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ABSTRACT

The shortcomings of diffusion models in representing the risk related to
large market movements have led to the development of various option
pricing models with jumps. These models allow for a more realistic
representation of price dynamics and greater flexibility in modelling and
have therefore been the focus of much recent work. In this thesis the
development of a robust finite difference method for the option pricing
under jump-diffusion and Lévy processes is presented and its effectiveness
is demonstrated on a range of pricing models.
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1. Introduction

In this introductory section, we discuss the motivation underpinning the
work presented in this thesis, starting from the Black-Scholes model’s
(Section 1.1) shortcomings which led to the development of various models
which try to capture more accurately the pricing dynamics of financial
derivatives. One of those models, the jump-diffusion one, is the focus of this
work. We summarize (Section 1.2) the work of our research peers and
discuss the contribution of our work. Finally the structure of this document
is presented (Section 1.3).

1.1 Jump-diffusion processes: Motivation

The Black-Scholes paper (Black, 1973) published in 1973, presented the
derivation of a partial differential equation for option prices, where the
dynamics of prices X, = (XZ,..,X[) of the underlying asset were
described by a diffusion process, driven by a Geometric Brownian Motion:

dXt = XtO'(T,XT)th + Xt,utdt (11)

The pricing formula obtained in that paper, presented a major breakthrough
in understanding the way financial derivatives behave within the capital
markets and for that reason this methodology and its generalizations were
immediately adapted by financial institutions and are still widely used for
the modelling of derivative products. Despite the success of the Black-
Scholes model, its main characteristics, as described below, were linked to
its fundamental drawbacks in trying to capture asset price behavior. In what
follows we discuss those inefficiencies.

In continuous path models (e.g. diffusion models) the price process behaves
locally like a Brownian motion. This implies that the price is unlikely to
move by large amount in a short period of time, unless the input volatility
parameter over the same time period is set unrealistically high. For example,
in the case of a short-term out-of-the money option, this would mean that
there is small probability of the option expiring in-the-money. However, in
the market, it is possible to observe a sudden sharp change in the price of
the underlying asset that would result in the option expiring in-the-money
(and the opposite is true for an in-the-money short-term option close to

expiry).
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From the hedging point of view, continuous models for describing asset
price dynamics lead to complete markets or to markets that can be made
complete by introducing additional instruments (Zhang, 2007).

Under the assumption of stochastic volatility this property is lost, but even
in this case the market can be made complete by the addition of vanilla
options. Under the complete market assumption any derivative product can
be dynamically replicated via cash and the underlying asset. From a
probabilistic point of view, this means that in such models, every contingent
claim C is attainable, in other words, under a unique equivalent martingale
measure Q; there exists a self-financing trading strategy 6, whose value
process:

N
Vp =V + Z 0L(SE—5S8) (1.2)
i=0

satisfies V. = C. In this case any change in the portfolio value will be due
to capital gain or losses within the portfolio and not due to the addition or
withdrawal of funds.

However, real markets are incomplete and asset prices exhibit sudden sharp
movements. The existence of jumps in asset price movements in the real
market forces the market participants to hedge for risks that cannot be
hedged only by using cash and the underlying asset and therefore make
perfect hedging impossible. Even in portfolio valuation theory, the
assumption of continuous price movements neglects the asymmetric
correlation in the portfolio assets imposed by jumps or correlated signs
across markets.

13



Figure 1-1 Evolution of Historical Prices and Implied Volatility-UKX Index
(2007-2011)
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Famous market crashes along with the more recent financial crisis in 2008-
2010, prove that the continuous models used by financial institutions are not
able to predict the high volatility levels. Figure 1-1 shows the extreme
market movements observed during periods of adverse macroeconomic
conditions. It is therefore widely acknowledged that the behavior of
speculative fluctuations deviated from the standard Geometric Brownian
Motion (GBM) in several ways. That realization prompted the study of
statistical properties of the financial times series and has revealed a range of
interesting stylized facts which seem to be common to a wide range of
instruments, time periods and markets.

Lack of log normality in the returns: An important property of the
Brownian motion process is the continuity of its sample paths: a typical path
t — B; will be a continuous function of time. Figure 1-2 shows the daily log
returns of the SPX index.

NO)
S(t-1)

denotes the asset price. It is obvious from the figure below that big spikes

The daily log returns are defined as: R; = {In }, at time ¢, where S(t)

14



occurred during 1987 and 2008. That highlights the fact that extreme
movements in asset price paths (in this work referred to as jumps) that have
been observed in the markets are considered highly unlikely when modelled
by a Gaussian distribution. In Figure 1-3 the normal probability @ — Q plot
for the FTSE 100 Index, further reveals the deviation of the data sample
from the normal probability distribution.

Figure 1-2 Daily log returns of S&P 500 Index (1982-2012)

-0.15 =

-0.2 .

Jan-85 Jan-90 Jan-95 Jan-00 Jan-05 Jan-10

Scale invariance: Another important property of the Brownian motion is its
scale invariance. That means that the statistical properties characterizing a
Brownian motion do not change at all-time resolutions. In other words in
any small time interval of the random walk the Brownian motion limit will
still look like a Brownian motion. However, while Brownian motion does
not distinguish between time scales, the observed market price behavior
does. If stock price paths are analyzed on an intraday scale basis, it will be
observed that they move essentially by jumps and still exhibit discontinuous
behavior at the scale of months. Only under longer time horizons do the
stock price paths resemble the paths of a Brownian motion processes.
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Figure 1-3 Normal Probability plot for FTSE 100 Index
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Excess Volatility: It is a market accepted fact that it is difficult to justify the
observed level of variability in asset returns by variations in fundamental
economic factors driving the returns of the securities. In (Summers, 1989) it
is argued that the occurrence of large negative or positive returns is not
always attributable to the arrival of unexpected news. The volatility levels
can be affected by the supply or demand for securities and can be positively
correlated to trading volumes.

Volatility Clustering: In practice, it is often found that for financial time
series (assuming log returns) the volatility fluctuation seems to change over
time. More specifically, large changes tend to be followed by large changes,
of either sign and small changes tend to be followed by small changes
(Marcozzi, 2003). From Figure 1 2 it can be observed that long periods of
high volatility are interspersed with periods or relative calm. This type of
pattern is known as volatility clustering - while returns themselves are
uncorrelated, absolute returns |r;| or their squares show positive, significant
and slowly decaying autocorrelation function corr(|r:l,|re4+1]), for t
ranging from a few minutes to several weeks.
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Figure 1-4 Histogram of daily log returns of FTSE 350 Electricity Index
(1985-2012)
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Heavy Tails, Excess Kurtosis and Leptokurtic characteristics: Figure
1-4 presents the histogram of FTSE 350 electricity index, along with the
standard normal density function. It can be observed that the histogram
displays a high peak (i.e. kurtosis, sometimes referred to as elongation) and
asymmetric heavy tails. This is true, not only for the particular index, but is
a commonly observed characteristic across the spectrum of financial asset
prices (e.g. US and worldwide stock indices, individual stocks, foreign
exchange rates, interest rates, commodities, etc.). More precisely, the

kurtosis and skewness are defined as Kurt = E((X;f )4), V1= E((X;—ff).
For the standard normal density Kurt =3. If Kurt >3 then the
distribution will be leptokurtic and will have a higher peak and two heavier
tails than those of the normal distribution. The Black-Scholes Brownian

motion model ignores this well observed feature.

The purpose behind the introduction of a continuous time stochastic process
aiming to capture empirical properties of asset prices was ultimately the
development of an option price model, which would be able to envisage the
state of options market at a given time. For any model, this is achieved
through its calibration with market data. More specifically, the parameters
of the model are chosen to fit the observed market option prices and will
produce modelled option prices not significantly different from the observed
ones. The efficiency of the model is usually tested through backtesting
methodologies developed and mostly utilized for the validation of Value at

17



Risk (VaR) models and exposure estimates like Potential Future Exposures
(PFE) (Hull, 1989).

The Black-Scholes partial differential equation for a European or American
call option on the underlying stock S with exercise price K is given by the
following formula:

of of 1, 9*f
_+(T_q)5ﬁ EO’ Sw—rf

(1.3)

With S;in < S < Spax + tmin < t < timax Where ris the risk free interest
rate, q is the continuous dividend, T is the time to maturity of the option and
o is the volatility of the underlying stock price. The value of a European or
American call option that pays zero dividends is defined as a contingent
claim with payoff at maturity max (0, Sy — K)T.

The Black-Scholes formula for the value of a European call option is:

CBS(Sy,K,t,0) = S;N(d,) — Ke "*N(d,) (1.4)

o2
do = —ln(m)+‘r(r—7) (1.5)
oVt ! 2 oVt

- ln(m)+‘r(r+%2)

d, =

Where m = K/S, is the moneyness’ of the option and:

X ZZ

N(x) = (271)_%[ exp (— 7)dz (1.6)

One attractive feature of the Black-Scholes model is that its parameters are
unambiguously observable. That makes the model easily calibrated to
market prices. A very important parameter in the Black-Scholes option-
pricing model is the volatility of the underlying asset. The level of volatility
used in the model has significant impact on the option price behavior and

Moneyness is a measure of the degree to which a derivative is likely to have a positive monetary value at its
expiration under the risk neutral measure. Here, moneyness is defined as the fraction of the option strike over

the spot value of the underlying (M = g)

18



understanding the price-volatility dynamic (i.e. relationship between
directional changes of the underlying and directional changes in the
volatility) can help cushion against losses. Fortunately, this relationship in
equity markets is easily observable. One can calculate the volatility implied
by the option prices in the market, by solving the inverse Black-Scholes
problem. The implied volatility o, = g((C), .) of an option C will depend

on the characteristics of the option. Those are the strike price K and the
maturity T. However, the Black-Scholes model predicts a flat profile for the
implied volatility surface:

oc = g((g),.) =0 (1.7)

It is a well observed empirical fact that the volatility implied by options
traded in the market is not constant as a function of strike nor as a function
of time to maturity. This dependency is easily observed when looking at the
shape of implied volatility surfaces, where the non-flat instantaneous profile
of the surface points out the existence of term structure volatility and its
deforming shape confirms the change of levels of implied volatilities over
time, capturing the evolution of prices in the options market.

Figure 1-5 top presents the average implied volatilities for DJ
EUROSTOXX index for the period of [01/2008-11/2011]. Maturities range
from 1 to 24 months and moneyness levels range from 90% to 100%.

Figure 1-5 bottom shows the surface obtained for DJ EUROSTOXX when
logarithmic changes of implied volatility are taken before averaging. The
volatility skew and term structure characteristics persist. The sample
standard deviation of implied volatilities shown in Figure 1-6 illustrates that
the surface is not static and fluctuates around its average profile. It is
observed that the daily standard deviation of the implied volatility can be as
large as one half of its typical value for out-of-the money options, resulting
in an important impact on option prices and prices of other financial
derivatives (e.g. variance swaps). The above highlights the main weakness
behind the assumption of constant volatility as implied by the Black-Scholes
formulae which is further exacerbated in the case of short term options,
where utilizing continuous models of diffusion type with constant or even
stochastic volatility, cannot capture observed discontinuities in the
underlying price path unless the volatility of volatility is set to be
unrealistically high.

19



Figure 1-5 Average Implied (top) and log-implied (bottom) Volatility
Surface DJ EUROSTOXX (2008-2011)
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Those findings regarding the ability of the Black-Scholes model to capture
the real market asset price dynamics, created the need for the development
and integration with the existing pricing methodologies of a model that will
be able to account for unexpected large price movements due to the arrival
of information regarding unforeseen market events. An efficient option
pricing model should be able to replicate the prices observed in the market,
but should also assign values to complex derivative products without
allowing for arbitrage opportunities. Several generalizations of the Black-
Scholes model have been proposed in order to deal with the smile shaped
implied volatilities problem. In (Dupire, 1994) a time dependent local
volatility is inferred from the term structure of implied volatilities,
essentially inducing a unique diffusion process. However for options with
longer maturities the resulting local volatilities are roughly constant,
predicting a future smile that is much flatter than smiles observed in the
market. Proposed diffusion based stochastic volatility models (Heston,
1993a), (Papanicolaou, 2000), can reproduce the profile of implied
volatilities at given maturities but fail to do so across maturities (Hull,
1989).
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Figure 1-6 Standard Deviation of Implied Volatility D) EUROSTOXX (2008-
2011)
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In contrast to the above, models with jumps can lead to a variety of smile
and skew patterns since they account for discontinuities in the asset price
paths and provide a way of capturing the fear of unexpected changes in the
price of underlying assets, which is the main source of the skewness
observed in diffusion models, even in the case of the short term options.
Therefore, those models allow market participants to perform efficient risk
management by quantifying and accounting for the risk of stock price
shocks over a short interval of time, something not possible in a diffusion
type model.

1.2 Relation to literature and contribution

Since the Geometric Brownian motion model was commonly accepted to be
inconsistent with the market behavior, many studies have been conducted in
order to modify the existent model to produce a pricing formula which will
effectively capture the market behavior. A number of extensions have been
proposed. Stochastic volatility and ARCH models (Hull, 1987);
(Papanicolaou, 2000); normal jump models (Merton, 1975); affine
stochastic-volatility and affine jump-diffusion models (Dupire); (Heston,
1993b); infinite activity Lévy models (Madan, 2002); (Madan, 1998). Jump-
diffusion and Lévy models are the most attractive ones, since they can
capture the jump patterns exhibited by stock prices and are more realistic
when closer to maturity.

In particular, models with jumps are considered to be more representative of
the actual market. Over the last decade research departments of major
investment banks began to accept jump-diffusions as a valuable tool in their
day-to-day modelling. The acceptance of jump-diffusion models compared
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to the Black-Scholes is mostly supported by the following reasons: (1) in
diffusion models and as discussed previously, the price process behaves
locally like a Brownian motion and the probability that the stock price
moves by a large amount over a short period of time is very small, (2) from
the hedging point of view, jumps allow the practitioner to quantify and take
into account the risk of strong price movements over short time intervals.

Starting with Merton’s paper (Merton, 1975), and up to present date, various
types of jump-diffusion models have been studied across the academic
community. A number of finite difference methods for valuing options
under jump-diffusion and Lévy processes have been published, (Cont,
2004), (d' Halluin, 2004), (Oosterlee, 2007), (Kou, 2004). These valuations
require the numerical solution of a partial-integro-differential equation
(PIDE), which involves, in addition to a possible degenerate second order
differential operator, a non-local term that requires specific treatment at both
a theoretical and numerical level. Various numerical methods for solving
such parabolic integro-differential equations have been proposed.

Levy models and in particular exponential Lévy models, where the market
price of an asset is modelled as the exponential S; = Spexp(rt + X;) of a
Lévy process X;, provide a convenient framework to model the behavior of
an asset price, as it appears both in the “real” and the “risk-neutral” world.
This is because the sample paths can have jumps, the generating
distributions can be fat-tailed and skewed and the volatilities implied from
option prices can have “smile” shape, due to the flexibility of choice of the
Lévy process X;. Option pricing under exponential Lévy models has been
discussed in (Dupire, 2000), (Voltchkova, 2005a).

In parallel with jump-diffusion and finite activity models another category
of formulation was developed. Processes with infinite activity without a
diffusion component, represent a family of models where all paths have
infinitely many jumps along any time interval of finite length. However, the
pricing equations in that case, are numerically more challenging and the
market turns out to be incomplete in the sense that a hedging strategy
leading to instantaneous risk free portfolio does not, in general, exist
(Madan, 2002). The numerical approximation technique that is presented as
part of this thesis is implemented in two models of this category: (i)
Variance Gamma model (VG) (Madan, 1998) and (ii) the CGMY model
(Madan, 2002) model.

In (Voltchkova, 2005b), the authors propose a finite difference scheme for
solving PIDE’s for the case of European and barrier options when the
underlying is following a jump-diffusion model. Their numerical solution is
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based on splitting the operator into a local and non-local part, treating the
local term using an implicit step and the non-local term using an explicit
term respectively.

