get that

I +aler = [ | [ 0ot - nafas
< JR fR [f(m)g(z — y)|dydz
=J f (y”dyf l9(@)lda = £z llglze < o.
R R

Moreover, using Fubini’s theorem once again, as well as the translation invariance of the Lebesgue
measure, we have that

Feg)u) = f ¢ (1 # g)(x)da
= [ [ rwgte - iy
R R
- f e f(y)dy f =) g(z — y)dz = F(w)§(u).
R R

(vi) Observe that

(7.4) f(z)dz.

fw) = flw) _ J Gur €T 1
v—u g v—u
Let o(z,u) = = (e — 1), then |¢(z,u)| < |z| for all u # 0 and
o(r,u) — iz as u—0,

where the convergence is locally uniform in z. Therefore, using the dominated convergence theorem,
as v — u we get from (7.4) that

(7) = [ dviaf@ds = g,

(vit) Since f is integrable, there exist sequences A,, B, — o such that f(—A,), f(B,) — 0.
Then, using integration by parts, we have that

B"L .
f'(u) = lim e f'(x)dx
n—w J_ 4
. B . A B‘n' .
T iuB, o —iuA, e IR s dum
= lim {elP f(B,) — e A (= A,) |~ lim e f @)
= fiuf(u).
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~

The boundedness of uf(u) follows from the previous equality and Remark 7.2.

(viii) Since f, f', f are integrable and f is two times continuously differentiable, applying (vi7)
twice yields that ﬁ(u) = —uf (u). Moreover, from the latter result together with Remark 7.2 we
get that (1 + u2)f(u) is a bounded function. Hence, we arrive at the following:

~ 1
J | f(w)|du < const J ——du < 0. O
R r1+u

We have shown that certain operations on functions correspond nicely to operations on their
Fourier transforms. This correspondence would be of great interest if there was a way to return from
the transform to the function itself, in other words, if there was an inversion formula. The inversion
formula obviously involves the inverse Fourier transform whose definition is provided below and
shows that, apart from a constant and a sign change, the Fourier transform is inverse to itself.

Definition 7.5. Let g € L'(R), then the inverse Fourier transform of g is defined as

1

g(u) = % e

e Wg(z)dz, wueR.
In order to prove the inversion formula, we need some auxiliary definitions and results. Define,
for A\e Ry and z e R

1 .
(7.5) ha(z) = o JR e Mulg=iuz gy,

and note that

0<e <1 and e M —1.
A—0

Lemma 7.6. We have that

A

(7.6) ha(z) = @ N

and f h(z)dz = 1.
R

Moreover, hy(z) = xhi(%) for every A > 0.

Exercise 7.1. Show that S]R ﬁdx = % and prove Lemma 7.6.

Lemma 7.7. Let f € L{_(R), then for every A >0

(F # (@) = 5 [ e Fuydu.

Proof. Using Fubini’s theorem, we can compute directly
(F+ma)(a) = | (e =)y

1 .
_ f 1) 5 f oMl o—iu—1) quidy
R R

1 . .
_ ef)\|u\efma: (J eluyf(y)dy> du,
2 R R

which yields the result. O

Lemma 7.8. Let f € L{ (R), then for every x € R we have

lim (f + 7y (2) = f ()
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Proof. Since SR hx(z)dz = 1, using a change of variables we get that
(f = hy)(x ff Jha(z —y)dy — Jf Yha(y
—fR (F(x ) — F(2)) h()dy
- | == s 3 (§)an
- | (=)= @) mway.

Since f € L{.(R), there exists a C > 0 such that |f(z)| < C for every z € R. Hence, the integrand
is dominated by 2Chq(y). Moreover, as A — 0 then f(x — Ay) — f(x), thus by the dominated
convergence theorem we get the result. O

Theorem 7.9 (Inversion Theorem). Let f € Li_(R) and assume that fe LY(R). Then, for every
r € R, we have

¥

(7.7) f(x):i f e fuydu e f(x) = f(x).

2 R
Proof. We have shown, for A > 0, that

(Fma)la) = 5= | e flugda

The left hand side tends to f(z) as A — 0, ¢f. Lemma 7.8, while the integrand on the right hand
side is dominated by |f(u)|. Hence, the claim follows from the dominated convergence theorem. [

7.2 The Fourier method for the computation of expectations
and option prices

We will start by showing how to compute integrals of the form I[f; X] = E[f(X)] using the Fourier
transform. Let Px denote the law and Mx the (extended) moment generating function of the
random variable X; that is

Mx (u) = E[e“X]

for suitable u € C such that the expectation is finite. We associate a dampened function fr to any
function f, defined via

(7.8) fr(@) =ef(z), zeR,

for some R € R. Moreover, we define the following sets:
(7.9) T:={ReR: fre L. (R) and fre L'(R)} and J:={ReR:Mx(R) < w}.

Theorem 7.10. Assume that R ;=TI nJ # & and let R € R. Then, the expectation I|[f; X] is
provided by

(7.10) f Mx (R — i) f(u + iR)du

Proof. Using the definition of the dampened function (7.8) we have that

(7.11) 11f: X] = fRfu)PX(dm) - f % f(2)Px (d).
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Take an R € R # &, then we have that fr € L] _(R) and its Fourier transform Fr is well defined for
every u € R and is also continuous and bounded. Additionally, fr € L{_(R). Therefore, using the

Inversion Theorem, cf. Theorem 7.9, f}; can be inverted and fr can be represented, for all x € R,
as

(7.12) Falz) = — JR e T (w)du.

:271'

Now, returning to the integration problem (7.11) we get that

JR elt <2l7r JR eiwuﬁg(u)du> Px(dz)

L ( J e<Ri">xn>X(dx)>]§(u)du
R

27 Jg

I[f; X]

(7.13) % JR Mx (R —iu) f(u + iR)du,

where for the second equality we have applied Fubini’s theorem, while for the last one we have
Fa(u) f BT (o) d — F(u +iR).
R

Finally, the application of Fubini’s theorem is justified since

[ [ et iFatmiaurian < [ o ( [ iFatoiau)exan

< const - Mx(R) < oo,

where we have used again that fr € L'(R) and Mx (R) is finite for R € R. O

Remark 7.11 (Dual assumptions). Assumption R = Z n J # & implies in particular that the
function f is continuous. However, dealing with discontinuous functions in this framework is also
of significant interest; think, for example, of the function f(z) = 1{,<;; which corresponds to the
payoff of a digital option in mathematical finance. In that case we can work with the ‘dual’ sets

(714) T':={ReR: fre L'(R)} and J' :={ReR:Myx(R) <o and Mx(R—1i)e L'(R)},

and assume that R e R/ := I’ nJ’ # &. This assumption yields that e Py possesses a continuous
bounded Lebesgue density, say p; ¢f. Breiman [4, Theorem 8.39]. Then, we can identify p, instead
of fr, with the inverse of its Fourier transform, i.e. with the inverse of the characteristic function of
the random variable X, and the proof goes through with the obvious modifications. This statement
is almost identical to Theorem 3.2 in Raible [48]. Let us point out that there is an interesting trade-
off of continuity between the function f and the distribution of X; or, equivalently, a trade-off of
integrability between f and My.

Remark 7.12 (Minimal assumptions). The minimal assumptions for the existence of a Fourier
integration formula are the following: R € Ziniy N Jmin # &, Where

(7.15) Twin i= {R€R: fre L'R)} and Juin := {ReR: Mx(R) < w0},
and the formula exists as a pointwise limit; c¢f. Eberlein et al. [16, Theorem 2.7].