For jump-diffusion models with finite intensity, Andersen and Andreasen in
(Andreasen, 2000) propose an operator splitting method where the
differential part is treated using a Crank-Nicholson step and the jump
integral is computed using an explicit timestep.

Almendral and Oosterlee in (Oosterlee, 2007), solve for the value of a
European contingent claim option, localizing and discretizing the PIDE in
space using finite differences and finite elements and in time by using the
second order backward differentiation formula, (BDF2). Then they use an
iterative method based on the Fourier Transformation to solve the resulting
system, based on the splitting of the matrix.

d’ Halluin, Forsyth and Labahn (d' Halluin, 2004) discretize explicitly the
jump-diffusion term and treat the usual PDE with a fully implicit method,
proving unconditional stability for the resulting timestepping method. A
fixed point iteration scheme is then used to solve the discretized algebraic
equations. The correlation integral term is computed with FFT methods.
They apply the proposed method to a variety of contingent claims.

Carr and Madan in (Madan, 1999) develop a simple analytic expression for
the Fast Fourier Transformation (FFT) of the European option price or its
time value for the Variance Gamma case.

Hirsa and Madan in (Madan, 2002) derive a PIDE for pricing American
options when log-price dynamics of the underlying asset are given by the
variance Gamma (VG) law. For the evaluation of the integral term, they
expand the integrand near its singularity of y =0 and treat this part
implicitly, while the rest of the integral is treated explicitly.

Almendral and Oosterlee in (Oosterlee, 2006) propose a second order
accurate finite-difference method for the computation of an American
option price and its exercise boundary under the VG case. They formulate
the problem as a linear complementarity problem and they solve it
numerically using a splitting method. FFT is also used to accelerate the
computations.

CGMY in (Madan, 2002) develop a continuous time model that allows for
both diffusion and jumps of both finite/ infinite activity. In their article a
pure jump process is defined that is of finite/ infinite activity if the number
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of price jJumps in any interval of time is finite/ infinite. The parameters of
the process developed, allow the jump component to have either finite of
infinite variation. A closed-form expression for the characteristic function of
log-prices is generated but not for the return density. The Fourier inversion
with the FFT is used as a technique to determine numerically the statistical
and risk-neutral densities. On the empirical side, they conclude that one can
dispense with the diffusion in describing the fine structure of asset returns as
long as the jump process that is used is of infinite activity and finite
variation.

Wang, Wan and Forsyth in (Wang, 2007) develop an implicit discretization
method for pricing European and American options under the CGMY
process. Taylor expansion approximation is used to treat the jump
component in the neighborhood that the log-jump size equals zero and the
drift term is dealt with using a semi-Langrangian scheme. The resulting
PIDE is then solved using a preconditioned BiCGSTAB method coupled
with FFT.

Almendral and Oosterlee in (Oosterlee, 2007) use a finite difference method
for pricing European and American options under the CGMY process. The
equations are discretized in space by the collocation method and in time by
an explicit backward differentiation formula. Also the FFT transformation is
used in the computation.

Ikonen and Toivanen (Toivanen, 2004), propose an operating splitting
method for the timestepping and demonstrate it on the case of American
options with stochastic volatility. This results to the decoupling of the early
exercise constraint treatment and the solution of the resulting (from the
discretization system) linear equations into separate fractional timesteps.
They show that this enables the application of any efficient numerical
method for the solution of the linear equations. Their method is proved to
have same accuracy with Crank-Nicolson and its efficiency is tested on a
multigrid period.

In (Toivanen, 2014) the authors define by a convex combination parameter,
a set of implicit-explicit schemes for the solution of the PIDE resulting from
the pricing of options following a jump-diffusion process. Those schemes
lead to tridiagonal systems that are shown to be solved efficiently.

In the work presented here a finite difference scheme for solving the pre-
mentioned PIDE is explored. An extension to jump-diffusion processes of
the coordinate transformation approach (Parrott, 1999) is being developed
along with a compact mesh based quadrature approach to the integral term.
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The quadrature formulation is effective, has good localization properties and
results to second-order accurate prices and Greeks for Merton’s classical
jump-diffusion pricing model. An implicit time discretization is used and
early exercise is treated by classical iterative projection approach. The
accuracy of the method presented, will be compared with results for
Merton’s model, VG, and CGMY processes published in (d' Halluin, 2005);
(Madan, 2002) and (Wang, 2007). The effectiveness of the approach is also
tested with the IT splitting method (Toivanen, 2004).
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1.3 Thesis structure

This thesis contains of 4 main chapters excluding the introductory one, the
conclusion and the appendix (Chapter 7). The contents of the chapters are
described briefly in this section.

Chapter 2: This chapter summarizes the basic financial mathematics
notions which will help us construct the building blocks of the research
subject of this work® Section 2.1 presents the basic definitions from
stochastic calculus, the Brownian motion, the Markov property and their
linkage to financial mathematics. The section then touches upon the
properties of Martingale processes, a tool extremely important in the
financial engineering field. Section 2.2 discuses Lévy processes, their main
characteristic properties and several important results about them. We then
turn our attention to their application in financial modelling and option
pricing, with examples of Lévy processes that are widely used in the field
discussing their activity and variation.

Chapter 3: In this chapter we present the PIDE whose efficient solution via
finite difference approximation will be the focus of this work. In Section 3.1
we focus on the PIDE derived from the pricing of options following
Merton’s jump-diffusion process. We discuss the challenges arising in its
numerical approximation and present our proposal for the efficient
numerical solution for the case of European options. In Section 3.2 we
present the changes in the approach to account for the early exercise in the
American option case. Finally in Section 3.3 we present the results derived
from the implementation of our proposed approach in the Merton case for a
European and an American put option.

Chapter 4 In this section we discuss the changes in the PIDE when
singularities arise for the Variance Gamma and CGMY process (Section
4.1) and derive the amended numerical approximation to treat those
singularities. Results are presented and discussed (Section 4.2).

Chapter 5 In this chapter we present the numerical approximation
described in Chapter 3, incorporating the IT splitting iterative method
instead of PSOR. We re-calculate results for Merton’s classical model, VG
and CGMY and comment on the performance of IT splitting compared to
PSOR.

2 ) ) . L .
Important theorems will be presented, while the proofs of those theorems are not provided, as this is outside
the scope of this work. The reader is referred to stochastic calculous literature instead.
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2. Modelling the Stock price movements:
Basic tools and Theorems

In this chapter we review the basic definitions and theorems, essential for
the understanding of stochastic calculus tools and their application in
financial engineering. Proofs of theorems widely available in the financial
engineering literature will be omitted. Section 2.1 summarizes the basic
stochastic calculus notions (o-algebras, Brownian motion, Markov
properties, martingales), Section 2.2 provides definitions and the main
properties of Lévy processes. It then expands on their application in
financial engineering and provides characteristic examples of Lévy
processes that are of interest for the work presented here.

2.1 Stochastic processes-main notions and theorems

This work is aiming to numerically explore the dynamics of the arrival of
random jumps in stock price paths. Those arrivals could be thought of as
probabilistic events. In order to define mathematically the notion of a
probabilistic event we need to define c-algebras.

Definition 2.1 (o-algebra) Let 2 be a set. A o-algebra F on the set 2 is a
family of subsets of 2 with the following properties.

(i) @ ecF
(i) FEF>F'=0\FEF
(l") AI'AZ' .. € T = A = U;x;lAi € ?

From the above definition we can derive the following property:

If F is a o-algebra and A; € F then:

QAi = (QAE)C EF (2.1)

We can think of o-algebras as information structures. £ contains all
possible outcomes of an experiment. Since by definition a o-algebra is a
collection of 2°’s subsets, we can interpret it as a set containing all the
possible questions one could pose for the experiment. The subsets of 2 are
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called events. The properties of a o-algebra are such that one could pose the
questions:

(1) Could the event A c 2 occur, and:

(i)  Could event B c 2 occur, and:

(iii))  Could both events A and B (A n B) occur, or
(iv)  Could only event A or event B (A U B) occur, or
(v) Could event A not occur at all (A°).

Definition 2.2 (Smallest o-algebra) The smallest o-algebra defined from a
set A is the smallest o-algebra that contains set A. This algebra is denoted
asa(4).

For example, we can assume the algebra {@, 2, A, A°}. This is the smallest
o-algebra that contains the set A, so this is the algebra o (A).

Definition 2.3 (Borel sigma Algebra) The smallest c-algebra that contains
the class C of all intervals (—oo, x) that can been seen as subsets of the real
line is called Borel sigma Algebra and is denoted as B. The elements of o-
algebra are called Borel sets.

Definition 2.4 The Borel c-algebra, B(R%) is the smallest o-algebra that
contains all the parallelograms (a, b], or in other words the o-algebra that is
created by parallelograms.

B(R%) contains all the subsets of R? relevant to the work presented here.

Having defined the notion of a probabilistic event, the question that comes
naturally is regarding the likelihood of this event occurring. This likelihood,
is linked to a set belonging to an appropriately defined o-algebra. The next
step is to introduce the notion of a function that will link a set to a
likelihood. Such functions are called measures. In what follows we will
define the probability measure.

Definition 2.5 (Probability measure) A probability measure P on a
measurable space (2, F) is a mapping P: F — [0,1] with the properties:

@ P@=0P)=1
(i) If A, A,, ... € F and {4;} are pairwise disjoined, then
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P(CJ A) = i Py 2
i=1 i=1

Definition 2.6 (Counting measure) Let (2, F) be a measurable space. For
every set A € F we can define the function §: F - N c R in such a way so
u(A) will denote the number of the elements contained in set A. Function u
is a measure on space (2, F), called a counting measure. If we amend
slightly the definition and define function P: F — N c R such that P(4) =
u(A)/#02, where #0 is the number of elements in 2. Function P is then a
probability measure.

For example, let Q = R and F = B. We can define measure P: B — [0,1]
such that the image of the space I = (—oo, x] is given by:

1 X a2
P(I):Ef exp(—Ty)dy (2.3)

We can easily see that measure P is a probability measure on R.

Definition 2.7 (Probability space) Assume a c-algebra on set Q and a
probability measure P. The triplet (Q, F, P) is called a probability space.

For example, let’s assume Q = R, F =B and P probability measure as
defined in (2.3) above. The triplet (R, B, P) is a probability space.

Definition 2.8 (Measurable space) Subsets F of set () in the o-algebra F are
called F-measurable. Measurable sets are always defined in relation to a
specific o-algebra.

For example, assume Q = R, F = B. Every interval [a, b] where a,b € R
is B-measurable.

Before moving on with the definition of stochastic processes, we will
attempt to summarize the definitions provided above and provide their link
to probability theory notions.

An experiment that contains a random element could be described as a
probability space (Q, F, P).

More specifically:
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e (O is the sample space. This set contains all possible outcomes of the
experiment.

e Anelement w € Q is called a sample point and is a specific outcome
of the experiment.

e The c-algebra F is called a family of events. This algebra contains
all possible questions one could pose in relation to the experiment.

e An event is an element of F, in other words it is an F-measurable
subset of Q. Those events could be more complex than a simple
outcome of the experiment.

e Probability space P contains information on how likely is the
occurrence of an event. In particular P(F) contains information on
how easy is for event F € F to occur. For example if P(F;) > P(F,)
for two sets F;, F, € F then we can say that event F;is more likely to
occur than event F,.

Definition 2.9 (F-measurable function) For a set 2, the function Y:Q —
R? is called F-measurable if for any measurable set U € F the following
holds:

Y1) ={weQY(w)EU (2.4)
for every open set U € R%,
In order to answer the question whether the function Y takes a value in U we
need to know the information contained in F.
We can now define random variables.

Definition 2.10 (Random variable) A real random variable is an F-
measurable function X: Q — R% where (Q,F, P) is a probability space.

We can think of random variable X as a variable whose value depends on
the outcome of a random experiment.

Every random variable is linked to a measure uy(B) = P(X~1(B)) for a
Borel set B € B(R%). This measure is called the distribution or law of the
random variable. Setting d = 1 and F = B we can define the distribution
function of a random variable X as:
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P(X < x) = Fx(x)
(2.5)
P(a < X < b) = Fx(b) — Fx(a)

Fy defines the probability measure P. It also satisfies the following:

e Fy isan increasing function
e Fy isright continuous: (lim,_,_ Fy(x) = 0) and lim,_,, Fx(x) = 1
e It holds:

+o00

Fx(x) = fX)dx=1 (2.6)

—00

for f(x) the probability density function.
We can now move on to defining stochastic processes.

Definition 2.11 (Stochastic process) A stochastic process is a parametric set
of random variables {X,};.r which are defined in a probability space
(2, F,P) and take values at R%. A stochastic process has two variables, t
and w.

1. For any given and constant t € T there is a random variable w that
satisfies:

w-X(w);weN (2.7)

2. For a constant w € 2 the function:

t > X (w); teT (2.8)

presents the path of X;.

In order to understand the notion of the stochastic process we need to
consider a set of particles which are observed in time. t presents time and
can be either continuous or discrete. Let w represent a specific particle. A
specific w is called a realization of the stochastic process. Then X;(w) is the
position of the particle w at time t. We can identify each w with the function
7 - X (w) that reflects T —» R%. Then the o-algebra F will include the o-
algebra B that is derived from sets of the following format:
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{w,w(t)) € Fy;...;w(ty) € Fi} F; € R* Borel sets  (2.9)

Stochastic processes that are commonly used by researchers and market
practitioners in order to model stock price behavior are the continuous-
variable, continuous-time stochastic processes. While in the real market it is
not observed that stock prices follow continuous-variable, continuous-time
processes, an understanding of these types of processes is the first step
towards the understanding of option pricing models and of pricing models
for more complicated derivative products.

2.1.1  Brownian motion in financial modelling

The Brownian motion is undoubtedly the most commonly used tool
amongst the stochastic processes for modelling price fluctuations. It is the
most widely studied stochastic process and the cornerstone of the modern
stochastic analysis. It is the simplest continuous-time stochastic process and
it is a limit of both simpler and more complicated stochastic processes.

Definition 2.12 (Brownian motion) A Brownian motion is a stochastic
process B, that takes values in R and satisfies the following properties:

1. The process has independent increments, i.e:

Foralltimes0 <t; <t, < - <t,, the increments:
B(tn) — B(tn-1), B(ta—1) — B(tn-2), ., B(tz) — B(t;) (2.10)
are independent random variables.

2. Ifs,t =0, then

1 ||
P{(Bs4+¢+ — Bs) € A} = fmexp(— Z_t) dx (2.11)
A

with A denoting a Borel set, so changes in the Brownian motion follow the
Normal Distribution (Gaussian distribution).
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3. The paths followed by the Brownian motion are continuous with
probability 1. So, t — B(t) is a continuous function.

An important feature of the Brownian motion is that is satisfies the Markov
property and the strong Markov property®, both important properties in the
calculations involving Brownian motion, such us estimation of conditional
expectations with respect to filtrations defining various types of stochastic
processes that appear in the modelling of financial derivatives.

2.1.2 The Markov property

The Markov process is a particular type of stochastic process where only the
present value of a variable is relevant to its future path. Predictions of the
future movements of the variable are uncertain and must be expressed in
terms of probability distributions. The Markov property implies that the
probability distribution of the underlying variable at any particular future
point is not dependent on the path followed by the variable in the past. This
property is closely related to the weak form of market efficiency*, which
implies that the present price of a stock contains all information of the price
path in the past.

Theorem 2.1 (Markov Process) LetF, = a(B,u <s), the o-algebra
created by the Brownian motion up to time s. This is the smallest a-algebra
where the random variable B,, r < s is countable. ¥, contains all the
information of the Brownian motion path up to s. If f is a bounded function,
then for every x € R%:

0 1 a2
Elf (Bras = BOIR] = E:lf(Beas = Bl = | fO)=exp(-—)dy (212

due to the independence of the Brownian motion. We can therefore write:

Ex[f (Beas)|Fs] = Ex[f (Beys — Bs + B)|F]  (2.13)

Here, only the Markov property will be discussed as this section serves as a primer of the basic stochastic tools.

4 In the weak form of market efficiency, prices reflect all information contained in the market trading data.
Historical pricing data are efficiently digested by millions of competing market participants, making the
information useless in identifying mispriced securities. It is therefore impossible for a single investor to
consistently outperform the market.
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Since B;,s — By is independent of the F; algebra and B fully known until
time s, we can assume that B; = z. Then:

Ex[f (Bess = Bs + B)IFs] = Ex[f (Beas — Bs + 2)]  (2.14)

However, B;,; — B, is also a Brownian motion that starts at 0 and runs for
timet = s —s =t. Therefore, the process B;,s — B+ z has the same
distribution with a Brownian motion that starts at time z and runs for time t,
so that:

Ex[f(Bt+s —By) + Z]

_f"" bt ) (_—_yz)d
= _Oofy z\/ﬁexp o y

SN BN
= | _ro)p=en- 7 0dy =EIFBI] (215
= 5, [ (B)]

We therefore conclude that:

EL[f (Bl 7l = En [F B = [ ! O-B)" (2.16)
A @B = EnlF B = | fO) e (-F 0y 2
This property is an expression of the Markov Property for the Brownian

motion. An equivalent expression for the Markov Property is:

Ex[f(BIFs] = Ep (f (Bt—s)),s <t (2.17)

The above implies that in order to calculate the expectation at time t of a
Brownian motion, conditional on its history up to times, we can simply
calculate the expectation of a new Brownian motion that starts at the
position that the initial Brownian motion reached at time s , i.e. B, and runs
for time t —s. In other words, the entire history of the initial Brownian
motion prior to time s does not contain any useful information.

34



2.1.3 Martingales and arbitrage Theory

Martingales are a special class of stochastic processes which play an
important role in probability theory, stochastic calculus and financial
engineering. Here we present the basic notions of martingale theory.

Definition 2.13 (Martingale) Let (Q,F, P) be a probability space with F,
the filtration of F(F, c F) and X, a group of real, integrable (E[|X|] <
oo]) random variables of the F, filtration. Then:

1. X, isamartingale if:
EX|Fl=Xs,s <t

2. X, is a supermartingale if:

E[X|F]<X,s<t

3. X, is asubmartingale if:

E[X|F]=X,s<t

Where t can be a continuous indicator ¢ € R or a discrete indicator € V.

If for a Martingale the information contained in F; is known, then the best
prediction that can be made for the value of X, is X;. If X, is a
supermartingale then the best prediction that can be made about the value of
X; based on the information contained in the filtration F, will be greater
than the value of X.. Accordingly if X, is a submartingale then the best
prediction will be less than X;.

Definition 2.14 If X, is a Martingale then:

1. E[X¢] = E[X]

2. E[X,—X]=0

Let X, a stochastic process with t denoting time. F; can be any filtration. A

possible choice that can be made is the normal filtration F; = o(X,, u < t),
which is the filtration produced from the trajectories of the random process.
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In this case F; can be viewed as the information derived from the behavior
of the stochastic process X, from time t = 0 up to time t.

Theorem 2.2 (Arbitrage) A portfolio can be an arbitrage portfolio if it is
self-financing® and if the following holds:

Vo(a) =0,Vi(a) 20Vt and E[V;(a)] > 0

Arbitrage implies that an investor can have sure profit from a portfolio
without imposing him/ herself to any risk. The absence of arbitrage
opportunities in the market is equivalent to the existence of an equivalent
probability measure under which the discounted price process is a
martingale. The existence of a martingale measure allows for the fair pricing
of the contingent claims.

The theorem below presents the first fundamental theorem in asset pricing.

Theorem 2.3 There are no arbitrage opportunities in the market if and only
if there exists an equivalent martingale measure.

The value of a self-financing portfolio is given from:

t
Ve =V + Z ayAX, (2.18)

u=1

where

N
a, A%, = Z XD (2.19)

n=0

We assume that under the Q probability measure the discounted stochastic
process X describes the price change under filtration F. V is a martingale
transformation of the process X. Consequently V is also a martingale under
the measure Q. The martingale property implies that:

Eq Vel = Eq [Vol (2.20)
with Vo = 0 and Vy = 0 under Q. Using the martingale property Eq[Vr]

combined with the fact that V;; > 0 under Q, we can conlclude that V; = 0
under Q.

> Please see Section 7.1 for a definition of a self-financing portfolio.

36



Remark 2.1 The P measure is the probability measure derived from the
stochastic process X;. The above theorem also holds for continuous time
models. In that case there are specific stochastic calculus tools that can be
used to test the existence of equivalent probability measures (Girsanov’s
theorem). Under the equivalent martingale measure all asset prices
discounted by the current interest rate process are martingales. This result is
used extensively in derivative’s pricing.

The theorem below plays an important role in defining derivative hedging
strategies. In its simplified form it states that for a one asset model where
the evolution of its price is modelled by a Browning motion, the existence
of a hedging strategy depends on the following:

Theorem 2.4 (Martingale representation, one dimension) LetB;, 0 <t <
T, be a Brownian motion on a probability space (Q,F, P) and let B(t) be a
filtration generated by this Brownian motion. LetM(t),0 <t < T, be a
martingale with respect to this filtration. That is for every t, M(t) is B(t)-
measurable and for0 < s <t < T, (E[M(t)|B(s)] = M(s)). Then there is
an adapted process I'(u),0 < u < T, such that:

t

M(t) = M(0) + j rwyaw),0<t<T (2.21)
0

Defining this adapted process I" (u) poses a challenge in the solution of any
Brownian motion based model.

Below we present another major breakthrough in the stochastic calculus
field relating to stochastic integration.

Definition 2.15 (1t6 processes) An It process is a stochastic process X, of
the following form:

t t

u(s,w)ds+f v(s,w)dB; (2.22)

Xt:XO_I_f
0

0
Where u and v satisfy the conditions:
t t
f v2(s,w)ds < oo ,f u(s,w)ds < o, (2.23)
0 0
This process can be also written in the differential form:

dXr = udt + vdB; (2.24)
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From the above we can see that an 1t6 process can break into two parts:

The M, == fot vdB, part, which is a martingale and the A; = fot uds part,
which is a process of finite variation.

It is important to explore whether a function of an It process is going to be
an Ito process itself. If this it true, then the question that arises is which is
the exact form of this function, as a summation of a Riemann integral and an
Itd integral. I1t6’s Lemma provides an answer to that question suggesting a
change of variable formula that also holds for stochastic integrals.

Definition 2.16 (It6-Doeblin Lemma) Let X, represent an It6 process that
can also be expressed as:

t t

X: =X, +f u(s,w)ds+f0v(s,w)st (2.25)

0

Then, any function of the process X,, of the form g(t,x) € C*?, can be
expressed as a stochastic integral of the following form:

dg dg 02

(tX)—(OX)+ft 0291 gd+ft 99 ip. (226
GibA) = G120 OasuaxZUszsovaxS(')

The above result can be written as:

dg dg 1 _0d%g dg
dg(t,Xt)=<E+ua+§U2m dt+UadBt (2.27)

With €12 denoting the space of the g(t,x) functions that have continuous
first derivative of the first variable and continuous second derivative of the
second variable.

Remark 2.2 In the above the following notation has been used:

ag ag ag ag
2 = o (s, Xy), u—— = u(s, Xs) F (s,Xs), etc (2.28)

A more tractable form of the It6 Lemma is the following:

Let Y; = g(t, X;) be a function of an Itd process. Then:

ag dg 10%g 5
=< -~ i 2.29
dY, = = dt + =2 dX, + 555 X,y (2.29)
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In what follows we provide a summary on Girsanov’s theorem and build up
to the first option pricing PDE. Girsanov’s theorem, also known as the
measure change theorem, is essential in understanding the connection of two
stochastic processes defined under different probability measures.

Before presenting the theorem, the equivalent martingale measure is
presented.

Definition 2.17 (Equivalent probability measure) Let Q and P two
probability measures. These measures are called equivalent probability
martingale measures if for every event A, P(A) = 0 ifand only if Q(A) = 0.
In this case there always exists a random variable & which is called Radon-
Nikodym derivative of Q in respect to P. & satisfies the following property:

Let a stochastic processZ,. If Z satisfies Ey[|Z]] < oo, then E,[Z] =
Ep[éZ]. The above assumption is established by the Radon-Nikodym
theorem.

Theorem 2.5 (Radon-Nikodym) Let a probability space (2, F, P) and Q and
P finite probability measures defined in o-algebra F. The following two
statements are equivalent:

1. ForeveryA € F,P(A)=0=>Q(4)=0
2. Thereexistsak € L'(P),k = 0such that Q(A)=/, kdP

The density factor k is called Random-Nikodym derivative and is defined

d
ask = —Q.
dpP

Theorem 2.6 (Girsanov’s) Let u; = (uq,, ..., up,) a vector that consists of
(square integrable) stochastic processes which satisfy the Novikov
condition:

T
E[exp(%fo Ug. ugds)] < oo (2.30)

Let B; be a typical Brownian motion under the measure P. We define the
stochastic process:

t 1 t
M} = exp [—f usdB; — Ef us.usds],t € [0,T] (2.31)
0 0
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This process is a Martingale under the measure P.

If we assume that Q" is the equivalent probability measure defined as:

dQv
dp

M¥ (232)

then the stochastic process B}, defined by:
t

B = B; +f uds, 0<t<T (2.33)
0

is a typical Brownian motion and a Martingale under the measure Q%.
Moreover, B has the following property:

for every local Q* — martingale there is a ¢ stochastic process which is
square integrable and satisfies:

t
Le=Lo+ f @sdBY, t <T (2.34)
0

Collaterally the following theorem is extracted:

Theorem 2.7 Let X an It0 process defined in R™:

t t
X =x +f usds +f o,dB;  (2.35)
0 0

Let v, a vector of integrable stochastic processes and let’s also assume that
there is a vector that consists of stochastic processes u; which are square
integrable and satisfy:

oy = pe — v (2.36)

Then if X, is a martingale under measure P (for which measure the Novikov
property holds), the process X; is also and It6 process with:

t t

X; =x+f vtds+f o,dBd (2.37)
0 0

where B is the typical Brownian motion under the measure Q% which is
defined as:
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t
B =B, +f ugds (2.38)
0

The proof of this theorem is an implementation of Girsanov’s theorem
presented above. In an effort to interpret Girsanov’s theorem, let’s assume
that we keep the trajectories of the stochastic process B; as they are. We
actually keep a collection of functions of the form B,(w) and we change the
frequency of the occurrence of different realisations of w. This equals to the
change of measure P to the equivalent measure Q. Girsanov’s theorem
allows us to change the velocity of a stochastic process. In a way it
combines the solutions of the stochastic processes. Furthermore, by using
the Feynman-Kac representation we can combine the solutions of the
stochastic processes with their partial derivatives.

Lastly, we will present the Feynman-Kac format which offers a useful tool
towards the solution of parabolic problems.

Let the operator:

2

A_Zb( ) 0 N 12 - 0
=) i(x o T 22 (00)"; 9x,9%; (2.39)
i ij

The Feynman-Kac format implies that the solution of the Cauchy problem:

odu
— =AU +cU (2.40)
at

u(t,x) € CY2([0,00 x R™]) (2.41)

u(x,0) = f(x) (2.42)

for continuous ¢ and bounded function f € CZ, can be written as the mean
value over the trajectories of the It6 process X; which has the operator A as
a generator operator.
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Theorem 2.8 (Feynman-Kac representation) The solution of the Cauchy
problem can be written as:

u(t,x) = Ex[f (X)exp( f c(X;)ds)] (2.43)
0

Let’s assume that we want to estimate the solution of the Cauchy problem at
the point (x, t). We then take a number of X,(w;) diffusions, which have A
as an operator and share the same starting point (x,0). We allow the
diffusion to run for time t and for each one of the trajectories we estimate

the guantity f(Xt(wi))exp(fOtc(Xs(wl-))ds). We then take the mean value

over all the trajectories (for all the w;). This mean is the solution to the
equation.

2.2 Lévy processes

This section will present key examples of continuous-time stochastic
processes-Lévy processes-an important tool in describing the asset price
behavior observed in financial markets. We will summarize basic theorems
and transition to their application in financial engineering. For a
comprehensive read on Lévy processes and their properties the reader is
referred to (Cont, 2004) and (Papantoleon, 2000).

Let (Q,F,F,P) be a filtered probability space, where F =F and the
filtration F = (Fy)epor Satisfies the usual conditions. Let T € [0, o]
denote the time horizon which in general can be infinite.

Definition 2.18 (Leévy process) A cadlag, adapted, real valued stochastic
process L = (Ly)tso With Lo =0 is a Lévy process if the following
conditions are satisfied:

1. L has independent increments, i.e. L, — Lg is independent of F; for
any0<s<t<T

2. L has stationary increments, i.e.for any 0 < s, t < T the distribution
of L, — L; does not depend on t.

3. L is stochastically continuous, i.e. for every t >0 and &>
0: limg_,;P(|L; — Lg| > &) =0
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There is a strong interplay between Lévy processes and random walk
models. By sampling a Lévy process at regular time intervals
0, At, 2At, ..., nAt we obtain a random walk.

For any sampling interval 4, and by defining S, (4) = X,,, we can write
S, (4) = ¥r23Y, where Y, = Xk+1)a — Xka are iid random variables
whose distribution is the same as the distribution of X,. We can therefore
conclude that for any interval 4, n > 1and time t > 0 the distribution
S, (4) can be broken into n i.i.d parts. In other words, by sampling a Lévy
process at regular time intervals 0, At, 2At,...,nAt we obtain a random
walk.

This property is called infinite divisibility:
Let X be a real valued random variable with characteristic function:

ox(w) = fme"“xPX(dx) (2.44)

where Py denotes the distribution law. Let u * v denote the convolution of
the measures u and v, given by:

(1 v)(4) = va(A —0)u(dx) (2.45)

Definition 2.19 (Infinite Divisibility) The law Py of random variables is
infinitely divisible if for all n € N there exist i.i.d. random variables

xM™ L xSY™ such that:

X=X 4 x3W(2.46)

Equivalently, we can say that the law Py of a random variable X is infinitely
divisible is for n € N there exists another law P,1/» of a random variable
XA/ such that:

Py = Pyam, Pyam (2.47)

n times

Another way to characterize an infinitely divisible random variable is via its
characteristic function.

Definition 2.20 The law of a random variable X is infinitely divisible, if for
all n € N, there exists a random variable X (*/™  such that:
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px(W) = (@yam @)™ (2.48)

The simplest example of an infinite divisible process is the linear drift,
which is a deterministic process. Brownian motion is the only (non-
deterministic) Lévy process with continuous sample paths. Other famous
examples of infinitely divisible processes are the Poisson and Compound
Poisson process. The sum of a linear drift, a Brownian motion and a
compound Poisson process is again a Lévy process; this summation presents
a so called “jump-diffusion” model or Lévy jump-diffusion model which
will be the focus of this work.

Next, we provide a complete characterization of random variables with
infinitely divisible distributions via their characteristic functions. This is the
Lévy-Khintchine formula.

Theorem 2.9 The law Py of a random variable X is infinitely divisible if and
only if there exists a triplet (c,v,b), with bER , c€R, c>0 and a
measure satisfying v({0}) = 0, and fR(l A |x|?v(dx)) < oo, such that:

, u?c .
E[e™X] = exp[ibu — 7[ (e™* =1 — iuxlyy<1)v(dx)] (2:49)
R

The above is based on the following Lemma presented in (Sato, 1999).
Lemma 2.1 If (Py)kso IS @ Sequence of infinitely divisible laws and P, — P,
then P is also infinitely divisible.

The full proof of the theorem can be found in (Sato, 1999).