The prerequisites of Theorem 7.10 are quite easy to check in specific cases, apart from the
condition fr € L{.(R). In general, it is also an interesting question to know when the Fourier
transform of an integrable function is integrable. This problem is well understood for smooth (C?
or C®) functions, see e.g. Deitmar [12], but the functions we are dealing with are typically not

81



smooth. Hence, we will provide below an easy-to-check condition for a non-smooth function to have
an integrable Fourier transform, which generalizes Theorem 7.4(viii).
Let us consider the Sobolev space H!(R), with

HY(R) = {g e L*(R) ‘ 0g exists and dg € LQ(R)}a

where dg denotes the weak derivative of a function g; see e.g. Sauvigny [52]. Let g € H*(R), then
from Proposition 5.2.1 in Zimmer [61] we get that

(7.16) 0g(u) = —iug(u)
and §,0g € L2(R).
Lemma 7.13. Let g€ H*(R), then g € L*(R).

Proof. Using the above results, we have that

(7.17) © > JR (f3C)” + ()" ) du = JR 3w (1 + Juf?)du.

Now, by the Hélder inequality, using that (1 + |u|)? < 3(1 + |u|?) and (7.17), we get

1+ |ul

fR [6(u)|du = j )|yt

and the result is proved. 0

7.2.1 Applications in option pricing

Let us now turn our attention to the computation of option prices using Fourier methods. In the
sequel we will work in the following framework: Let S = (S;):>0 denote the price of a financial asset
which is modeled as an exponential semimartingale, i.e.

(7.18) S, = SpeXt, =0,

assuming that S is a martingale under some probability measure P, while the interest rate equals
zero for simplicity. We want to compute the price of a European option with payoff F(St) and
assume we can rewrite this in terms of the log-price X; then it follows:

(7.19) F(St) = f(Xr+s) and E[F(S7)]=E[f(Xr +s)] =:1I[f;X],

where s = log Sp and X = Xp + s. We call f the payoff function and X the payoff variable. Then,
using Theorem 7.10 we get immediately that the price of this option is provided by

~

(7.20) E[f(Xr + )] = % JR SENM (R — iu) f(u + iR)du,

for a suitable R € R. Indeed, in order to arrive at this formula from (7.10) it suffices to note that
My (u) = E[e"X7F9)] = S¥ M, (u).

Remark 7.14. We consider a European ‘vanilla’ option for the sake of simplicity, i.e. an option
that cannot be exercised early and depends only on the value of S at time T. We can also consider
exotic, path-dependent options in the same framework, assuming that the payoff variable X takes
values on a space of paths and its moment generating function is known; cf. [16, p. 5].
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Figure 7.1: Call payoff function in log-price (left) and its dampened counterpart (right).

Remark 7.15. There are many different ways to derive the Fourier formula for option pricing in
(7.20), see Schmelzle [53] for a comprehensive overview of the related literature.

Example 7.16 (Call option). The payoff of the standard call option with strike K € R, is f(z) =
(e — K)*. Let z € C with Sz € (1, 0), then the Fourier transform of the payoff function of the call

option is

x 0
f(Z) = J eizm(em _ K)+dx _ f e(l-‘riz)zdaj _K IREZET
R In K n K
(7.21) — _K1+iz; -‘rKiZE _ ﬂ
1+iz iz iz(1+iz)

Now, regarding the dampened payoff function of the call option, we easily get for R € (1,00) that
fr € L (R) n L*(R). The weak derivative of f is

0, ifz <InK,
(7.22) Ofr(x) = { e Rr(e* — Re® + RK), ifx>mK.

Again, we have that dfr € L?(R). Therefore, fr € H'(R) and using Lemma 7.13 we can conclude
that J/“;g € LY(R). Summarizing, the Fourier transform of the call payoff function is provided by
(7.21) and Z = (1, 0).

Let us point out here that the call payoff function is neither integrable nor bounded as required
in order to apply the Fourier transform method. The role of the dampening parameter R is exactly
to make this function integrable and bounded; see Figure 7.1 for an illustration.

Exercise 7.2. Show that the Fourier transform of the put payoff function f(z) = (K —e®)% is also
provided by (7.21) and that Z = (—o0,0).

Exercise 7.3. Compute the Fourier transforms and the sets Z or Z’ for the following payoff func-
tions: (i) digital 1,<py, (ii) double digital 11,<,<py, (iii) asset-or-nothing digital e*1y, <y, (iv) self-
quanto call e®(e* — K)*, and (v) power call [(e* — K)*]?.

Example 7.17. Fourier methods for option pricing are particularly well-suited for the class of
models known in mathematical finance as exponential Lévy models, i.e. when the semimartingale
X in (7.18) is actually a Lévy process; see Appendix B for a brief introduction to Lévy processes.
This class of models is very broad and contains, among many others, the VG and CGMY processes
(Madan and Seneta [40], Carr et al. [8]), the generalized hyperbolic and normal inverse Gaussian
(NIG) distributions (Eberlein and Prause [15], Barndorff-Nielsen [3]), as well as the Meixner pro-
cess (Schoutens [54]). The density function is typically not known in these models, however the
characteristic function of Lévy processes admits an explicit representation via the Lévy-Khintchine
formula in terms of the Lévy triplet; see Theorem B.5. Consider now a Lévy process X = (X;)i=0
with triplet (b, ¢, ) and assume that its moment generating function is finite for all u € [a, b]. Then,
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we can show, cf. Exercise 7.5, that the extended moment generating function is well-defined on the
strip {u € C: a < Ru < b} and equals

(7.23) My, (1) = exp {bu + % + JR (" — 1 — uz) I/(dx)} .

In other words, for exponential Lévy models we get that 7 = [a, b], and we can use Fourier methods
for computing, for example, the price of a call option as long as [a,b] N (1, 4+©) # .

Exercise 7.4. Prove that the set [a, b] above contains [0, 1]. (Hint: S is a martingale.)

Exercise 7.5. Let p be a measure on the space (R,B(R)), define its characteristic function via
p(u) = §e™p(dz) for u € R, and assume that [e““p(dz) < oo for all u € [a,b]. Show that the
characteristic function p has an extension that is continuous in (—o0, 00) x i[—b, —a] and is analytic
in the interior of this strip, é.e. in (—00, 0) x i(—b, —a).

Example 7.18. Fourier methods are also well-suited for affine models, see Appendix C for an
introduction, since the moment generating is provided by the solution of a system of (generalized)
Riccati ODEs, see (C.1) and (C.2). Many stochastic volatility models are of affine form, i.e. the
log-price is given as the first component of an n-dimensional affine process, while the other compo-
nents are interpreted as some sort of volatility, e.g. volatility, volatility of volatility and so on. The
interpretation of the Heston model as an affine process is provided in Example C.6.

7.2.2 Computation of Greeks by Fourier methods

The structure of the asset price model as an exponential semimartingale (7.18), and the resulting
structure of the option price function (7.20), allow us to easily derive general formulas for the
sensitivities of the option price with respect to model parameters. In this subsection we will focus
on the delta, the sensitivity of the option price with respect to the initial value, while sensitivities
with respect to other parameters can be derived analogously.

The delta (A) of an option price is the partial derivative of the price with respect to the initial
value Sy. Therefore, for a generic option with payoff function f and payoff variable X, we have that

0

(7.24) Ay(X;So) = a—SOE[f(XT + log So)].
The following theorem provides a formula for the computation of the delta based on Fourier trans-
forms.

Theorem 7.19. Assume that the asset price process is an exponential semimartingale as in (7.18)
and the price of an option with payoff function f and payoff variable X is given by (7.20). Moreover,
assume that one of the following holds:

(i) |ul|Mx, (R —iu)| is integrable and F+ iR) is bounded;
(ii) ul|f(u+iR)| is integrable and Mx, (R —i-) is bounded.
Then, the delta of the option price is provided by

~

f(u+1iR)

1 .