The exponent in equation (2.49):
. u?c . _
thu Tf (@™ =1 — iuxlyy<1y)v(dx) (2.50)
R

is called the Lévy or characteristic exponent, with the triplet (c, v, b) called
the Lévy or characteristic triplet. Moreover, b € R is called the drift term,
¢ € R, c = 0 the Gaussian or diffusion coefficient and v the Lévy measure.

This leads us to the following theorem:
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Theorem 2.10 For every Lévy process L = (L;)<¢<r We have that:
IE[eiuLf] — etl[)(u)

, (2.51)
uc .
= exp[t(ibu — - + f (™ — 1 — iuxlgy<qy v(dx))]
R

with y(u), the characteristic exponent of L;,i € N-a random variable with
an infinitely divisible distribution.

The quantity v presents the Lévy measure, which gives the expected number
per unit of time of jumps that are of size x. If the measure v presents a
density with respect to the Lebesque measure®, then it can be called the
Lévy density of X devoted as v(x).

We have previously seen that every Lévy process can be associated with the
law of an infinitely divisible distribution. The opposite, i.e. that given any
random variable X, whose law is infinitely divisible, we can construct a
Lévy process L = (L;)o<t<r SUch that Law(L;) = Law(X), is also true.

2.2.1 Jumps and poisson processes

The two basic tools for building a jump-diffusion process are the Brownian
motion, which represents the diffusion part and the Poisson process, which
represents the jump part. In the following section some primer information
about the Poisson process is going to be presented.

Definition 2.21 (The Poisson Process) A sequence {t,},»; of independent
exponential random variables with parameter A and the process (N;, t = 0)

defined by:
Ne = Z ltZTn

n=1

is called Poisson process with intensity A.

6 . . . e )
Given a set A of real numbers, p(A) will denote its Lebesque measure if it’s defined.
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The trajectories of a Poisson process are piecewise constant, with jump size
1 only. The (N, t = 0) process can also be described as a counting process.

Proposition 2.1 Let (N, t = 0) be a Poisson process. Then:

1. Foranyt > 0, N, is almost surely finite.

2. For any w, the sample path t — N, is piecewise constant and increases
by jumps of size 1.

3. The sample paths t — N, are right continuous with left limit (cadlag
process).

4. Foranyt > 0, N._ = N, with probability 1.
5. (N,) is continuous in probability:

Vt > O,NS _; Nt
S—

6. Foranyt > 0, N, follows a Poisson distribution with parameter At:

Gor

vn € N,P(N, =n) = e —

7. The characteristic function of N; is given by:
E[e™Ne] = exp{at(e™ — 1)}, foreveryu € R.

8. N; has independent increments: for any ¢ <--<'t,, N —

N¢ ..., Ne, — N, N, are independent random variables.

9. The increments of N are homogeneous: for any t > s, N, — N, has the
same distribution as N _.

10. (N,) satisfies the Markov property:

vt > s, E[f (N)INy, u < s] = E[f (Ne)|Ns]
Properties 1 and 2 actually imply that any path of Poisson process is almost
surely discontinuous and moves only by jumps. On the other hand property

4 implies that for every given point in time t the sample function of a
Poisson process is continuous with probability 1. This paradox is due to the
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fact that as for all jump processes the points of discontinuity of the process
form a set of zero numbers.

Moreover the cadlag property of the Poisson process is actually chosen to be
like that, as then the jumps in the process are interpreted as sudden events, a
feature that we will use in this work (i.e. unpredictable jumps in option
pricing dynamics).

When it comes to the study of jump-diffusion processes, the notion of the
characteristic function plays an essential role.

It is possible not to know the distribution function of a jump-diffusion
process in a closed form, while knowing explicitly its characteristic
function. The characteristic function of a random variable X is defined by:

px(W) = E[e™] vueR* (2.52)
For the Poisson process, this gives:
E[e™Nt] = exp{At(e™ 1)} vu e R (2.53)

Let AL = ALy, _,_ present the jump process associated to a Lévy process L
which is defined foreach0 <t < T, via:

ALt = Lt - Lt—l (254)

where L;_; = limg Lg. Given the condition of stochastic continuity of a
Lévy process, we can immediately derive that for any Lévy process L and
any fixed t > 0, then AL, = 0, i.e. a Lévy process has no fixed times of
discontinuity.

Generally, the sum of the jumps of a Lévy process does not converge. It is
therefore possible that:

D laLgl =

S<t

But the below equality will always hold:

Z|ALS|2 <o

S<t

This property allows us to handle Lévy process using martingale techniques.
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In order to analyse the jumps of a Lévy process we need to understand the
nature of the measure of those jumps.

We first define a process that counts the jumps of the process L.

Definition 2.22 (Counting process) A counting process counts the number
of random times T,, which occur between (0, T), where (T,, — Tp—1)ns1 IS @
sequence of i.i.d. exponential variables. Given an increasing sequence of
random times T,,, n = 1 with P(T,, » o) = 1, we can define the associated
counting process (X;)¢so as:

X, = Z lor, =#{n 21, T, >t} (255

nz1

X, is actually the number of random times T,,, n = 1 that occur in the time
interval [0, t]. By imposing the condition P(T,, = o) = 1 we guarantee that
with probability 1 the process X, is finite for every t > 0 and like the
Poisson process it is a cadlag process with piecewise constant trajectories,
with sample paths moving also by jumps of size +1.

Definition 2.23 (Compensated Poisson process) Let N, = N, — At be a
centred version of the Poisson process N;. N; follows this centred version of
Poisson law with the characteristic function:

Py, (2) = exp[At(e? — 1 —iz)] (2.56)

Like the Poisson process also N, has independent increments and it follows
that:

E[N|N,s < t] = E[N, — Ny + Ng|N;] (2.57)

= E[N; — Ns] + Ng = A(t — s) + N
So the process (N,) has the martingale property:

vt > s, E[N.Ns] = Ny (2.58)
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The process (N;)¢o iS a compensated Poisson process and (At).s is the
compensator of (N_t);so and is actually the quantity that needs to be
subtracted from N, to get a martingale.

Definition 2.24 (Compound Poisson Process) Let N;, a Poisson process
with parameter A and Y; > 1 a sequence of i.i.d random variables with
distributionf. Then, the process:

Ne
X, = z v, (2.59)
i=1

is called a compound Poisson process.

Its trajectories are right continuous with left limits and piecewise constant
and the jump sizes are now random with distribution f. The compound
Poisson process has independent and stationary increments. Its characteristic
function has the following form:

E[e™X] = exp {t/lf (e — 1)f(dx)} vu€eR? (2.60)
R

where A denotes the jump intensity and f the jump size distribution.

By comparing the characteristic function of the compound Poisson process
to the characteristic function of the Poisson process we conclude that a
compound Poisson random variable can be understood as a superposition of
independent Poisson processes with different jump sizes. The total intensity
of a Poisson process with jump sizes in the interval [x,x + dx] is
determined by density Af (dx).

Proposition 2.2 (X;)so IS @ compound Poisson process if and only if it is a
Lévy process and its sample paths are piecewise constant functions’.

Definition 2.25 (Jump measure of a compound Poisson process) Let
(Xt)e=0 be a compound Poisson process with A intensity and jump size
distribution f. The jump measure Jx is a Poisson random measure counting
the number of jumps occurring per unit of time with jump sizes in A c
R% x [0, 00):

7 Proof in (Cont, 2004)

49



]X(A) - #{(t, Xt - Xt_ E A} (2.61)
This leads to the following proposition:

Proposition 2.3 Let (X;)so be a compound Poisson process with intensity A
and jump size distribution f. Its jump measure Jx is a Poisson random
measure on R® x [0, o) with intensity measure u(dx x dt) = v(dx)dt =
Af (dx)dt.

This proposition actually suggests another way of interpreting the Lévy
measure of a compound Poisson process as the average number of jumps
per unit of time. It can be used to define the Lévy measure for all Lévy
processes.

Definition 2.26 (Lévy measure) Measure v of a (X,)so Lévy process on R4
defined as:

v(A) = E[#{t € [0,1]:4X, # 0,4X, € A}],A € B(RY) (2.62)

is called the Lévy measure of X and denotes the expected number per unit
of time of jump sizes in A.

Generally v is not a probability measure and [ v(dx) need not to be finite.
In the case where 1 = fRd v(dx) < +oo, the measure v can be normalized
to define a probability measure p which can now be interpreted as the
distribution of jump size x:

,u(dx) = @ (2.63)

The jumps of X are then described by a compound Poisson process with A as
a jump intensity (average number of jumps per unit of time) and jump
distribution u(.). Generally, if [ |x|v(dx) < oo, the sum of jumps is

|x|<s1
absolutely convergent with probability 1 and X, can be represented as a
path-wise sum of a Brownian motion plus jumps:

0<ss<t
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wherey, =y — flxlsl xv(dx). In this case the compensation of small jumps

is not needed and the Lévy-Khintchine representation reduces to:

; 1 Rl
Ele'] = exp{f:(—iaz2 +iyz + f (e”* = 1v(dx))} (2.65)

In the case where |,

small jumps need to be compensated.

|x|v(dx) = oo the jumps have infinite variation and

As noted in the previous section, to every compound process (X;):so We can
associate a random measure on R% x [0, o), which describes the jumps of
process X.

Theorem 2.11 (Lévy-1t6 decomposition)

Consider a triple (c,v,b) where b e R,c € R,c >0, and v is a measure
satisfying v({0}) = 0 and [ (1A |x|?v(dx) < o). Then, there exists a
probability space (Q, F, P) on which four independent Lévy processes exist:
LD L@ 1[G [® where LY is a constant drift, L® is a Brownian motion,
L® is a compound Poisson process and L™, is a square integrable (pure
jump) martingale with a countable number of jumps of magnitude less than
1 on each finite time interval. Taking L™ + L® + L® + L™ we have that
there exists a probability space on which a Lévy process L = (L;)g<t<r With
characteristic exponent:

u?c .
Y(u) = iub — - + f (e"™ — 1 — iuxlgy<1p)v(dx) (2.66)
R

for all u € R, is defined.

We can therefore decompose any Lévy process into four independent Lévy
processes L + L) + LG) + [*) as follows:

Le = bt +cW, + XE + lim ¢ (2.67)
E—

or,
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Lt = bt+\/EWt

+ J: Jl-x|21x]L(ds X dx)

+ J: Jl-x|<1x{]L(ds X dx) — v(dx)ds}

= fotflx'ﬂx]l(ds X dx)

(2.68)

The terms of (2.67) are independent and convergence in the last term is
almost sure and uniform in ¢t on [0, T].

The Lévy-1td decomposition entails that for every Lévy process there exists
a vector b, a positive definite matrix ¢ and a positive measure v that
uniquely determines its distribution. This triplet (c,v,b) is called
characteristic triplet or Lévy triplet of the process X;.

The Lévy-1td decomposition therefore suggests that it is possible that every
Lévy process is a combination of a Brownian motion with drift and a
possibly infinite sum of independent Poisson processes. This also means
that every Lévy process can be approximated with arbitrary precision by a
jump-diffusion process-that is by the sum of a Brownian motion with drift
and a compound Poisson process.

2.2.2 Activity and variation of Lévy processes

Let L be a Lévy process with triplet (c, v, b).

1. If v(R) < oo then almost all paths of L have a finite number of jumps on
every compact interval. In this case, the Lévy process is said to have
finite activity.

2. If v(R) = oo then almost all paths of L have an infinite number of jumps
on every compact interval. In this case, the Lévy process is said to have
infinite activity.

Proposition 2.4 Let L be a Lévy process with triplet (¢, v, b).
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1. Ifc=0and f|x|51|xlv(dx) < oo then almost all paths of L have finite
variation.

2. Ifc#0o0r |

|x|<1

|x|v(dx) = oo then almost all paths of L have infinite
variation.

A Lévy process is a strong Markov process: The associated semigroup is a
convolution semigroup and its infinitesimal generator LX:— LXf is an
integro-differential operator given by:

E[fCe+ X)) - f@) _
t

LXf(x) = limt—>0

(2.69)
a2 9%f

5 )
7E+y£+fv(dy)[f(X+y) - f() —y1{|y|51}£(x)]

which is well defined for f € C?(R) with compact support.

2.2.3 Exponential Lévy models

It is more convenient to model the asset price processes as exponential Lévy
processes, where log returns are independent and stationary increments are
distributed according to an infinitely divisible law, estimated from the data.

Let (S¢)eefo,r; be the price of a financial asset, modelled as a stochastic
process on a filtered probability space (2,F,F;, P). F; contains the price
history up to t. Under the hypothesis of absence of arbitrage opportunities,
there exists a measure Q equivalent to P under which the discounted prices
of all traded financial assets are Q-martingales. In particular the discounted
underlying (e ™"*S¢)¢eqo,r] iS @ Q martingale.

In exponential Lévy models, the risk-neutral dynamics of S; under Q are
presented as the exponential of a Lévy process:

Sy = SpeTtt e (2.70)
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In that case X, is a Lévy process (under Q) with the characteristic
triplet (o, v,¥). The absence of arbitrage imposes that S, = S,e™"t =
exp(X;) is a martingale, which is equivalent to the following conditions on
the characteristic triplet (o, v, y):

52 (2.71)
y =) =7 [ - 1-ylya)v(@)

Then the infinitesimal generator L becomes:

Lf(x) =

g B ; (2.72)
i [a_xf; _ %] ) + f R CCERORICE 1)%(@]

The notation Y; = rt + X, is used, where Y; is a strong Markov process with
infinitesimal generator:

— 77X J
lf_l f-|—r (273)

2.2.4 Examples of Lévy processes in finance

While in principle one can have both a non-zero diffusion component
(o # 0) and an infinite activity jump component, in practice the models
encountered in the financial literature fall into two categories.

In the first category, the jump-diffusion one, the normal evolution of prices
is given by a diffusion process, punctuated by jumps at random intervals. In
this case the total change in the stock price is due to both normal and
abnormal vibrations. The normal component is modelled by a standard
geometric Brownian motion with a constant variance per unit of time and
has continuous sample paths. In this case the jumps present rare events,
crashes and large drawdowns and reflect the non-marginal impact of
information. This means that there can be active and quiet times which are
totally random-discrete points in time. Examples of those models are the
Merton jump-diffusion models with Gaussian jumps (Merton, 1975) and the
Kou et. Al. model with double exponential jumps (Kou, 2004).
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The second category consists of models with an infinite number of jumps in
every interval, which are called infinite activity models. In those models
there is no need to introduce a Brownian motion component since the
dynamics of the jumps are such so they can generate nontrivial small
diffusion behaviour (Voltchkova, 2005b) and it has been argued (Madan,
2002), (Oosterlee, 2006), (Wang, 2007) that these models give a more
realistic description of the price process at various time scales. There are
also models (Oosterlee, 2007) that allow for both diffusions and for jumps
of both finite and infinite activity.

Generally finite activity processes are said to be more useful if one is aiming
to group assets by their activity levels. On the other hand, infinitely activity
models are more suitable when one deals with highly liquid markets with
large activity. However, it is important to keep in mind that since the piece-
wise process is observed on a discrete grid, it is difficult if not impossible to
see empirically to which category the price belongs. The choice is more a
question of modelling convenience than an empirical one. In practice,
different exponential Lévy models proposed in the financial modelling
literature simply correspond to different choices for the Lévy measure v:

Compound Poisson jumps: ¢ > 0 and f|x|s1|xlv(dx) < o0,
(x-m)?
- Merton Model (Merton, 1975): v(x) = ﬁe_ 262

- Kou Model (Kou, 2004): v(x) = pa;e”“*1,50 + (1 — p)aye®?*1,

Compound Poisson jumps: ¢ = 0 and |,

lesllev(dx) = 0,

- Variance Gamma (Madan, 1998): v(x)=ﬁeA“‘B'”',A=%,B=
JB2%+202/Kk

o2
- Tempered stable processes (Cont, 2004)
- Normal inverse Gaussian process (Cont, 2004)
- Hyperbolic and generalised hyperbolic processes (Cont, 2004)

- Meixner process (Schoutens, 2002)

2.2.4.1 Jump-diffusion models
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Let’s assume a general class of exponential Lévy models S, = Sye*t where
X, is a Lévy process consisting of a drift term, a Brownian motion term and
a superposition of Poisson processes with various jump sizes:

Nt
X, =yt+oW, + z Y, (2.74)

=1

where (N;);so IS a Poisson process that counts the jumps of X, and Y;
denotes the jump sizes which are i.i.d. variables.