(725) Af(X; So) = — f Sé?'ilimMXT (R — 1u)
21 R

Proof. Assuming we can exchange integration and differentiation, it follows easily that

A(X:50) = -2 E[f(Xr + 5)]

0So
_ if 0 gh—iupg (R — i) f(u + iR)du
B 2w R 650 0 Xr
1 R—1—i  flu+iR)
- fupr —u) 2 g,
o RSO xp (R —iuw) = iu)—ldu
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Now we have to justify this operation. Using Elstrodt [17, Satz IV.5.7] and the elementary inequality
Imf| + |[Ref| < 2|f|, we get that we can differentiate under the integral sign if there exists an
integrable function ¢ such that for all w € R and all Sy > 0

0

aS() (u SO) g( )a

where
G(u, So) = SET My, (R — iu) f(u + iR).

Now we can estimate the partial derivative of the function G:

0 . ~
a5, G lus So)| = [elF1T ISR —jul| Moy (R — w)f(u + iR)|

(7.26) < (1 + [u)|Mx, (R — i)||f(u + iR)| =: £(u).

Sufficient conditions for the function £ in (7.26) to be integrable are provided by conditions (¢) and
(i4) in the statement above. O

Remark 7.20. Let us point out that the first condition implies that the measure Px,. has a density
of class C; see Sato [51, Prop. 28.1]. Moreover, both conditions highlight once again the interplay
between the properties of the measure and of the payoff function.

7.2.3 The multi-dimensional case

Let us now consider the multi-dimensional case, i.e. let f : R — R be a d-dimensional payoff
function and X be a d- dlmensional payoff variable. The Fourier transform of the function f €
L'(RY) is defined as f S e f(x)dx for u € R?, the dampened function fr is defined

via fr(z) = B2 f(2) for all x € R? and some R € R? while the (extended) moment generating
function of X is defined as My (u) = E[e{*?] for suitable u € C%. Consider also the following sets:

T:={ReR?: fre L} (RY) and fre L'(RY)} and T':={ReR: fre L'(R%)}
J={ReR?: Mx(R) <o} and J :={ReR?:Mx(R)<wand My(R—i)e L'(R%}.
Then, a result analogous to Theorem 7.10 holds true.

Theorem 7.21. Assume that either R=InJ #J orR' =T'nJ # & and let Re RUR'.
Then, the expectation I[f; X| = E[f(X)] is provided by

1 N
7.27 If; X] = —— Mx R
(7.21) [£5X] = G [, Mx(B =) flu + iR)au
Proof. See Eberlein et al. [16, Thm. 3.2] O
Now, let S, ..., S¢ denote asset price processes that are modeled as exponential semimartingales,
i.€.

Si = Spexp(X]), t=0.

Assume that the processes S, ..., S? are martingales with respect to a (common) probability mea-
sure P, while the interest rate is zero for simplicity. Consider an option on the assets S*, ..., S?
with payoff F(Sk,...,S%), that can be written in terms of the log-prices, i.e. F(Sk,...,S%) =
FXE+5sh, ..., X4 + sd), where s = log Si. Then, analogously to (7.20), the price of this option is
provided by

~

(7.28) E[f(Xr + )] = ﬁ j RS N (R — i) Flu + iR)du

for a suitable R € R? such that the assumption of Theorem 7.21 is satisfied. Here sq = (s}, ..., sd).
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Figure 7.2: A graphical representation of the set Z’ for the call option on the minimum of two assets.

Remark 7.22 (Curse of dimensionality). The numerical integration in (7.27) suffers obviously from
the curse of dimensionality, and does not lead to a competitive numerical scheme in dimensions
higher than two or three.

Example 7.23. The payoff function of a call option on the minimum of d assets is
fla)=(e" Ao ne™ —K)7,
for x € R%, where a A b = min{a, b}. The Fourier transform of this payoff function is
~ K1+i2g=1 2K
(7.29) f) = = o
(=D +1 20—y 2) [ To—q (i)

for z € C? with Sz > 0for 1 < k < dand %(Zzzl z1) > 1; for more details we refer to Eberlein et al.
[16, Appendix A]. Then, we can easily deduce for the dampened payoff function that fr € L{_(R?)

for Re {RER?: R, > 0,1 <i<d;Y R >1} =7

Exercise 7.6. The payoff function of the put option on the maximum of d assets is
J@) = (K — o™ v o v o),
for 2 € R, where a v b = max{a,b}. Show that its Fourier transform equals
. d
(7.30) fz) = —— KdHle:l -
(1412021 2) [ g ()
and that 7/ = {Re R*: R; < 0,1 < k < d}.

Example 7.24. The payoff function of the basket put option on d assets has the form

4 +
(7.31) flx1,...,zq) = (1—Zewz> ’

=1

for € R%. The Fourier transform of this payoff function has been derived by Hubalek and Kallsen
[26], see also Hurd and Zhou [27], and we get that

- [T, T(iz)
7. 2) = =12 R
(7.32) f(z) TS a1 D)

for z € C% with 3z < 0, where I' denotes the Gamma function. Then, we can easily deduce for the
dampened payoff function that fr € L (R?) for R € {R eRY:R; <0,1<i< d} = 7.

Exercise 7.7. Let f : RY - R, f; : R — R for all 1 < i < d, and define f(z) = H;j:l filxs).
Determine its Fourier transform and show that Z' > H?Zl 7.
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7.3 The fast Fourier transform (FFT)

In the previous section we derived concrete formulas for computing option prices in terms of an
inverse Fourier transform. Now we would like to discuss how to implement these formulas on a
computer. Recall that the price of an option with payoff f(Xr + s), expressed below as a function
of the log-initial value s = log Sy, equals

Rs
(7.33) Oy (s) = if WAL (R — ju) f(u + iR)du =: f e 1) (u)du
21 Jp 21 Jr
In order to implement this integration on a computer, we first have to truncate the indefinite integral
in order to obtain an integral on a finite domain, and then to discretize the integral on the finite
domain.
We are left with a problem of the form

eRs b .
(7.34) Of(s) ~ J e " Y(u)du

2r J,
As a first step, let us apply the trapezoidal rule to the above integral, using a uniform grid u; := a+nl
for a constant 7 and for 0 <! < N — 1, implying that b — a = n(N — 1). Therefore we approximate

N—

b —1a9 e—ibs
f e—iusw(u)du ~ 77( w + Z e—lum ib ’(/} ) Z —1um
=1

a

where ¢ (u) = ¢ (u) for all u € (a,b) and ¥’ (u) = ¥(u)/2 for u € {a,b}. This approximation requires
computational work proportional to N

Now, assume that we do not only want to compute the price at one log-initial value s, but for
a whole variety of log-initial values — or, equivalently, for a whole variety of strikes, as is the case
in a typical calibration situation. We choose a uniform grid again in the log-Sy domain, i.e. we set
sj = —f + Aj where 8 := AN /2. Thus, we want to compute the values

N—1

2 e*i(”"l)’\jeiﬁ“’w(ul)n, j=0,...,N—1.

1=0
Next, we choose the grid parameters n and A such that the Nyquist relation An = 27/N holds.
Then, the computational problem can be expressed in terms of

N—1
(7.35) O = > e Wlg, j=0,...,N-1,

where ¢; := e/¥%1)(u;). Indeed, the option price with log-initial value s; is approximated by
oBR—\j(R—ia)
21

We have used all these assumptions and notation, because the vector ® defined in (7.35) is the

discrete Fourier transform of the vector ¢, and there is a very efficient numerical algorithm for

computing discrete Fourier transforms. The computational cost of a usual implementation of (7.35)

is proportional to N2, but the so-called fast Fourier transform (FFT) reduces the work to N log, (V).
Let wy := e 2™/N and define the N x N-matrix T by

Of(sj) ~ ne;.

0 0 0 0
wé\, wjlv wé\, c;;VNl
O‘)N wN wN .« .. (‘;)(IYV 1)
0 2 4 -
Ty =¥y WN wWN Wy
0 N-1 (N 1) (N=1)(N-1)
Wy Wy Wi T Wy

Then we can obviously express the discrete Fourier transform (7.35) as ® = T ¢.
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Lemma 7.25. Let ¢ € C2N and let ® := Ton ¢ denote its discrete Fourier transform. Denote by ¢' :=

(¢1, 03, .., Pan—1) and by ¢" = (P2, P4, ..., d2n), and furthermore denote by ® = (P1,...,Py)
and by " = (Py11,...,Pon). Moreover, denote Dy := diag(wSN,...,wévAfl), ¢ = Tn¢' and
d:= DNTN¢,/. Then

® =c+d and " =c—d

Proof. Simple calculation using w% = wi% O
Lemma 7.25 forms the basis of a classical divide-and-conquer algorithm, the celebrated FFT.

Algorithm 7.26 (FFT). Assume that N =27, J > 1. Given ¢ € CN, apply the following recursive
algorithm to compute its discrete Fourier transform ® = Ty ¢:

1. If N = 2 go to 2, otherwise: split ¢ into ¢' and ¢" as in Lemma 7.25, apply the FFT to
compute ¢ = Tyo¢', d = DyjoTnj¢” and return & = (&', ®") given by & = c+ d and
" =c—d.

2. If N =2 compute ® = Ty directly.

It can be easily shown that the computational effort to compute the discrete Fourier transform
using Algorithm 7.26 is, indeed, proportional to N log, (V).

Lemma 7.27. Let N be a power of 2. Let C' denote the computational work of a floating point
operation (addition, subtraction, multiplication). Then the computational work W(N) of the FFT
can be bounded by

W(N) < C (2 log,(N) + ;) N.

Proof. From Lemma 7.25 we see that for an FFT in dimension N we need two FFTs in dimen-
sion N /2, one vector addition and one vector subtraction in dimension N/2 and one element-wise
multiplication of two vectors in dimension N /2. In total, this means

W(N) <2W(N/2) +3/2CN, W(2) < 4C.
Let w(N) := W(N)/(CN), we get the recursion
w(N) < 2w(N/2) + 3/2N, w(2) <2,
which gives w(N) < 1/2 + 3/2log,(N). O
Remark 7.28. In the same way, we can compute the inverse discrete Fourier transform.

Remark 7.29. Many variants of FFT exist. Although most variants assume N to be a power of
2 (or even 4 or 8 for higher efficiency), there are also other variants without these requirements.
Historically, the FFT was invented and implemented or used by many people, the first one probably
being Gauss in 1805. However, it only became popular and widely used after its re-discovery by
Cooley and Tukey [11]. Today, there are many different variants and even more different imple-
mentations. It is probably one of the most important algorithms, widely used in signal analysis,
electrical engineering and even algebra (for the fast evaluation of polynomials).

Remark 7.30. Although Carr and Madan [7] use FFT for evaluating the option price formula based
on the Fourier transform, other authors like Kahl and Lord [28] advocate alternative specialized
algorithms or classical quadrature because strike prices in practical calibration scenarios are usualy
not uniformly arranged.
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7.4 Cosine-series expansions

For even functions f, the Fourier transform specializes to the cosine transform,

f(z) = QLOO f(z) cos(zz)dzx.

In particular, by shifting variables, the Fourier transform of any function with bounded support
can be expressed by its cosine transform. Since the density of log-spot prices st usually decays very
fast to zero when the log-spot price approaches +00, we may assume that this is the case for the
European option pricing problem. Starting from this idea, Fang and Oosterlee [18] have constructed
a very fast method based on cosine expansions.

Before going into details, let us present the idea of Fang and Oosterlee in an abstract form.
Assume that the density ¢ = gr of the log-spot price decays very fast to 0, so that we may truncate
it and treat it as a function with compact support, w.l.o.g., supp(q) < [0, 7] with g(7) = 0. Now,
Pontryagin duality, as a starting point see [58], tells us that the “right” notion of a Fourier transform
of a function defined on a finite subset of the real line is the Fourier series.

Consider a locally compact abelian group G. Then the dual group G is the set of all characters
of G, i.e., of all continuous group homomorphisms from G with values in T, the unit circle of C.
Here we are interested in two special cases:

1. if G = R, then G ~ R and the characters take the form y(z) = ¢, for u € R;

2. if G = [—m, n] (which is isomorphic to T), then G ~ Z and characters take the form y(z) =
et neZ.

Let p denote the Haar measure of the group G. Then the Fourier transform f of an integrable
function f : G — C is a bounded continuous function on G defined by

00 = L f@)x@)udz).

Inserting the representations of characters for the groups R and [—, 7] as seen above, we see that
the abstract Fourier transform boils down to the following special cases:

1. if G = R, the Haar measure is the Lebesgue measure and we obtain the classical Fourier
transform f(u) = §, e f(2)dx;

2. if G = [—m, 7], the Haar measure is again the Lebesgue measure, possibly with normalization,
and f is the sequence of classical Fourier coeflicients ¢, := % S:r f(x)e™m*dx, n € Z.

Finally, note that the Fourier series of an even function f : [—7, 7] — R actually is a cosine
series, i.e., all the sine-parts vanish. Thus, we may represent a function f : [0,7] — R as a cosine
series, under some mild regularity conditions.

Coming back to the concrete problem, let ¢ : [0, 7] — R. Then, under certain conditions, ¢ is
represented by its cosine expansion

q(0) = Z/ Ay cos(kl), Ay = 2 Jﬂ q(0) cos(k6)de,
k=0

™ Jo

!
where 2 signifies that the first summand is taken with weight % For entire functions, the conver-

gence of the cosine series is exponential. If the function f is defined on a finite interval [a, b], then
the cosine expansion instead reads (by a change of variables)

0

4 T —a 2 b T—a
(7.36) q(z) = kZ Ay, cos <k7r b ) , Ag = 7 J q(z) cos <k7r 3 ) dz.

= —a a —a
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Now, let us suppose that we know the Fourier transform ¢ = ¢ of ¢ but not necessarily ¢ itself — as
is the case in many financial models, when ¢ represents the density of the log-spot price. We want
to express the coefficients Ay of the cosine expansion in terms of ¢. In the first step, we need to
replace the infinite domain of ¢ by a finite domain, i.e., we consider

b
¢1(u) = J e"q(x)dr ~ ¢(u).

a

Taking real parts, we immediately obtain
(7.37)

e o (5 ()« 2 5 ) <

Numerically, we cannot add infinitely many numbers, thus we have to truncate the summation after
N summands. Hence, we approximate

N-1

7.38 z) ~ q () = " Fycos (kr =),
(7.38) o)~ (@) = 3 Freos (75— )

Note that ¢ is explicitly available if ¢ is explicitly given.

Remark 7.31. There are three different approximation errors in (7.38). First, we have truncated
the integral, i.e., the domain of the density, in order to be able to do the cosine expansion in the first
place. Then we replaced the Fourier transform of the truncated density by the Fourier transform of
the true density and used this to obtain the coefficients of the cosine expansion. Finally, we replaced
the infinite sum by a finite sum.

In the next step, we truncate the domain of integration in the option valuation formula
0
C(So.T) = " J f(@)qr(z)da
—0

and then replace ¢r by its approximation (7.38) (where we drop the subscript T'). Thus, we obtain
the approximation

N-1
(7.39) C(S0,T) ~ C1(S0,T) = e~ T 3 % (qu (bkfa) e—ﬂw@) Cr
k=0

b
bEaJ. f(x) cos (kﬂ'?j_:j) dx.