The characteristic function of X, is:

o?u?
2

E[e®Xe] = exp{t(iyu — —— + A f (™ — 1)f(dx))} (2.75)
R

In what follows we will present the three main Lévy processes that will be
used in this work as test cases for the implementation of the numerical
methodology proposed.

Test Case 2.1 (Merton’s Model) Merton’s model consists of a jJump term
added to a Geometric Brownian motion, that is:

as
<= (u — Ak)dt + odW, + dJ, (2.76)

where J; is a compound Poisson process with rate A, that is:

Je = Z?’il(Yt — 1) where E[N,] = At and P{N, = n} = e™* @t

n!
If the p™ jump occurs at time ¢ and S,- is the asset price immediately
before the jump, then S, = Y,S,-. The compensation factor x = E[Y — 1]

reflects the expected relative jump size. Y —1 is an impulse function
producing a jump from S;_ to S;.

Merton (Merton, 1975) derives an analytical solution for a European call
option when the Y are log normally distributed: InY ~N (a, b?), that is:

N2
exp((— T2y )

1
f) = NP

= = e(a+0.5b2) -1
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The solution to the jump diffusion SDE (2.76) is:

N¢

S, = So((u — Ak — 0.502)t + oW)) 1_[ v, (278)
p=1

So, multiplicative jumps can be seen to be a natural extension of GBM.

Theorem 2.12 The price of a European call option under Merton’s jump-
diffusion model using the Black-Scholes formula is:

anm no?
Cyerton(So, K, T,0,7) = e™"T Z e Ml T Che(Spe T ,T,00,7,) (2.79)

n=0

Test Case 2.2 (Variance Gamma) The model introduced in (Madan, 1998)
proposes a three parameter generalization of the Brownian motion as a
model for the dynamics of the logarithm of the stock price. It is obtained by
evaluating the Brownian motion with constant drift and volatility at random
time change given by a Gamma process. Under a VG process the unit period
continuously compounded return is normally distributed, conditional on the
realization of a random time. This random time has a Gamma density. In
this model comparing to the Black-Scholes there are two more parameters
apart from the volatility o that provide control for the kurtosis and the
skewness.

The Lévy measure of the VG process is:

1
v(u) = — eA¥Blul  (2.80)
K|ul

where:
/92 2
A= % and B = % (2.81)

with o and 6 the volatility and drift of Brownian motion and x denoting the
variance rate of the gamma time change.

The characteristic function of the process X; is:

2.2

di(u) =1+ Lor iBKu)_% (2.82)
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Theorem 2.13 The European call option price on a stock, when risk neural
dynamics of the stock price are given by the VG process for the risk neutral
parameters,a, v, 6 is given by:

(SO K, 1) = SO)¥( /1 8 @ts) /&; (2.8
1
1—0c, v ot
—Kexp(—rt)¥(d ’ - ,a /1 —Cz’;)

where:
d=2m (29 g Endme
_s[n K r vn(l—cz)]
with:
a={s,where{ = ——and { = —2
s 0-2 1+(§)Zg
and
_ v(a+s)? _ va?
1= 27 5

The ¥ function is defined in terms of modified Bessel function of the
second kind and the degenerate hypergeometric function of two variables
(Cont, 2004).

Test Case 2.3 (CGMY process) Under the CGMY process the Lévy measure
is given by:

—Mu Ce—Glul

v(u) = ——1ys0 +

e L (2.84)

Tu 1yu<o

where 1,50 and 1, are the indicator variables. The parameter C > 0 is the
measure of the overall level of activity. G > 0 and M > 0 provide control
over the rate of the exponential decay on the left and the right of the Lévy
density and Y < 2 describes the behaviour of the Lévy density in the area
around zero where the density tends to infinity. If Y < 0 then the measure v
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integrates to a finite value that yields a process of finite activity. If Y €
[0,1], the process displays infinite activity but finite variation since

flu|<1 uv(du) < oo.

This chapter provided a summary of the main stochastic calculus definitions
and theorems that will be necessary for the understanding of the financial
mathematics notions underpinning the work presented here. Lévy processes,
their characteristic properties and examples of interest were also presented.

3. Partial Integro-Differential Equation for
Option pricing

In this section we present the proposed partial integro-differential
formulation for the price of options whose underlying asset follows a jump
diffusion process (Section 3.1). We will consider a one factor Merton’s
model (i.e. finite activity jumps) with deterministic volatility and describe
the approximation of European (Section 3.1.3) and American option prices.
(Section 3.2). Results for both cases will be presented and discussed in
Section 3.3. In Section 3.4 we touch upon the calibration of jump-diffusion
models.

3.1 Pricing PIDE

We saw in the previous section that the solution to the jump-diffusion s.d.e
in Merton’s case is:
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N¢

St — Soe((u—AK—O.SGZ)t+GWt) 1_[ Y]
j=1

Assuming that the Brownian motion and the jump process are independent
and based on the above s.d.e we can derive the PIDE (Cont, 2004) for a
contingent claim V (S, t) that depends on S by:

——==0%52—5+ rS—V —rV + f+°° <V(Se”) —-V(S) —S(e* — 1)3—?) vwdu (3.1)

or in a more compact form:

)4
7 3.2
o = LV ALY (3.2)

where L is a differential operator and I, is the convolution-like integral
operator.

Inequality holds for the case of the American option prices:

)4
——> 3.3
o 2LV ALY (3.3)

which results to a linear complementarity formulation (LCP), discussed in
(Section 3.2).

This PIDE should be augmented by defining the usual payoff terminal
conditions and the boundary conditions when S is zero and when it tends to
infinity. One can choose the linearity boundary conditions at S — oo,
namely the second order derivatives with respect to S to be zero.

Boundary Conditions

As S — 0 the PIDE reduces to

Ve=—-1rV

As § — oo then the following assumption can be made:

VSSEO,S—>OO
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This naturally implies that:

V=A@)S+B(1); S>

Assuming that the previous equation holds then V; reduces to:

V; =5 028%Vgs +1SVs —1V; S - o0

This means that at bothS = 0,S — oo, the PIDE reduces to the Black-
Scholes PDE and the usual boundary conditions can be imposed.

Smoothness with respect to the underlying process

In the case where the log price X, has a non-degenerate diffusion component
it is proved (Garroni, 2001) that the fundamental solution of the pricing
PIDE, which corresponds to the density, X; is in fact a smooth C* solution.
Consequently the option price V(t, x) depends smoothly on the underlying
process and based on the Feynman-Kac representation results discussed in
(Section 2.1.1) we can use the solution of the PIDE for the computation of
the option price.

3.1.1 Numerical challenges

The solution of the PIDE above needs to be approximated®. This is most
commonly done using discretization methods and solving the system of
resulting algebraic equations. The PIDE consists of two parts: The Black-
Scholes part representing the convection-diffusion equation and the integral
part reflecting jumps. The presence of the integral increases the complexity
of the PIDE numerical solution compared to the Black-Scholes PDE
solution. The main numerical challenges faced are described below:

1. Non-local character of the integral term The integral term of the PIDE
is on a semi-infinite interval. This poses difficulties in the approximation
of the integral term. The integrand may also have singularities.

2. The unknown solution appears in both the PDE and the integral.

8 ) . ) ) )
Exact solutions to the PIDE do not always exist. Merton’s exact solution exists for the European case and will be
used to assess the accuracy of the proposed approximation.
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3. The PDE part of the PIDE is defined in an infinite interval The
numerical solution of the PIDE requires the localization of the variables
and of the integral term to a bounded domain x € (—B, B). This happens
by defining boundary conditions (at x = —B and x = B) in such a way
as not to destroy the accuracy of the method. Similarly for the numerical
integration of the jump component we need to reduce the integration
region to a bounded domain. This corresponds to the truncation of large
jumps.

4. The matrix resulting from the discrete system of equations while
approximating the integral term on a bounded interval can be dense.

5. Finite difference schemes that are the scope of this work are widely used
in combination with numerical integration techniques for the
approximation of the PIDE. However, issues arise regarding the stability
and accuracy that these methods can provide. A typical issue is the
spurious oscillation problem that the Crank-Nicholson scheme is known
for.

6. Smooth pasting may not always apply (e.g. singular cases) and this can
necessitate an increased number of mesh points.

3.1.2 Peer review on numerical approximation

The integral term can be approximated via implicit or explicit treatment in
the time dimension. In the American case the resulting LCP can be solved
directly or iteratively. Choices regarding the localization of the integral term
can affect the approximation accuracy. In what follows we present a brief
survey on the topic of efficient discretization and algorithmic solutions
developed by research peers®.

In (d" Halluin, 2005) the resulting PIDE is solved using a fully implicit
method for the PDE and a weighted timestepping method for the integral
term.

1 +oo
V= EO-ZVSS + (r—A)SVs — (r+ )V + f V(Sn)g(m)dn (Pr3.1)
0

Note that in the above formulation the linear terms appear in the PDE part
of the equation. In (Section 3.3) we discuss how this affects the shape of the
convolution integral.

° Notation used here is as seen in the referenced papers.
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The computational domain is bounded using Vgs = 0 and common Dirichlet
conditions are applied at 0, S, 4

Background to numerical approximation

The jump integral term can be transformed into a correlation integral as
follows. Setting x = logS and introducing the change of variable y =
log(n) the resulting integral formulation is:

I:f V(x+y)f(»)dy (Pr.3.2)

with f(y) = g(e”)e” denoting the probability density of a jump of size
y = log(n) and V(y) = V(e”). The discretized form of the integral is then:

L= ). Vi FAy+0(4y)?) (Pr33)

where I; = I(idx) and V} = V(jAx) and:

1yt
f, = EL,_A_x frdx (Pr.3.4)
J 2

with x; = jAx. The discrete form of the correlation integral (Pr 3.3) is using
an equally spaced grid in logS. The equally spaced grid works well for the
FFT evaluation of the correlation integral but is not suitable for the PDE
discretization. The authors modify this approach to allow for non-uniform
mesh coordinates in x = [nS. Their approach is to obtain values for V] using
second order accurate interpolation in S. However, FFT requires regular
spacing, so I; must be regularly spaced. I; is spaced on grid points that do
not coincide with the non-uniform discretization grid in S. Another
interpolation is then performed to remediate that.

Vgﬂ.,j > 0 is approximated by an asymptotic boundary condition which
2

does not affect accuracy for large values of N.

The resulting fully discretized PIDE is:

VM1 + (a; + by + 7 + DAt — Ath Vit — Ata, VI
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. N . N

=7 =5
=V + (1-6,)4tA Z x(V™,1, ) f, Ay + 6,412 Z x(V™,i,j) f,4y (Pr.3.5)

jE—5+1 j=—%+1

with x(V,i,j) denoting the weighted timestep discretization and a;, b;
denoting the central differences of the space derivatives of the PDE. The
explicit discretization of the integral term is proven to be unconditionally
stable, while the accuracy of the time discretization is improved using
Crank-Nicholson’s scheme. A fixed point iteration scheme is also proposed
for the efficient solution of the linear algebraic system resulting from the
implicit discretization of the integral term, with the method shown to exhibit
global convergence. It is then proved that this discretized solution converges
to a viscosity solution. The early exercise for the American option case is
treated via a penalty method (d' Halluin, 2004). The cost of the proposed
method is essentially the cost of performing two FFTs since the cost of
computing the correlation integral by Fourier methods at each timestep can
be significant (Carr, 2007).

In (Toivanen, 2014) the pricing PIDE is split into two parts:

Lv=Dv+ A(Jv —v)
With D denoting the differential operator and J the integral operator:

1
Dv = Eazszxx + (r — Ak)xv, —rv  (Pr.3.6)

+00
Jv :=f v(xy,©)f(y)dy (Pr.3.7)
0

The authors study the performance of three 2nd order IMEX schemes in 3
time dimensions. Those schemes are derived by an implicit method
combined with an extrapolation procedure for the explicit part. An extra
parameter ¢ € [0,1] is introduced, controlling the convex combination of
the zeroth-order term Av between the implicit and explicit part. Their
stability is studied via Fourier analysis and proved to hold true, conditional
on AAt with the mid-point scheme being the less restrictive in respect to
choice of c.

IMEX mid-point:

64



V. — VU v + v,
% = AtA(J — cI) + At(D — A(1 — O)I) % (Pr. 3.8)

where v,, = v(mAr), | the identity matrix, D, J matrices resulting from the
discretization of the PIDE. For J strictly positive and real eigenvalues
vp < 0 the scheme is conditionally stable for 147 < 1 and ¢ = 0.

IMEX mid-CNAB:

3V — Um— v + v,
Vi1 = U = ATA( — ) == 4 A7(D = (1 — D " (Pr.3.9)

For the same conditions as above, the methods is stable for A4t <%
and c € [0,1].

IMEX mid-BDF2:

3 1
2Vms1 = 20 + 5 Vmoy = ATA( = )2V = Vinoy + 47(D = A(1 = ) D))V (Pr.3.10)

With conditions as for the previous methods, the scheme is stable for
At <2 andc € [0,1].

3.1.3 Numerical approximation

Generally for the numerical solution of the PIDE the following steps need to
be followed:

Localization A bounded computational domain should be chosen and
artificial boundary conditions should be imposed.

Truncation of large jumps This corresponds to truncating the integration
domain of the jJump component.

Discretization The derivatives of the solution are replaced by the usual
finite differences and the integral term is approximated using common
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methods (e.g. Trapezoidal, Simpson rule). The problem is then solved using
implicit/ explicit schemes.

The PIDE (3.1) is integrated between two time levels at

S = S] , i.e.
T av
f_l —5 4t = V(s t™ 1) —v(s;,t™)
t m
- f [LV(S,t) + L(V(S,0)] de (3.4)
tm-1
where

o

v
LV (s, ) = f [V(sjeu, t) —V(S;t) - Si(e* — 1) (ﬁ) ls=s; ] v(uw)du o5

is the option price impact from the probability of the asset price jumping
from S = 5.

We will use Lg as the usual spatial second-order discrete approximation to
the Black-Scholes operator however approximating the convolution integral
requires some further discussion.

Using a uniform spatial mesh in S or in u = [nS does not distribute the error
efficiently and a better choice is either to use a mesh refined around the
strike region ( (Papanicolaou, 2000), (Voltchkova, 2006) ), or via a
coordinate stretching transformation (this work).

Coordinate Stretching For most options the region of interest is determined
by the payoff. For vanilla call or put options, prices are normally quoted
around the strike price (S = Sk). A suitable stretching transformation should
enlarge this region of asset price.

If we consider a general transformation:
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S =asinh(x — L) + cfora,c,L € R (3.6)

and in order to determine the parameters a, ¢ we first constrain the curve to
pass through (0,0), that is:

¢ = asinhL (3.7)

While the maximum stretch (at x = L) must correspond to S = S, thusc =
Sk, that is:

Sk
sinh(L)

sinh(x — L) + S¢  (3.8)

Note that x = 2L corresponds to S = 25k.