Notice that ¢ is the Fourier transform of sy given that the spot-price at time 0 is Sy.

If we want to use the approximation (7.39) for pricing option, we only have to compute the coef-
ficients C}, of the cosine expansion of the payoff function f. Fortunately, these are known explicitly
for vanilla option.

where

(740) Ck =

Example 7.32. Consider a call option with payoff function f(z) = (K(e” —1)), in terms of
log-moneyness x = log(St/K). Then the corresponding coefficient C}, is given by

O = 2 K (xk(0,5) — w(0,0),

with
1 d— -
xk(c,d) == ————|cos | km D) et — cos [ kne—2) ot
1 ko b—a b—a
+ ()
k d— k -
+ b—ﬂa sin <k7rb_Z> ed — b—ﬂa sin <k7rz_2> 6‘:]
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and

Pr(e,d) = {Cgsinc(kwg—g) — sin (k;7r g;g)) boa, : i gj

For the put-option, we obtain

2
o = EK(%(%O) = xx(a,0)).
We remark here that these formulas are valid for the call and put options written in log-moneyness.
Thus, we also have to use the density 7 (x) of log-moneyness, and likewise for the characteristic
function ¢r.

Fang and Oosterlee [18] also analyse the error of the approximation (7.39), and find that the
error mostly depends on the smoothness of the density. While this does not effect two of the error
terms (corresponding to truncation of the integration domain and replacing Ay by F}), the error
of the truncation of the infinite series converges exponentially, i.e., like e~ (N~ for some v, if the
truncated density is smooth on [a, b], or it converges algebraically, i.e., like (N —1)~# with 3 larger
or equal to the order of the first derivative of the density with a discontinuity on [a,b]. Thus, at
least for smooth densities, we have rapid convergence of the expansion (7.39), implying that we only
need to compute a few of the coefficients. In fact, in the numerical experiments presented in the
paper, they observe that N ~ 60 is usually enough to get a relative error of around 10~2 even in
cases where FFT requires many more grid points due to high oscillations.

Fang and Oosterlee also comment on the truncation domain [a,b], and suggest to choose it
depending on the cumulants ¢, of the distribution. More precisely, they suggest

(7.41) a=cy—Lyfca++/ca, b=c1+ Ly/ca++/ca

with L = 10.
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Appendix A

Stochastic differential equations

A.1 Existence and uniqueness

We start by a very general existence and uniqueness result for SDEs driven by general semimartin-
gales, which, in particular, covers the case of SDEs driven by Lévy processes. The following theorem
is a special case of Protter [47, Theorem V.7].

Theorem A.l. Let Z be a d-dimensional cadlag semimartingale with Zy = 0 and let F' : Ryg X
R"™ — R™*4 be Lipschitz in the sense that for every t = 0 there is a constant K, such that

Voe,ye R" . |F(t,z) — F(t,y)| < K¢ |z —y].

Then the stochastic differential equation

t
X, = Xo+ J F (s, X,_)dZ,
0

admits a unique solution X which is again a semimartingale.

We can also formulate everything in terms of the Stratonovich integral. Recall that for two given
semimartingales H and Z, the the quadratic covariation satisfies

[H,Z]; = HyZo + lim > (Hy,,, — Hy,)(Z Z).

‘Dl—’ot — i it+1 i
i

Let [H, Z]° denote the continuous part of the quadratic covariation. Then the Stratonovich integral
of H with respect to Z is defined by

t t
(A.1) J H,_odZ, = f H,_dZ, + %[H, XJe.
0 0

The advantage of the Stratonovich integral is that Ito’s formula holds in a much simpler form: let
f:Rsg x R® - R" be C! in the first and C? in the second component. Then

t

t
(A2) f(t.Z) = f(0,Z) +JO Ouf (s, Zs—)ds + . VF(Zs_) - 0dZ,

+ Z (f(Zs) - f<Z37) - Vf(Zs,) : AZS) :

O<s<t

The following existence and uniqueness result for Stratonovich SDEs is a special case of Prot-
ter [47, Theorem V.22].
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Theorem A.2. Assume that F : R x R"*9 — R™ satisfies the following conditions: F = F(t,x)
is Ctin t, F is C' in x and the Jacobian DF is C* in t and for every t both x — F(t,z) and
x — DF;(t,x)F;(t,x) are Lipschitz, i = 1,...,d, where F;(t,x) = (F(t,x)g)ggl. Then there is a
unique semimartingale X solving

t
X: = X, +f F(s,Xs_)odZs.
0

Moreover, X is also the unique solution of the Ito SDE

t

Xt=X()+J
0

1 d t .
F(S,Xsf)dZS + 5 2 J. DFi(Sstf)Fi(&XS*)d[Z? Zl]?’
i=170
where [Z,Z*] = ([ZjaZi]);Lr

We will mostly consider SDEs driven by a d-dimensional Brownian motion B, i.e., SDEs of the
form

t d
(A.3) X; = Xo + J V(X.)ds+ ) f Vi(X,)dB:,
0 i1 J0
where V. V1,..., Vg : R® — R™ are vector fields and we have restricted ourselves to the autonomous

case for simplicity. In this case, the change from the Ito formulation to the Stratonovich formulation
corresponds to a change of the drift from V to

d
1
(A4) Vo(z) i= V(@) = 5 3, DVi(a)Vi(),
i=1
i.e., X solves the Stratonovich equation
t d ot )
(A.5) X, = Xo+ f Vo(Xo)ds + ) J Vi(X,) o dB.
0 iZ1Jo

In the Brownian case we also have that the solution to the SDE will have finite pth moments
provided that X already has them.

Example A.3. The Heston model is a stochastic volatility model, i.e., the volatility of the the stock
price is itself the solution of a stochastic differential equation. Since the volatility must be positive
(or at least non-negative), we either have to choose an SDE for the volatility that is guaranteed to
stay positive, or the volatility can be given as a deterministic, positive function of the solution of an
SDE. A popular choice of a diffusion (i.e., a solution of an SDE driven by Brownian motion alone)
that stays positive is the square root process (in finance well known as Cox-Ingersoll-Ross model
for the short interest rate), and the corresponding stochastic volatility model is the Heston model,
see Heston [25]. More precisely, the stock price and its instantaneous variance solve the following
two-dimensional SDE

(A.6a) dS; = puSidt ++/V;S;dB}
(A.6b) AV, = k(0 — V,)dt + £/, (deg T/ p2dB,?) :

with parameters ,0,£ > 0. The correlation p is typically negative. Obviously, this SDE fails to
satisfy the Lipschitz condition of the existence and uniqueness theorem. More sophisticated, but
still standard techniques (Feller’s test of explosions, see Karatzas and Shreve [30, Theorem 5.5.29])
show that a unique solution does, indeed, exist. Under the obvious condition V; > 0, the variance
component V; stays non-negative, and it even stays strictly positive if 20 > £2, a condition that is
often assumed for Heston’s model. Positivity of the stock price is obvious.
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Example A.4. The SABR model is similar to Heston’s model. More precisely, we have
(A.7a) dS, = V,SPdB},
(A.7h) v, = aV, (detl +4/1- p2dB§) .

Example A.5. The Stein-Stein model is more regular than Heston’s model or the SABR model.
Here, positivity of the stochastic volatility is simply assured by taking the absolute value (of an
Ornstein-Uhlenbeck process). More precisely, the model satisfies

(A.8a) dS; = pSidt + |V;| SydB},
(A.8Db) dV; = q(m — V;)dt + od B

Example A.6. A different class of models are local volatility models. The idea is that the volatility
smile can be exactly reproduced by choosing a peculiar state dependence of the volatility in the
Black-Scholes model, i.e., choose some function o(¢,z) and let the stock price be given as solution
to

(A9) dSt = TStdt + O'(t, St)StdBt.

Let C(T, K) denote the price of a European call option as a function of the strike price K and the
time to maturity 7. If the local volatility o satisfies Dupire’s formula

(A.10) &«

1 0*C oC
oT ~ 2 -k

Y

0K? 0K

o?(T,K)K?

then the local volatility model (A.9) produces the right prices for these call options, thus reproduces
the volatility surface. Of course, one might also impose a local volatility function o(t,z) for more
fundamental modelling purposes.

A.2 The Feynman-Kac formula

Assume that the vector fields V, Vi, ..., Vy driving the SDE (A.3) are uniformly Lipschitz. Given
three continuous and polynomially bounded functions f : R® — R, ¢ : [0,7] x R — R and
k:[0,T] x R™ - R, consider the Cauchy problem

0
(A11) au(t,x) + Lu(t,z) + g(x) = k(t,z)u(t,z), (t,z)e[0,T) x R",

w(T,z) = f(z), zeR"™
Here, L denotes the second order linear partial differential operator defined by L = V;, + % Zle V2,
with the usual identification of vector fields V with linear first order differential operators via
Vf(z) = Vf(z)-V(z). Assuming that a C1? and polynomially bounded solution u of (A.11) exists,

then it can be expressed as
(A.12)

u(t,z) = F lf(XT) exp < JtT k(s,Xs)ds> + JtTg(s,XS) exp < J: k(v,Xv)dv> ds

Xt=$‘|.

Similar stochastic representations exist for the corresponding Dirichlet and Neumann problems.

A.3 The first variation

Let X7, x € R", ¢t > 0, denote the solution to the Brownian stochastic differential equation (A.3)
started at X§ = x. As indicated by the notation, we now consider Xy as a function of its initial
value z. Under the assumptions of the existence and uniqueness Theorem A.1, for almost all w €
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and all ¢t > 0, the map = — X7 (w) is a homeomorphism of R™ — R™ — see [47, Theorem V.46]. In
particular, the map is bijective. Thus X* gives a flow of homeomorphisms of R™ (indexed by t). If
we impose more smoothness on the driving vector fields, then the map = — X7 (w) is differentiable
(for almost all w) and the Jacobian can be obtained by solving an SDE. This Jacobian is known
as the first variation, and we will denote it by Jy_;(x)(w). More precisely, assume that the vector
fields V, V4, ..., V; are C' with bounded and uniformly Lipschitz derivatives. Then the first variation
process exists and is the unique solution of the SDE

d
(A.13) dJo—si(z) = DV (XP) Jooe(2)dt + Y DVi(XF)Joe(w)d B,

i=1

with initial value J,_(z) = I, the n-dimensional unit matrix. Notice that (A.13) alone does not
fully specify an SDE, only an SDE along X*. To get a true SDE, we have to consider the system
consisting of (A.13) together with (A.3). Further note that Jo_(z) is an invertible matrix, and the
inverse also solves an SDE, which can be easily obtained by Ito’s formula.

If, moreover, the vector fields V, V1, ..., Vy are smooth (with bounded first derivative), then one
can show that z — X even gives (almost surely) a diffeomorphism, i.e., a bijective smooth map,
with smooth inverse.

If we replace the driving Brownian motion by a continuous semimartingale, then the above
results remain true without any necessary modifications. If we use a general semimartingale with
jumps as our driving signal, however, then the results only remain true as regards differentiability
of the flow. If we want x — X} to be bijective, we would have to add more conditions on the vector
fields. For more information, see Protter [47, Section V.7 — V.10].

A.4 Hormander’s theorem

Hormander’s theorem is a result on the smoothness of the transition density of the solution of an
SDE — at least, that is the probabilistic interpretation of the result. For more information see the
book of Nualart [44]. For the application to numerics of SDEs we refer to Bally and Talay [2].
Consider the SDE (A.3) and assume that the vector fields V, Vi, ..., Vg : R — R™ are smooth
and all their derivatives are bounded functions (but not necessarily the vector fields themselves).
Given two smooth vector fields V' and W, recall that the Lie bracket is the vector field defined by

[V,W]=DV -W —DW -V,

where DV denotes the Jacobian matrix of V. Moreover, for a multi-index I = (iy,...,i;) €
{0,1,... ,d}k, |I] := k € N, we define the iterated Lie brackets for |I| = 1 by Vj;); = V; if i # 0 and
Vioy] =V, and recursively for I = (i1, ...,ix11) by

Vin = {[Vil Mavoinit] 11 #0,
[V ’ ‘/[(i2a~~~:ik+1)]:| ) il = O

Definition A.7. The vector fields V, V1, ..., Vy satisfy Hormander’s condition at a point x € R™ if
the vector space generated by the set of n dimensional vectors

U{V[,](x))le{o,L...,d}’“, ik;ﬁO}

keN
is equal to R™.

Note that the drift vector field plays a special role here, as it does not appear in the start
(II] = 1) of the recursive construction of the above set, but only by taking Lie brackets. The reason
for this is that only the diffusion vector fields contribute to the smoothing effect.

Let pi(x,y) denote the transition probability density of the solution X; of the SDE, i.e., p;(x,-)
is the density of X; conditioned on Xy = x.
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Theorem A.8 (Hormander’s theorem). If the driving vector fields satisfy Hormander’s condition
at a point x € R™, then the transition probability density p:(z,-) is smooth.

In its probabilistic proof, the theorem is obtained by showing that X; is smooth in the sense of
Malliavin derivatives. In fact, one can even get further by imposing a uniform version of Hérmander’s
condition.

Definition A.9. For K € N and n € R" define the quantities

K
Ck(z,n) = Z 2 (V[I](m)m)Q, Ck(z) = inf Ck(x,n), Ckx = inf Ck(x).

k=1 1€{0,...,d}*, i), #0 Inl=1 zeR™
We say that the uniform Hérmander condition (UH) holds if there is a K € N such that Cx > 0.

Remark A.10. Note that the uniform Hérmander condition is considerably weaker than uniform

ellipticity, a condition often imposed in PDE theory. Uniform ellipticity for a linear parabolic oper-
2 .

ator Lf(z) =%, ; ahj(z)%f(:r) +2 bj(x)%f(:c) means that there is a constant C' > 0 such

that

n
i 2
D ar (@)t = C |
kj—1

for every € R™. But the relation between a and the vector fields is given by a; x(x) = Z?:l V7 (z)VE (x),
therefore the above bound means that

> Vilw) ) = Clnl?,

d
i=

—

which is satisfied iff C := C; > 0.

Under the UH condition, there is an explicit exponential bound on the derivatives of any order
of pi(z,y) in all the variables ¢, z,y (provided that ¢t > 0 of course), see Kusuoka and Stroock [33].
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Appendix B

Lévy processes

TO BE REVISED.
We cite a few facts about Lévy processes. For more information about Lévy processes and their
stochastic analysis we refer to Cont and Tankov [9] and Protter [47].

Definition B.1. A stochastic process (X;);>0 is called a Lévy process if
(i) X has independent increments, i.e., X; — X is independent of Fj, the natural filtration of X,
(ii) X has stationary increments, i.e., Xy, — X; has the same distribution as X, h > 0,
(iii) X is continuous in probability, i.e., lims_,; Xs = X3, if the limit is understood in probability.

Example B.2. If a Lévy process X is even continuous almost surely, then it is a Brownian motion
with drift (i.e., X; = p + 0By for a standard Brownian motion B). On the other hand, every Lévy
process has a cadlag modification.