The maximum enlargement effect of the transformation is determined by the
ratio of the gradient at the strike to that at S = 0. That is (the stretch):

T= Cii_i)x:o / (g)xd = cosh(L) (3.9)
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Figure 3-1 Coordinate transformation
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For a given stretch (e.g. T = 5) the transformation is determined since:

This results to:

and inversely:

L =log[t +VtZ — 1] and+/(z2 — 1) = A = sinhlL

S =

Sk
2

Ksinh(x — L) + Sk, fort > 1

(3.10)

x = sinh™! (i S - SK)) +L (3.11)
Sk
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As discussed previously, S, is the focus for the refinement and A = sinhlL is
a parameter controlling the degree of the stretch. Substituting these
expressions into the operator LV we get:

1 0%V av av
2 2 -— 3.12
LV(x,t) = 50 T(x) (ax2 tanh(x — L) ax) +rT(x) e v )

where

T(x) = sinh(x — L) + 1 (3.13)
() = cosh(x — L) '

(3.4) with V(S;,t™) = V(x;, t™) can then be written as:

V(xj, t™ 1) = V(x; — t™)
R

+(1-06) (LAxV(x, t™) + /’ug(v(x’ tm)))] (3.14)

The boundary condition at S = S,,,,,, Will also now change since:

0%V ,(0%V ov
S W: T(x) ﬁ—tanh(x—L)a =0 (3.15)

Evaluation of the discrete convolution Integral

Comments on the convolution integral

e The integrand is localised by the exponential tapering of the Lévy
density and moreover is identically zero when the prices are locally
linear.

e The main accuracy requirement is consequently around the strike
region (or between the strike and the optimal exercise boundary).
Local mesh refinement of this region will tend to equidistribute the
errors both in the Black-Scholes operator and convolution
quadrature.

e Using Vgs = 0 at S = S,,4, @S @ mesh truncation condition enforces
linearity in the prices beyond S,,,,,. The coordinate stretching is also
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an efficient way to provide a locally linear region to the right of the
strike to reduce any localisation errors.

Writing the integral in terms of the jump variable y the first term in the
integrand for § = §; and t = t™ can be denoted:

t=t™

9
F(y) = V(Sjy,t™) = V(S;, t™) = Sy — 1) (%)S:S_ (3.16)

The linear extrapolation of the option price from S = S; to S = S;y using
price and gradient data at S = §; is:

aV m
VEE(S;y, e™) = V(S;, t™) + S;(y — 1)(%)55;’;;]. (3.17)

so that:

F"(y) = V(Sjy, t™) = VEE(S;y,t™) (3.18)

simply captures the discrepancy between this linear extrapolation and the
actual option price. This is largest when the extrapolation passes through a
region of high curvature, i.e. typically around the strike price. The integral
term is then just the expected value of this discrepancy:

L(v(s,t™) = fooo F"(y)¥()dy, for1<j<Ns (3.19)

where ¥(y) is the density in terms of the jump variable y. For the Merton
model this equates to a lognormal density:

) _(Iny — a)?
1 = e 2b? (3.20)
) NTeb

Hence, I; will only be significant for asset prices S; from which asset jumps
through the strike region are probable. If the price jumps are localised by the
distribution to a region that is relatively linear in asset price, e.g.
substantially to the left or the right of the strike, then the integral will have a
relatively small effect on the option price.

Note that the non-convolution terms can be integrated exactly so that:
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*® t=t™m

v
L(v(s,e™) = f V(Sjy, t™)¥(y)dy — AV (S}, t™) — S;jAk <§>s—s (3.21)
0 =J

for the Merton density since:

Jy ¥O)dy = Aand Ak = [° () (v — Ddy = AE[Y —1] (3.22)

Localization of the integral term

The integral term can be efficiently localised to a finite domain [0, y*], such
that:

[oe]

| Browmdy~o @23
5

since lim,,_,,¥(y) = 0 for any sensible density. We shall choose:
y'= Smax/Sj

The PDE domain truncation price S,,,, has to be chosen so that there is no
curvature in the option price for S > S,,,,. This equates to imposing the
truncation conditions Vg = 0 atS = S,,,4,. This is sufficiently far from the
strike price and the effect of asset price jumps outside the mesh is ignored.

The now localized integral:
y*

L(v(s,t™) = j F")7(y)dy, for1<j<Ng (3.24)
0

needs to be calculated using a quadrature approach. A common choice is the
composite trapezoidal rule.
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Quadrature approach

We define N, sub-intervals, [yo, ¥1], .. [Vny-1, Yno] Where yo = 0,yy, =
y* and apply the composite trapezoidal quadrature as below™:

V(s t™) ~ I

p=Ng-1
- Z %(ypﬂ_yp)[ﬂm(yp+1)ﬁ(yp+1)
- P=Ne~t (3.25)
FEMG00)] = Y @pF ()
7=

where the discrete densities are given by:

1
Wy = E(YPH - yﬁ—l)ﬁ(Yp)' p=2Ny—1

(3.26)
1 N 1 -
Wo = 2 (1 = Y0)¥(vo), Wn, = 2 (}’NQ - }’NQ—1)V (}’NQ)
Note that:
v\t
F0p) = V(Spt™) ~V(S,eM) ~50 -1 (55) B2
S=Sj

where S, = S; y,. We need to evaluate V(S,,t™) using the FD mesh
values {V;"}. This would normally require interpolation since S, = S;y, &
{S0,S1,...Sn,} i.€. does not coincide with another mesh point.

Our approach is to construct the quadrature pointsy, based on the
requirement for S, = S;y, to be another mesh point i.e. for the jE finite
difference equation we define a set of (non-uniform) quadrature points:

Yip = Sp/Sj,p = 0,...Ns (3.28)

Note that for the j;, equation the quadrature points correspond to jumps
from the asset price S; to every other finite difference mesh point.

%See (Section 7.2) for derivation
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Hence we now have that the number of quadrature intervals is the same as
the number of mesh points N, = Ng; note each equation has specific
quadrature weights w;,, as below:

1
wip =5 (Vps1 = Vjp-1)7(yp) (3:29)

Hence,

p=Ns—1
" = z “’ijjm(yJ'p) (3.30)
p=0

and the function ij(yjp) can be estimated from a pair of FD mesh point
option prices V™ and V;™, and a second order approximation to the option
delta:

ym - vm
F" ) =" = V™ —Sj(y,-p—l)% (3.31)

The disadvantage of this approach is that the quadrature points will change
for each S;. On the advantages, this method is simple to implement (i.e. no
interpolation needed) for a non-uniform or coordinate transformed mesh.

Note that for a coordinate transformed mesh:

B ) =W = v~ — 1) 1)

We can now write the final fully discretized form of the PIDE (3.1)

Ng_1
VTt — VM = AL[O(Lay VT + Z " )9 (vp)
p=0
NQ—l (3'33)
+ (1 — 0)(LaxV™ + Z M yip)¥(yjp))]
p=0

Comments on quadrature with coordinate transformation
e The non-uniform mesh creates a non-uniform set of
quadrature intervals iny =5/ .
]

e The quadrature sampling is most accurate in the region of the
greatest transformation stretch (e.g. at the strike price S = K)
where the integrand has its maximum variation.
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Simpson’s Rule

An alternative to the trapezoidal rule is the higher order Simpson’s
rule. This can be applied in composite form in a similar way.

p=Ng-1
1
= ) <O = ) E 1) 7 0pe)
p=0
+ 2[F™ (vp+1) + F" ()19 (Vp11/2) (3.34)
+ F}'m(yp)ﬂ(yp)]
p=Ng-1

= Z %(yp+1 _Yp) I:F_‘jm(yp+1) (V(ypH)
+ 23&}’;:1/2)) + F}m(yp) (ﬁ(ypﬂ) + 217(}’p+1/2))]

= Z @p "™ (¥p)

p=0

where we again use mesh intervals as the quadrature intervals to
avoid interpolation and ij(yp+1/2) has been estimated using:

1
F"(pe12) = 5 [F" par) + (%)) (3:35)

and

1
Yp+1/2 = E(Yp+1 + yp)

with the discrete densities given by:
_ 1 - 1 -
“p =% (Vp+1 = Yp-1)¥(3p) + §(yp = Yp-1)V(¥p-1/2)

1
+ §(Yp+1 - yp)ﬂ(yp+1/2): p=2.,Ny—1

1
Wo = g(}ﬁ - Yo) (17(3’0) + 217(371/2)) (3.36)
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Wy, = %(YNQ - J/NQ—1) (17 (YNQ) +2v (}’NQ—1/2))

Simpson’s rule improves the discrete quadrature measures but
computational tests show little effect on option pricing.

Both quadrature approaches are tested on the solution of a European put
option using the parameters chosen in (d' Halluin, 2004). The results for a
sequence of mesh refinements are shown in (Section 3.3) on a uniform
mesh. Since the exact solution is known, the errors can be calculated exactly
and the accuracy of the quadrature and the impact of the localization can be
assessed precisely.

Discretization

For the discretization of the PIDE we are not constrained by any
requirements to use the same 6 value for the PDE and integral term
discretization (6.) Along the same lines of (d" Halluin, 2004) we define
separate values and use the following discretization:

V= V™ = 04tLys V™ + (1 = 0)AtLysV™ + 04t + (1 — 6.)AtI™  (3.37)

As previously noted, the discrete integral (on a uniform mesh):

p=Nsg p=Ng

Z W F™(vjp) = Z “’m( = V" =5 - 1)( L 2AS b 1)) (3.38)

can be split defining:

= Y020 wjp(¥jp — 1), (= Ax for Merton)  (3.39)

and
;= ¥20% wy, , (= A for Merton)  (3.40)
so that:
p=Ng
Vi — vt
— j+1 j-1
p:

75



Then (3.38) can be written:

= ym
Ijm = ZO a)ijpm — Qjij — KijT (3.42)
p:

Algebraic Structure

Substituting:

A )

1 Vit =V
LASV(S]', tm) = EO'ZS-Z ] + T'Sj [ JH

.m1

J AS? 24

and equivalently for L,V (S;,t™ 1) in (3.37) the 8-method finite differences
approximation can be written out as:

p=Ng
m—1 m—1 m—1 -1
QU+ bV U =008t ) VT

p=0
p=Ns (3.44)

= AT+ BV GV (L= 6088 ) wpp b
p=0

The coefficients are given by:

o*S; NPTV BIPRL ) (3.45)
2AS2 20S ¢TTa2as T

aj = —HAt[

252
bj=1+ GAt[ -+ r] +0,At  (3.46)

AS?

2¢2
c; = —0At SN aAtr—Sj+ecAtKLSj (3.47)
J 2AS2 2AS 2AS

and

A = (1—0)A >S5 L— oA 41— 0.9ac 9% (3.48)
j = (A=At o5~ (A= Ohtgre+( = 0)ht7 i
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252

szl—(l—Q)At[g

izt r] —(1—6c)Q At (3.49)

o rS; K;S;
G =(1-0)At [ +(1—-0)At—=—(1—6,)At==L (3.50)

2¢2
ZASZ] 2AS 2AS

Ifa; <0,bj = |a;| + ||, ¢; <0 and for at least one j, b; > |a;| + |¢j],
then the system is termed positive definite and is non-singular so can be
solved either by factorization or relaxation.

In the case of applying coordinate transformation, where for a stretch of
T = coshL focused atS = S*, we use the mesh transformation described

earlier:

sinh(x — L)
S=85"11+————] (3.51)
coshL

We can re-write the coefficients (3.45-3.50) as:

o = ont [ 272 (x ])] MACONPINLIIC)

—0.AtL—22 (3.52
2Ax2 " 2Ax (3:52)

o?T?(x;)

bj=1+9At[

2 2
( ]) ) ( j) jT(xf)
2Ax2 ] Ocltpy B354

¢j = —0At [

and

2 2(])

(7 — D)T(x;) 15T (X))
TN L L2 (3.55)

IR Gy v

= (1-6)At [ ] —(1-0)At

o2T?(x;)

Bj=1—(1—0)At[
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O'ZTZ(X]')
2Ax?

A (e (3.57)

Cj=(1—9)At[ >

]+(1—9)At

where:

F=r— %O’ZT(X) tanh(x — L)

sinh(x—L)+sinh L
cosh(x—L)

T(x) =

Notes on scheme (3.44)

V™ denotes the solution at node j and time level m.
6. = 0 corresponds to an implicit handling of the jump integral,
whereas 6, = 1 indicates an explicit treatment of this term and Crank-

Nicholson when 6, = %

If a;, b;, ¢;, do not satisfy the conditions for a positive definite non-singular
system, oscillation may appear in the numerical solution. This can be
avoided by using adaptive upwind differencing.

For typical parameter values and grid spacing, forward or backward
differencing is rarely required for single factor options. In practice, since
the errors occur at only a small number of nodes, in an area remote from
the region of interest, the limited use of a low order scheme does not
result in pure convergence as the mesh is refined.

. Algorithmically we decide between central or forward discretization at
each node of the scheme.

Adaptive Upwinding

We saw from the algebraic structure of scheme (3.44) that the system’s

positivity property requires:
aj,C] < O, bj >0

That is,
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272(,.
aj=—0 [*x(x’)] + 6(F — D)T(x;)—6cK;T(x;) <0 (3.58)

ZT i
—0 [GA—)(CXJ)] +0(F —D)—6k; <0 (3.59)

and similarly for ¢;. Hence:

ZT i
|6(F — D)—6cK;| < 6 JA—SC’)] (3.60)

If this condition is not satisfied for a given j then an upwind scheme is
selectively used to generate the first derivative approximation.

Assuming that:

(7 — D)—6ci; >0  (3.61)

then:
2m2 A
a; = —ont[—C2] (3.62)
_O'ZTZ(X]') (f - D)T(Xj) KJT(XJ)
b; =1+ 6At T + T] +9AtT_gcAtT + 0:0;At (3.63)
(02T2(x;) (F— D)T(x;) ;T (x;)
= —OAt | ——| —gpap——2~ T2 At L7972 3.64
¢j Gt_ A2 0At A HocAt— (3.64)

If in the less likely case:

0(F — D)—6ck; <0 (3.65)
then:

(3.66)

o?T?(x;) (7 — D)T(x;) 1T (%))
a; = —6At [sz] + oAt —— = —pcar Lk
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a?T?(x; 7 —D)T(x; ;T (x;
b= 1+ 00t | 0D 4| _gac T o 5TCD g 0ne (367)
J Ax? x x )
a2T?(x;)
S= —0At |——12 3.68
“ [ 2022 (3.68)

The explicit terms are changed in a similar manner.

Stability and monotonicity

As presented in (Souganidis, 1991) stability and monotonicity are important
properties for a numerical scheme in order to ensure convergence to a
viscosity solution. In what follows we will present the stability assessment
of the proposed scheme (3.44).

Theorem 3.1 (Stability of scheme (3.44)) The discretization method (3.44)
is unconditionally stable for any choice of 6., where 0 < 6, < 1, provided
that:

* a;cC < 0and b] > 0;
e 1120

Proof Similarly to (d' Halluin, 2004) we define V™ = [V§*, V",.., Vi&]' to
be the discrete solution vector to equation (3.44) and we suppose a
perturbation in the initial solution:

V0 =v°+E® (3.69)

with E™ = [E{Y ET', .., ENs] denoting the perturbation vector. Note that
Ep* = 0 assuming Dirichlet boundary conditions are imposed at this node
(Vs¢ = 0). We can then write the equation of the propagation of the
perturbation as:
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p=Ng
m—1 m—1 m—1 -1
ajEj_l + b]E] + CjE]-+1 —QCAt Z (u]pE;”

p=0
p=Ng (3.70)
p=0

We now define:

[IEII™ = max |E;|™
J

It follows from 2523’5 wp =0, with2 > 0 that:

bi|Ej ™ < ANEN™ + BHIEN™ + GIEN™+(1 — 6) At || E(|™
— @lE|75" = GlE|T7 =0 Aty ||E (™ (3.71)

This implies:

b|EI™t < ANEN™ + BAIEN™ + GIEN™+(1 — 6c)Acy | EN™
—GllEI™ = GllEI™ — 8 Acy | E™ (3.72)

Equation (3.72) holds for all i < p. In particular equality holds for i = i*
where:

NEI™™ = max |E;|™""  (3.73)
J

Re-writing equation (3.71) for i = i* we get:

Substituting the coefficients' (3.45-3.50) into (3.74) we get:

(1—0;4t)

E m—-1 _
IETI 1+rAt

IEI™ (3.75)

Therefore:

1Yo wjp ~ A for Merton’s case
12 please note that coefficients (3.45-3.50) contain the Atf2; terms. In the above proof and
for presentation purposes we assumed the At{); do not appear in the coefficients.
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IEI™ < IEI™  (3.76)
n

The above results indicates that the stability of the scheme is unaffected by
the discretization choice (implicit/ explicit) of the integral term.

Remark 3.1 Following (Briani, 2004) is easy to show the discretization
scheme (3.44) is monotone and consistent and since it is proven to be
unconditionally stable, the discretized solution converges in a viscosity
sense (Barles, 1997).

3.2 American options

Early exercise options allow the holder to exercise before maturity. The
pricing PIDE is now replaced by an inequality since the hedge portfolio
value can only have a return bounded above the risk-free return:

av _ 1 92 ov
>

+ f_ :o [V (Se“ —V(S) — S(et — 1)3—?)] vaydu 377

or in the compact form:

v 1 92
—EZEUZSZW-FTS—TV-FIC(V) (378)

Additionally an American option cannot fall beneath its immediate payoff
g(§,t) so:

V=g (379

must also hold. The above two conditions combine into a linear
complementarity problem:

v
V-9 (E +LV + IC(V)> =0 (3.80)

Discrete complementarity The finite difference equations now also become
inequalities:
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VI 2 V™ 4 00tLps VI + (1 = 0)AtLys V™ + OcALT™
+ (1 - 6)Atl" (3.81)

VTt = g(S,t™ ) (3.82)

Leading to a discrete linear complementarity problem:

(ij—l _ g(Sj,tm_l))
-1 -1
X (V"1 = V™ — OAtLys V™
— (1= 0)AtLps V™ — OcALL™ — (1 — 6)ALI™)
=0

(3.83)

Early Exercise

Projected SOR The discrete LCP (3.83) can be solved for 6 > 0 using a
relaxation combined with a simple projection step. First the finite difference
inequality is relaxed as if it was an equation:

vkl = yk = (D + L)"1rk  (3.84)

Then the price vector V**1« is corrected by adjusting any value greater than
the payoff to be equal to the payoff.

VL = max(V/ (S5, tm)  (3:85)

This is done at the end of each relaxation step. If & = 0, there are no
equations to relax and this adjustment to V™ is done just once after each
timestep.
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3.3 Numerical experiments on Merton’s model

This section presents results computed with the proposed finite difference
scheme on European and American options where the underlying is
following Merton’s jump-diffusion process. We will assess the performance
of our proposed scheme through comparison with published results of other
researchers in the field, and we will draw conclusions on the impact specific
numerical approximation choices we are proposing have on the consistency
and accuracy of the scheme.

We start our experiment using a European put and the parameters used in (d'
Halluin, 2005):

§$=100,K =100,T =0.25,r =0.05,6 =0.154=0,1,,a =
—0,9, b = 0.45, with the exact value equal to 3.1490.

Where a and b are the parameters of the Merton jump amplitude
distribution.

A common way to assess the accuracy of a finite difference option pricing
approximation is to measure the error at the strike for ¢ = 0 that is at the
start of the option duration.

Ex = |V(K,0) — Vi | (3.86)

Mesh point j, will be assumed to be located at the strike asset price, unless
otherwise stated.

Quadrature Error

With S,,,., = 1000, a stretched mesh and variable timesteps we will assess
the quadrature error. This will be assessed by calculating the error in the
jump integral I;, that is:

E,(S) = max|[(V(S,0) - | (3.87)

We discussed in (Section 3.1.2) that in (d' Halluin, 2004) formulation (Pr
3.1) the actual value of the price before the jump is removed from the
integral term and appears exactly in the PDE part of the equation.
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The exact values of the integral term I;(V (S, t™)) are calculated and shown

in Figure 3-2 (without linear terms) and Figure 3-3 (with linear terms) as a
function of ;.

Figure 3-2 Exact Integral w/o linear terms
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The exact integral without the linear terms for a = —0.9 is exhibiting the
expected behavior, following the shape of the option price. Those two terms
inside the integral can be removed with exact integration, however the shape
of the integral term (with the same jump parameters) is then changed
(Figure 3-3). Retaining the term helps the localization of the convolution
integral, focusing that way the numerical quadrature on the region of
interest that is, around the asset strike price.

Figure 3-3 Exact Integral with linear terms
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The quadrature error, when keeping the linear terms inside the integral and
using the mesh quadrature described in (Section 3.1.1) with t =0 for
S; € [0, Syax] is shown below for Ng = 127 (Figure 3-4) and Ny = 254
(Figure 3-5) with different degrees of stretch. The errors shown are total
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errors, i.e. both finite difference mesh price errors and quadrature errors,
hence the behavior around the strike.

Figure 3-4 Quadrature error in evaluating I](-’ (Ng =127)
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It can be seen that for a mesh of N; = 127, a coordinate stretch of T =5 is
sufficient to remove the large quadrature errors at the strike, incurred on a
uniform mesh (tau = 1).

Figure 3-5 Quadrature error in evaluating I] (N, = 254)
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For a mesh of Ny = 254 a stretching of tau = 5 is sufficient to remove the
large quadrature errors at the strike.

From Figure 3-4 and Figure 3-5 fortau = 1, we can see the expected
reduction of 4 in the maximum quadrature error after the doubling of the
mesh points. Using a stretch of tau = 5 should show an error reduction by a
factor of 25 if the refinement is in the region of maximum quadrature error.
This is approximately observed.
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The use of Merton’s distribution with bias towards downwards jumps will
extend the computational region more than is required for the approximation
of the PDE terms alone. The choice of S,,,, = 1000 is required for the 6
figure accuracy needed for the comparison with the results in (d' Halluin,
2005).

Figure 3-6 Price error (Ng = 254, tau = 20)
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Price Accuracy and Price Error comparison

Table 3-1 shows the price accuracy at the strike with varying degrees of
coordinate stretching with an explicit treatment (6. = 0) of the integral
term. The results are for a uniform mesh in the transformed variable. We
are comparing against the results in (d' Halluin, 2005). The comparison
results are for an unspecified variable mesh with additional nodes used for
the extension to large asset values. The authors use a form of adaptive
timestepping that ensures that very small timesteps are used for the initial
evolution of the solution.

Table 3-1 Price accuracy for explicit integral treatment

Discretization (d' Halluin, 2004) 0=0
NS M Price error tau=5 tau=10 tau=20 tau=40
127 40 | 3.146666 | 2.36E-03 | 7.97E-03 | 2.16E-03 | 2.19E-04 | 3.51E-05
254 80 | 3.148498 | 5.28E-04 | 2.00E-03 | 6.03E-04 | 1.19E-04 | 2.02E-05
508 160 | 3.148897 | 1.28E-04 | 5.24E-04 | 1.79E-04 | 5.85E-05 | 2.11E-05
1016 | 320 | 3.148994 | 3.17E-05 | 1.46E-04 | 6.14E-05 | 2.89E-05 | 1.09E-05
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A stretched value of 20 means that the smallest value of AS; is around 20
times smaller than the largest value. The transformation parameters have
been set to provide the smallest mesh interval at the strike and the largest
atS = Spax-

Figure 3-7 below shows the best least squares fit on a log-log plot. The
slope of the straight line fit shows the overall rate of convergence. Since the
jump terms are treated fully explicitly and hence are only first order
accurate we do not expect to see second order convergence for this
refinement strategy, unlike in (d' Halluin, 2005). For the coarsest stretch of
tau = 5 we get close to second order convergence. This implies that the
integral term error is subordinate in this discretization.

Figure 3-7 Strike Error convergence rate for explicit integral treatment
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Note that the error for tau = 40 is smaller for Ny = 127 than the one in (d'
Halluin, 2005) for Ny = 1016, though the rate of convergence is highly
suboptimal. The rate of convergence for a fixed value of tau is determined
by the order of accuracy of the finite difference approximation, since the
timestep errors are only first order with 6, = 0, the estimated combined
convergence rate is increasingly suboptimal as the spatial errors are reduced.
The results for a stretch of tau = 40 have been calculated for value of M,
the number of timesteps, around 50% greater than the values quoted for the
other computations in order to remove oscillations in Gamma. In all cases, a

sequence of 10 small timesteps (starting at f—;) has been used.
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Table 3-2 presents the next set of results where the integral term is treated

based on 8, = 0.5 for the same set of meshes discussed previously.

Table 3-2 Price accuracy for implicit integral treatment

Discretization (d' Halluin, 2005) Thetta_C=0.5

NS M Price error tau=5 tau=10 tau=20 tau=40
127 40 3.146666 | 2.36E-03 7.74E-03 1.93E-03 8.84E-06 | 2.37E-04
254 80 3.148498 | 5.28E-04 1.89E-03 | 4.88E-04 | 4.70E-06 | 5.73E-05
508 160 3.148897 1.28E-04 4.65E-04 1.21E-04 9.57E-07 1.42E-05
1016 320 3.148994 | 3.17E-05 1.16E-04 | 3.01E-05 7.95E-08 | 3.57E-06

It can be seen that the errors in this case exhibit a more uniform behavior in
relation to the mesh refinement for all values of coordinate stretch. The
optimal stretch is around tau = 20 as the errors for tau = 40 are larger.
Although the errors are reduced locally at the strike, with excessive
stretching, they eventually start to dominate in coarsening regions away
from the strike and compromise overall accuracy. This becomes apparent in
the case of tau = 40. This type of behavior is typical with coordinate
stretching - the error initially decreases with increasing tau and at some
point begins to increase, i.e. there is an optimal value.

Figure 3-8 Strike Error convergence rate for implicit integral treatment
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Figure 3-9 Price error (N, = 508, tau = 10)
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American option case results

Table 3-3 contains results for the American put option in the case of 6, =

0.5. The overall behavior is similar to the European case, with second order

convergence fortau =5 and tau = 10. Lower convergence occurs for

tau = 20 and tau = 40 but with significantly smaller strike errors.

Table 3-3 American option price accuracy

Discretization | (d' Halluin, 2004) 0. =05
NS M Price error tau=5 tau=10 tau=20 tau=40
127 40 3.23735 | 3.89E-03 | 9.13E-03 | 2.41E-03 | 5.86E-05 | 4.20E-04
254 80 | 3.240423 | 8.21E-04 | 2.30E-03 | 6.38E-04 | 4.30E-05 | 1.07E-04
508 160 | 3.241065 | 1.79E-04 | 5.71E-04 | 1.63E-04 | 1.55E-05 | 2.75E-05
1016 | 320 | 3.241209 | 3.45E-05 | 1.41E-04 | 3.91E-05 | 2.04E-06 | 1.09E-05
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Figure 3-10 Strike Error convergence rate for the American case
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Impact of Merton jump-diffusion parameters on the FD accuracy

+
The Merton jump distribution is lognormal in the jump ratio Y = ‘Zi with
t

parameters a, b and p.d.f:

1 _(n-a)*
e 2b? (3.88)

v(y) =

where a is the mean jump size and b is the jump variance. The initial asset
price is assumed to be S; = 100 and the p.d.f is graphed against the asset
price after a jump from S, = 100 to S} = S,y = 100y.

The implication for the approximation and localization of the convolution
integral:

® G1%
Ic(S;,0) = fo (V(Sjy, t™) = V(S;,t) —S;i(y—1) %> #(y)dy (3.89)
= F™(y), (as defined in (3.18))

depends on the product of the term in the brackets and the p.d.f part of the
PIDE.
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Figure 3-11 shows the plots of the Merton distribution function for three
different mean jump ratio values (a = —0.9, 0, 0.9) showing probabilities of
jumps from the strike price S = 100, alongside the graphs of the
corresponding convolution integrals for t =0 and for the case of a
European put option.

Figure 3-11 Impact of jump ratio on Merton’s distribution function and
the convolution integral
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The pricing calculations were performed with parameters T = 1,K =
100,7 = 0.05,0 = 0.15 for a range of asset price (S;) values. Since the
payoff function in this case is g(S,t) = (100 — $)* all the convolutions
have a maximum atS = 100. This is due to the sharp twist in the payoff
function, that is, the term f(S;, t) is zero when V (S, t) is a continuous linear

function. Therefore its distribution in this case will have a maximum
near S = 100.

Case: a = 0.9 The p.d.f is biased towards the increased asset values, so for
S > 100 we have that f(S;,t) — 0 and the convolution integral will cut off
shortly after S = 100, while it is non-zero close to S = 0 since small asset

values may exhibit jumps up close the strike as there is a long tail to the
right.
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Case: a = 0.0 The p.d.f is unbiased so only the convolution integral for
S > 300 still draws values of f(S;,t) close to the strike region where it is
non-zero. The convolution integral is zero for S < 25 since jumps from
these asset values are unlikely to reach the strike region.

Case: a=—0.9 The p.d.f is biased towards decreased asset values
for S > 400. The convolution still samples f(S;, t) values close to the strike
region where is it non-zero. The increased negative bias of the convolution
integral is zero for S < 60 since jumps from these asset values are unlikely
to reach the strike region.

It becomes apparent from the graphs that the negative bias occurring for
a = —0.9 poses the greatest challenge in the localization.

Table 3-4 to Table 3-6 show via three accuracy measures the effect of
varying truncation values on accuracy. Those measures are the error at the
strike, the discrete L, error and the L. error. All computations used a
stretched mesh with tau = 12.

Table 3-4 Effect on accuracy for varying truncation values (a = 0.9)

a=0.9
Smax | Strike error | L2 Error | Lmax Error
400 4.25E+00 3.57E+01 | 6.13E+00
600 9.25E-01 1.02E+01 | 2.08E+00
800 1.73E-01 2.83E+00 | 6.84E-01
1000 1.77E-02 6.77E-01 2.12E-01
1200 3.76E-02 4.84E-01 1.49E-01
1500 4.32E-02 4.38E-01 1.28E-01

Table 3-5 Effect on accuracy for varying truncation values (a = 0)

Table 2: a=0.0
Smax | Strike error | L2 Error | Lmax Error
400 1.27E-02 9.47E-02 1.52E-02
600 3.51E-04 1.35E-02 | 2.64E-03
800 1.18E-03 1.21E-02 | 2.73E-03
1000 1.15E-03 1.25E-02 | 2.93E-03
Table 3-6 Effect on accuracy for varying truncation values (a = —0.9)
Table 3: a=-0.9
Smax | Strike error | L2 Error | Lmax Error
400 6.41E-03 1.24E-01 | 5.53E-02
600 6.25E-03 1.06E-01 | 2.62E-02
800 6.12E-03 1.04E-01 | 2.70E-02
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| 1000 | 5.986-03 | 1.04E-01 | 2.79E-02 |

It can be seen that the truncation when using a truncation value of S,,,, =
400 for both the PDE and the convolution term, is only effective when the
distribution preferentially jumps to the left (a = —0.9) and that much larger
Smax Values are needed for improved strike errors for neutral or positive
weightings. This is the case, despite of the convolution integral being zero
for S > 400 in this case.

Focusing now on the function:
av
f(S,6) =V(Sjy,t™)—V(S;,t) - Sy — 1) 35 (390)

we will see how it and the convolution integral behaves (for S; = 395) for
the negative (a = —0.9) and positive (a = 0.9) jump ratios.

Figure 3-12 Behavior of F(S;,t),S; =395,t =0,a =—-0.9
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Figure 3-13 Convolution integral fort = 0,a = —0.9
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Figure 3-14 Convolution integral () error for=0,a = —0.9
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It can be seen from Figure 3-12 that the function closely resembles the
solution since V7(395,0) = 0 and V5(395,0) = 0. It is interesting to observe

that the function is non zero for S = 800.

Below are the equivalent graphs for a = 0.9.
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Figure 3-15 Behavior of F(S;,t),S; =395,t=0,a=0.9
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Figure 3-16 Convolution integralfort = 0,a = 0.9
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We see that for a = 0.9 the strange behavior of F™ for large values of S

disappears.
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Figure 3-17 Convolution integral (I.) error for=0,a = 0.9
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3.4 Jump-diffusion model calibration

We discussed in (Section 1.1) that the jump-diffusion models provide a
useful tool in explaining the non-flat volatility shape observed in the market,
when one is trying to reconstruct this parameter from option prices, since
those types of models allow for different volatility levels for different strikes
and maturities.