Example B.3. If X is a Lévy process, then the law of X, is infinitely divisible for every t, i.e.,
for every n € N we can find independent and identically distributed random variables Y7,...,Y},
such that X; has the same distribution as Y; + --- +Y,,. Conversely, given any infinitely divisible
distribution u, there is a Lévy process X such that p is the law of X;. This gives rise to plenty
of examples. Since the Poisson distribution is infinitely divisible, there is a Lévy process N; such
that N7 has the Poisson distribution P,. Indeed, since the sum of n independent random variables
Y; ~ P,, is again Poisson distributed with parameter A\; + --- + \,, we have N; ~ Py, implying
that N is the Poisson process.

The last example shows that Lévy processes actually can have jumps. We say that a Lévy process
has finite activity if only finitely many jumps occur in every bounded interval with probability one,
and infinite activity in the contrary case. The Lévy-Ito decomposition is a decomposition of a Lévy
process into a diffusion, a process of finite activity, and a process of infinite activity. More precisely,
we have

Theorem B.4. Given a Lévy process X, we can find three independent Lévy processes X1, X2
and X©) such that X = XM + X@ 4+ XO) gnd

e XU is a Brownian motion with drift,
e X® is a compound Poisson process (the finite activity part),

e XB) is a pure jump martingale, with jumps bounded by a fized number ¢ > 0 (the infinite
activity part).

So we can approximate Lévy processes by sums of a Brownian motion with drift and a compound
Poisson process.
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Theorem B.5 (Lévy-Khintchine formula). Given a (d-dimensional) Lévy process X. Then there
is an a € R%, a positive semi-definite matriz ¥ € R¥? and a measure v satisfying v({0}) = 0,
v(A) < o, SB(O 1 |z|? v(dz) < oo (B(0,1) denotes the unit ball) such that

Elexp(iu - X;)] = exp(—t¢(u)),

where )
Y(u) = —iu- o+ §Zu U — f (exp(iv- @) — 1 —iu- 21, <) v(de).
Rd
We call (o, XS, v) the characteristic triplet of X .
Conversely, for every such characteristic triplet, there exists a corresponding Lévy process X .

Any Lévy process is a Markov process and the generator L f(z) = lim;_,q w for P, f(x) =
E[f(X¢)|Xo = z] is given (for bounded C?-functions f on R?) by

1 o2
(B.1) Lf(x)=Vf(z) a+ §jk2=12j,kmf(x)+

n f (F@+y) — f(2) — V(@) yliyer) v(dy).
Rd

Notice that L is an integro-differential operator. Indeed, if f is constant around z, then

Li@) = [ (o)~ fla)wtin)

This formula has a very intuitive meaning, noting that v describes the distribution of jumps of a
Lévy process (in the sense that the jumps form a Poisson point process with intensity measure v).
If f is constant around =z, then it can change values within an infinitesimal time interval only by
an instantaneous jump out of the region where f(y) = f(x). Therefore, the Kolmogorov backward
equation

0
au(t,x) = Lu(t,x)
for u(t,x) = P.f(z) is a PIDE (partial integro-differential equation).
Note that if the Lévy measure v is a finite measure (with A := v(R?)), then Z; is the sum

of a Brownian motion (with drift) and a compound Poisson process with intensity A and jump
distribution %I/.

In Theorem A.1 we have formulated the existence and uniqueness statement for SDEs driven by
general semimartingales. This, of course, also includes Lévy processes as drivers. Let o : R* — R"*¢
satisfy the assumptions of Theorem A.1 and let Z; denote a d-dimensional Lévy process with
characteristic triplet given in Theorem B.5, and consider the SDE

(B.2) dX, = o(X,_)dZ,.

Then, given some boundedness and regularity conditionson f : R"™ — R, u(t,z) :== E[f(X71)|Xo = 7]
satisfies the PIDE

+ f (u(t, x+o(x)z) —u(t,z) — (o(x)z) - Vu(t, a:)1|a(z)z|<1) v(dz),
Rd

where

Ag(x) = Vg(@) - (o(@)a) + % 2 ﬁﬂz)(o(wxa(@w.
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Appendix C

Affine processes

Affine processes are very popular in mathematical finance because they can combine realistic fea-
tures, such as stochastic volatility and jumps, with efficient computations using Fourier methods, see
Section 7. The authorative reference on affine processes is Duffie, Filipovic and Schachermayer [14],
while Filipovi¢ [20, Chapter 10] offers a very nice introduction to affine diffusion processes.

Definition C.1. A stochastically continuous, time-homogeneous Markov process X = (X;);>¢ with
state space D = RZ x R™ is called affine iff the logarithm of the characteristic function is affine
in the initial state Xy = 2. More precisely, if there exist functions ¢(¢,u) taking values in C and
(t,u) taking values in C%, d = m + n, such that

Ey[e" ] = exp (6(t,u) + x - P(t,u))

for all u € C? such that the expectation is finite. Here, -y = Z?Zl xjy; for x,y € ce.

The popularity of affine processes for numerical applications is due to the fact that there exist
tractable equations for the characteristic exponent, i.e. for the functions ¢ and . In particular,
they are solutions to the generalized Riccati equations

A

o

(C'la) ad)(t’u) = F(?/J(t,u)), ¢(O,U) =0,
(©10) 20(t) = R@(Ew), 9(0,0) = u

where the right hand side is given by

(C.2a) F(u) = %(au) ‘u+b-u—c+ JD (5™ =1 —hp(£) - u) m(d€),

1 . , ,
(C.2b) Rifu) = (0wt B u= i+ [ (e = 1= ip(€) ) (),
D
with F: C? - Cand R = (Ry,...,Ry) : C* - C% foralli=1,...,d.
The parameters (a,a’, b, 5%, ¢,7%, m, u*)1<i<q should satisfy the admissibility conditions: Let I =
{1,...,m}, J ={m+1,...,d} and write x = (z7,27) for x € R, The parameters are admissible if

e a, o are positive semi-definite d x d matrices, b, 3° € R?, ¢,v; = 0, m and p’ are Lévy measures
on D;

agg =0 for ke I, ol =0 for je J, al,_, whenever i € I and k € I\ {i} or [ € I\ {i};

beD, Bi=0forieland kel\{i}, 3l =0for jeJand ke I;

v =0 for j e J;

99



o SD\{O} min (|:c1| + |xJ|2,1) m(dx) < oo, p? =0 for j € J;

. 2 .
° SD\{O} min (|x1\{i}| + |xJu{i}| ,1) pi(dz) < oo foriel.
Moreover, hr and h'%, are truncation functions as in the Lévy—Khintchine formula.

Remark C.2. The admissibility conditions ensure that the affine process is well-defined, in the
sense that the process exists and does not leave the state space D = RTy x R™.

Example C.3. In order to gain an intuitive understanding of the admissibility conditions and the
interplay with the geometry of the state space, let us look at a simple example, a 1D affine diffusion
process. This is given by the SDE

(C.3) dX, = (b+ BX)dt + \/a + aX,dW,, Xo=xz¢€D,

where W is a standard Brownian motion. If the state space is D = R, then we can directly deduce
that the process will be well-defined in the sense above if

beR, BeR, aeRyy and a=0.

On the other hand, if the state space is D = Ry we can equally easily deduce that the process will
be well-defined if
beRyy, BeR, a=0 and aeRy.

Now one can check that these conditions coincide with the admissibility conditions for the respective
states spaces. Let us also mention that in the first case the process is an Ornstein—Uhlenbeck (OU)
process, while in the second case it is a square root diffusion (also know as CIR, process).

The infinitesimal generator L of an affine process X admits also an explicit expression in terms
of the admissible parameters. Indeed, it has the form

m 2 d
(C4) Lf(x)= % Z <akl + Z azlscz) ﬁf(x) + <b+ Z /Big;i) -V f(z)+

k=1 i=1 i=1

d
+et )T+ f (flx+&) = f(x) = hp(§) - Vf(z))m(dE)+

i=1 D\{0}
Em [ ()~ £w) — hi(©) - V@) ' (de).
i=1 D\{o}
Conversely, given admissible parameters there exists an affine process with generator (C.4).

Remark C.4. Another characterization of affine processes as semimartingales can be given in terms
of the (local) semimartingale characteristics, see Kallsen [29].

Example C.5. The previous example on affine diffusion processes yields immediately that the
Brownian motion is an affine process. More generally, every Lévy process X with characteristic
exponent k is an affine process and the functions ¢ and v are provided by

o(t,u) =tk(u) and Y(t,u) = wu.
This follows directly from the Lévy-Khintchine formula.

Example C.6. Consider the Heston stochastic volatility model presented in Example A.3 under a
risk neutral measure, i.e. we set u = r in (A.6a). We change variables to the log-price X := log S,
hence the dynamics are provided by the SDE

dXy

(r— %W)dwr VVidBl, Xo=zeR

AV = k(6 — Vi)dt + Vi (de} /1o p2dB§) . Vo =uve Rso.
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We can deduce that (V, X) is an affine process on R x R by calculating its infinitesimal generator
and comparing it with (C.4). Another way is to use the characterization of affine diffusion processes
in [20]. In both cases, we have the following: there are no jumps, hence the integral terms vanish.
The drift term is clearly affine in (v, ) and the parameters are provided by

b= (Hre) , Bl= (:’f) and (%2 =0.
2

Similarly, the diffusion term is affine of the form a(v,z) = a + o' - v + a2 - x since the volatilities
are linear in the square root of the state, with

2
a=0, al = (Zﬂ 771p> and o =0.

The right hand sides of the Riccati equations (C.1) are provided by replacing the parameters above
to (C.2), and we get that

F(u1,uz) = kOuy + rug

(C.5) 1 1, 1
R(uy,ug) = —Kkug — Fu2 + iug + §n2u% + npuqus.

Therefore, the characteristic function of the log-spot price X; is provided by

Eylexp(uXy)] = exp (¢(t,0,u) + z1p(t,0,u)).

Several generalizations of the Heston model like the Bates model, a stochastic volatility model with
jumps, are affine processes, too.

Example C.7. Next, we consider a fairly general jump-diffusion model. Let Z be a pure-jump
semi-martingale with state-dependent intensity A(xz) and jump measure v. Consider the SDE

dXt = b(Xt)dt + O'(Xt)dBt + dZt,
with b : R — R? and ¢ : R* — R both smooth enough. Thus, the generator of the Markov
process X is given by
1
Lf(z) =b(z) - Vf(z)+ 3 trace (o(z)o(z)" H f(z)) +
FA@) [P+ - 1)~ hr(©F fa) ),

where H f denotes the Hessian matrix of f. Comparing this generator with the generic generator
of an affine process given in (C.4), we see that X is affine if and only if the drift u(z) is an affine
function in z, the jump intensity A(z) is an affine function in x and the diffusion matrix is such
that o(z)o(z)" is an affine function in 2. In other words, the relationship between the coefficients
(b,0, A\, v) of the jump-diffusion process X and the corresponding admissible parameters is

d
b(x) =b+ ). Bl
=1

d

o(x)o(x)" =a+ Z o'z

where I, !, ..., \" € R and

m(dg) = In(dg) and  pi(dg) = Niv(dg),1 < < d.
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Appendix D

Weak derivatives and Sobolev
spaces

Let G < R% be open and let
CyL(G) = {feC”G)|supp f = G and bounded },

where supp f denotes the largest closed set (in R?) outside which f vanishes. Integration by parts
implies for any u € C*(G) and any test function v € CF(G) and any multi-index o € N4, |af :=
25:1 a; < k, we have

J Du(z)v(z) dx = (—1)l f u(x)D%(z) dx,
G G

where
olal

" e

Hence, integration by parts allows us to shift derivatives from u to v, provided that both v and v are
sufficiently regular. The idea of a weak derivative of u is now to define a derivative of a function u
lacking classical differentiability by shifting the derivatives on smooth test functions. More precisely,
let u be locally integrable, i.e., u € L{ (G) — as usual, in this section we omit the sigma algebra
B(G) as well as the Lebesgue measure dz from the notation — which means that the restriction of

u to any compact set K < G is integrable.

D f(x)

Definition D.1. Let u e L}

loc

(G), a € N4, If there is a function w, € Li (G) such that
Vo e CL(G) : f wo (2)v(z) de = (—1)!¢! f u(z) D% (z) de,
G G

then w is called weakly differentiable (at order ), and w, is called its weak derivative, symbolically
D% = w,,.

We give two examples, whose (elementary) proofs are left to the reader.

Example D.2. Let G = R and u(z) := (1 — |z|)". Then u is once weakly differentiable, with weak
derivative
0, J|z|>1,
Wiz)=<1 —-l<z<0,
-1, O<z<l.

However, u is not twice weakly differentiable.
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Example D.2 shows a case of an absolutely continuous function u, and verifies that it is weakly
differentiable. We will see in Example D.3 that weakly differentiable functions may fail to be abso-
lutely continuous, or even continuous.

Example D.3. Consider u : R? —» R, x +— |z|”“, @ > 0. Note that this function is discontinuous
at 0. If @ + 1 < d, then u is weakly differentiable with weak derivatives

-

0 Zi Zi —(a+1) .
U(I) = 70470[ = (a) |§C‘ , 17 = 1, .. .,d.
O ]+ ]

As a hint for the proof, recall that (—a ﬁ:\) is bounded, and that the d-dimensional volume element
in spherical coordinates ~ r?=1dr.

We now define Sobolev spaces, the natural spaces for solving partial differential equations, in
essence the “convenient” counterparts of the classical C* spaces.

Definition D.4. For 1 < p < o and k € N we define

Wy (G)={ueLP(G)|V]e|<k: D*ueLP(G)},
WE(G) = {ue L®G)|V|a| <k: D*ue L*(G)},

which we endow with the norms
1/p

= Dul|b . = max || D" .
v a%k” ullfr | ol = max [D%ull.

Note that for 1 < p < K;f(G) is a Banach space. In the case p = 2 the Sobolev space is even
a Hilbert space. Due to its special importance, a special notation is usually used.

Definition D.5. We set H*(G) := Wk (G), which is endowed with the inner product

(u, vy = Z (D%, D), u,ve H Q).

|| <k

We further define H}(G) as the closure of C{(G) = H*(G) w.r.t. the topology of H*(G). It is a
Hilbert space with (-, ) .

Note that intuitively v € HE(G) if w € H¥(G) and u vanishes on the boundary dG. Recall,
however, from Example D.3 that u € H*(G) does not, in general, imply that u is continuous. Hence,
the notion of “evaluating u at 0G” may not be well defined. We note that there are ways — involving
the trace — of defining such point evaluations in the context of H}(G)-spaces rigorously.

Remark D.6. The above paragraph touches on the question when a Sobolev space “contains”
only continuous functions. More precisely, there is a big literature devoted to the question when a
Sobolev space W} (G) can be continuously embedded into spaces such as LY(G), W/ (G), C™*(G)
— the latter understood in the sense of C"-functions with a-Ho6lder nth derivatives.

Remark D.7. Recall that the Fourier transform of the derivative of a function u can be expressed
by multiplying the Fourier transform of v by a polynomial in the Fourier variable £. Hence, the
above Sobolev norms can be expressed in terms of integrals of (1 + |¢|*)¥/24(¢), where 4 denotes
the Fourier transform of u. Clearly, this definitions can be extended to non-integer k € R, leading
to defintions for spaces WZ?(G), k € R. In addition, Sobolev spaces with negative index k < 0 often

allow an interpretation as dual spaces of W,Lkl(G).
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