In the results computed and presented in this work, the volatility level was
set to be the same as the one used in published work from research peers, to
allow for a meaningful comparison of the numerical approximation
performance.

However, one could select to use volatility levels, observed in the market,
via means of calibration. That would be performed by choosing the optimal
volatility of volatility levels that would minimize the error between model
produced option prices (given an initial value of volatility) and option prices
observed in the market, for different option types, strikes and maturities.
That would enable for the efficient backtesting of the model when the input
parameters are derived from historical observed prices. Doing so, one can
assess the ability of models to “predict” the realized/ (historical) option
price levels by comparing the calibrated model produced ones with the
observed ones for the same time period. Interesting findings regarding the
Merton’s jump-diffusion models backtesting performance and other jump-
diffusion models can be found in (\VVoltchkova, 2006).
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In this chapter we presented the FD approximation for the solution of the
PIDE (3.1). Results were presented and compared with published work from
research peers.

Concluding remarks

1. The mesh based quadrature approach to the jump integral has been
shown to be accurate when applied to the Merton jump-diffusion
model.

2. The use of coordinate stretching improves both the accuracy of this
quadrature as well as the accuracy of the p.d.e. approximation.

3. The combination of coordinate stretching and mesh based quadrature
gives comparable or better accuracy (for the same number of degrees
of freedom) than the standard approach based on a separate
approximation of the p.d.e. and the jump integral.

4. Localization of the jump integral is achieved for mesh based
quadrature with the standard p.d.e. mesh truncation.

5. This localization is improved by applying the quadrature to the non-
convolution terms, hence retaining helpful cancellations in the
integrand, and this effect can be explained by defining the linear
extrapolation error.

6. The mesh refinement process for the p.d.e. approximation
automatically reduces both the p.d.e. errors and the quadrature error.

7. Simple explicit weighting of the jump term has useful accuracy with
this approach and is stable under the usual mesh refinement but leads
to sub-optimal rates of convergence as has been noted by other
authors.

8. Crank-Nicolson timestepping with the approach leads to optimal
second order accuracy for both European and American options.

9. The use of a sequence of refined timesteps of the initial evolution is
important for accuracy, as is placing a mesh point at the strike for
vanilla payoffs examined here.
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4. Singularities

In this section we present the implementation of the previously discussed
numerical approximation, on the Variance Gamma and CGMY test cases
(Section 4.1). Results and the effectiveness of the approach will also be
discussed (Section 4.2).

4.1 Treating singularities

We saw in (Section 2.2.4) the mathematical formulation for the pricing of
European options where the underlying S is following a Lévy jump-
diffusion process whose Lévy measure satisfies:

f_+11 u?v(u)du < oo, v(wdu < o (4.1)

flu|>1

The approach needs to be modified for Variance Gamma and CGMY since
now the finite difference scheme (3.44) will contain singular terms due to

the singularity of ﬂ(yjp) for p = j i.e. y = 1. Hence the quadrature terms
#(y;) are singular, namely:

1 -
wjj =5 jrer = ¥j5-1)7 () (4-2)

where 7(y;;) the transformed Lévy density™.

The approach described in (Wang, 2007) is adapted to our mesh quadrature
approach; this introduces an integrable replacement of the singular integral
term by a second order Taylor series.

The discrete integral terms:

< (Vi - V™M)
_ j+1 Jj—1
Ii* = Z‘) wppVp" — YV — kS (43)

p

resulted from applying composite quadrature to the jump integral, i.e:

B yi(y) = v(iny) = v(u)
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p=NQ—1

y*
Yip+1
o) = [ Frowmdy = Y [ Er ey @4
0 p=0 Yjp

pzNQ—l

1
~ Z 3 01 = I 041 )V(pea) + F0p)70p)] - (45)
p=0

We remove and evaluate separately the two integrals (¥ (y;;) is singular):

LY Er GOy, [ ER 5Ty (4.6)

This is easily accounted for in the quadrature summation by setting:

wjj =0, Wjj—1 =, Wjjeg =0
Combining the singular integrals to:
y” m ~ S
[ mroroay =

Yjj-1
Yjj+1

Yjj-1 (4.7)

t=t™

ov
~50-1(55) )v @)dy

The use of mesh derived quadrature points y;, means that the interval
removed is different for each set of quadrature intervals and is smallest
where the mesh is most refined. Expanding V(S;y,t™) in a Taylor series
around y = 1 up to second order gives:

av\=t"
V(Sjy, t™) = V(S;,t™) + S;(y — 1) (ﬁ)
S=5;
1 2 (02\= (4.8)
+5 15— 1] <F>s—s

=j

So the singular integral terms can be approximated as:

i+ [ 1 2 (2V\N
S f S50 -1 (W) T(dy (4.9)
S$=S

YVjj-1 j

<
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92\ (i 1 1 92\~
_ ¢2 ~ _ 2 c2
=5 <F> T Gl nr)s oy = go3s (F) )
s=S; Y S=S

joimt J

where the mesh defined singular jump volatility g; is given by:

Yijj+1
05 = f [((y = DI*P(y)dy (4.10)

Yijj-1
Evaluating the singular volatility

Applying the change of variable u = In y to this integral we get:

0_92j=f "l - D vwdu (4.11)

Ujj-1

In the case of CGMY Lévy density, this corresponds to:

, Ujjt1 eMu eMlul
o5 = f [(e*-1)]?C <u1+y 1.0+ R 1<0> du (4.12)

Ujj-1

with:

Si1 (Sj - Sj_l) AS; AS; AS; 3
= J-1) N T )= _ —J 4.13
Ujj_q ln( 5 ) In (1 5 In{1 5, 5, +0 5, ( )

and similarly for:

S; Siv1—S; AS; AS;
Ujjyp =In (’S—“> =In (1 + M) =1In <1 +S;“> =—JH

j Sj i Sj

‘o (%f (4.14)

Sj

With the absolute differences expressed as:

AS;
AP = —=, AuY = 1 (4.15)

the integral (4.9) can be approximated as:

, Ujjp1 " e—Mu —Glul
O5j = f [(eu - 1)] c <W 1.0+ W1<0> du (4.16)

Ujj-1

Au;-] e—Mu e—Glul
u 2
~ -[ [(e - 1)] c <W 1>0 + W 1<0> du

—AuP
Au]
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-Mu

0 Ce—GIuI Au?
f_AuD[(eu - 1)]2Wdu +f0 [(e“ - 1)]2wdu
j

-Mu

-Gu Auj-]
2
[(e* —1)] Wdu

Auf Ce
:f [(eu—l)]ZWdu+f
0 u 0

Since the size of these fractional jump returns is small, expanding the
exponentials gives a rapidly converging sequence of easily computable
integrals:

Au; u w1
=f Ce Gyl Y 14+—+—..| du
. 217 31

sy 2 (4.17)
+f Ce Muy1-Y
0

du

2

u
1+Z+§"'

Variance Gamma

For Variance Gamma Y = 0 and G = 4,,. Then the singular volatility can
be written:
Au? u u2 2
2 _ -G
Usj_-[o Ce “u[1+z+§...] du
2 (4.18)
du

auY 2
J u
—-Mu
+f0 Ce u[1+—2!+—3!

which for Y < 2 can be expressed in terms of incomplete Gamma functions.
We can then define (Section 7.3) the successive approximations:

C C
Uszj](l) = a(l —e % —ae )+ W(l —e P —pe7?) (4.19)

2C

[0, @ = i(1 —e*—ae™ )+ —<1 —e *—ae”*——e
SJ G2 G3 2

C 2C b?
-b -b -b -b -b
+W(1—€ — be )+W<1—€ — be —76 )
a = GAuP,b = MAu/

Adaptive upwinding criterion
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The size of the singular viscosity is directly relevant to the adaptive
upwinding criterion. If we assume for simplicity that 6 = 6, then
upwinding is needed if:

ZT i
|6(F — D)—6cK;| > 6 JA—SC’)] (4.21)

Since for the transformation S(x) we have that:

ax _ T(x) _ S1
SdS = T(x), then o B (4.22)

and (for zero Black-Scholes volatility):

O'ZT(XJ') O'SZJSJ C a2 bz S] C D\2 U2 S]
~ “"(ﬁ W)r%:g((Auj) + (8uf’) )A_S]

Ax AS; 2
2 2
_o((83) 4 (25 L o
—2<(s,-) +( 3 ))Asj~csj (4.23)

Therefore and as expected upwinding will be needed to satisfy the positivity
requirement at some point while the mesh is refined, since the singular
volatility term will tend to zero. The practical requirement depends on the
size of C and the local refinement of the mesh.

The behavior of this singular volatility a,; is shown below for two different
meshes for the VG case.
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Figure 4-1 Singular volatility for NS = 80, tau = 10
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Figure 4-2 Singular volatility for NS = 20, tau = 10
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The behavior of the singular volatility Z; as shown above is consistent with
what was previously discussed.
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4.2 Results

In what follows we will present the results computed following the
numerical approach discussed in the previous sections. The first set of
results will be compared against the ones in (Wang, 2007). The VG option
parameter set used for the case of a European call option is:

K =98,T=0.57r=0,0=0,v=0.1686,4, = 20.264, 4, = 39.784

In (Wang, 2007) the prices are quoted for a sequence of meshes for S =
90, t = 0 with the exact price being V(90,0) = 0.6133591.

The results from the coordinate transformed meshes require interpolating to
S =90 and for simplicity this was done using linear interpolation of
neighbouring mesh points. Implicit timestepping is used both for the PDE

6 = %) and the integral term (6, = %). Upwinding was not used for our
results in the case of the European options.

Table 4-1 Price accuracy for the VG European call option

Discretization (Wang, 2007) 0,0, =0.5
NS M Price error tau=5 tau=10 tau=20 tau=40
129 50 | 0.603428 | 9.93E-03 | 2.06E-03 | 2.14E-05 | 8.93E-05 | 1.49E-03
257 100 | 0.610918 | 2.44E-03 | 1.09E-04 | 5.86E-05 | 7.73E-05 | 5.52E-05
513 200 | 0.612863 | 4.96E-04 | 1.51E-04 | 2.73E-05 | 3.09E-05 | 4.28E-05
1025 | 400 | 0.613263 | 9.61E-05 | 2.51E-05 | 2.03E-05 | 1.90E-06 | 1.61E-05

Results in Table 4-1 show that our approach is consistently more accurate
for the same number of mesh points and timesteps for all the stretch factors
tested, but the convergence is non-uniform, although it is typically second
order. The non-uniformity observed is most likely due to the use of
interpolation (to the same order of accuracy of the finite difference method)
as it disappears in the second set of results which show strike prices and
errors. Please note that results from other authors on this test case are not
available.
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Figure 4-3 Error Convergence for VG European Call (S = 90, 8, = 0.5)
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Table 4-2 Price accuracy for the VG European call option at strike price

Discretization Theta_C=0.5

NS M tau=5 tau=10 tau=20 tau=40
129 50 7.88E-03 1.52E-03 2.11E-03 4.46E-03
257 100 2.25E-03 4.83E-04 4.61E-04 1.05E-03
513 200 6.21E-04 1.36E-04 1.11E-04 2.60E-04
1025 400 1.61E-04 3.53E-05 2.77E-05 6.48E-05

The results in Table 4-2 are for the strike price V(98,0). In this case
interpolation is not required since the mesh is always aligned with the strike.

Figure 4-4 shows the strike error convergence for the VG European call
option. Is it important to note, that although the finite difference method is
clearly not a positive difference scheme as the meshes refine, there is not
oscillation observed in the price, the delta or Gamma price sensitivities. A
typical Gamma plot is shown in Figure 4-5 for Ny = 512.
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Figure 4-4 Error Convergence for VG European Call (S = Sk, 6, = 0.5)
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Figure 4-5 Finite differences Gamma for VG European Call option
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The corresponding singular volatility function is shown in Figure 4-6 below.
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Figure 4-6 Singular volatility function for European Call option (Ng =
512, tau = 5)

American options with Variance Gamma

When the underlying is following a VG distribution, solving for option
prices with the early exercise feature can be problematic, since smooth
pasting need not apply. Table 4-3 shows our results. Second order accuracy
is shown for the strike price with8 = 6, = 0.5. However we observe
severe oscillations in the Gamma sensitivity local to the exercise boundary.

The nature of the solution here appears to involve a delta function like
behaviour in Gamma that proves to be challenging to compute.
Incorporating adaptive upwinding leads to a very similar but smoother
functional behaviour for Gamma. In this case though, the numerical
approximation is first order accurate as shown by the results in Table 4-3
(for exact price 2.90347) and the convergence graph shown in Figure 4-7.
No sufficiently detailed comparison results are easily available for
American options.

Table 4-3 Price Accuracy for the VG early exercise

Discretization 0. =0.5
NS M tau=5 tau=10 tau=20 | Tau=20(upwind)
64 20 3.54E-02 | 1.70E-02 | 7.91E-03 9.94E-02
127 40 1.06E-02 | 4.96E-03 | 2.30E-03 4.94E-02
254 80 3.01E-03 | 1.33E-03 | 5.79E-04 2.48E-02
508 160 | 7.43E-04 | 2.73E-04 | 6.63E-05 1.24E-02
1016 320 6.28E-03
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Figure 4-7 Error Convergence for VG American Put (S = Sk, 8, = 0.5)
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Figure 4-9 Finite differences Gamma for VG Early exercise (no upwinding)
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In what follows we present the results for a European call option where the
underlying is following a CGMY process. The parameters used are:

8 =6;,=0.5, S =90, K =98, o=0, T =0.25, r = 0.06,

C =042, G =4.37, M =191.2, Y =1.0102

The need for interpolation to S = 90 again leads to some noise in the rate of
convergence but it can roughly be seen to achieve second order accuracy
and the errors are approximately 5 times smaller than the ones reported in
(Wang, 2007) for the same number of mesh points. In the case of a
European option, Gamma is always smoother but the SOR iteration did not
always converge when high stretching was used and without increasing the
number of timesteps (those were excluded from the Table 4-4 below).

Table 4-4 Price accuracy for the CGMY European call option

Discretization (Wang, 2007) 0. =05
NS M Price error tau=5 tau=10 tau=20 tau=40
64 - 1.65E-02 | 1.87E-02 | 2.40E-02 | 3.23E-02
127 - 2.26919 | 3.85E-02 | 6.93E-03 | 6.65E-03 | 7.14E-03 | 8.61E-03
254 - 2.24117 | 1.05E-02 | 2.98E-03 | 2.23E-03 | 2.11E-03 | 2.14E-03
508 - 2.23341 | 2.71E-03 | 8.33E-04 | 5.56E-04 | 5.32E-04 | 5.97E-04
1016 - 2.23135 | 6.50E-04 | 2.57E-04 | 1.36E-04 | 1.30E-04 | 1.52E-04
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Figure 4-10 Error Convergence for CGMY European Call (S = 90, 8, =
0.5)
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Results for an American put under CGMY process are computed and
compared again with (Wang, 2007) Table 4-5 below.
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The overall rate of convergence is shown in Figure 4-12 and is similar to the
convergence achieved by (Wang, 2007). However, the interpolation
required has introduced again noise.

Table 4-5 Price accuracy for the CGMY American put option

Discretization (Wang, 2007) 6. = 0.5
NS M Price error tau=5 tau=10 tau=20 tau=40
64 50 2.26E-02 | 2.39E-02 | 2.39E-02 | 3.14E-02

128 100 | 9.2639 | 3.84E-02 | 5.97E-03 | 6.28E-03 | 8.94E-03 | 1.27E-02
256 200 | 9.23635 | 1.09E-02 | 9.88E-04 | 1.48E-03 | 2.35E-03 | 3.74E-03
512 400 | 9.22836 | 2.88E-03 | 3.17E-04 | 4.78E-04 | 6.76E-04 | 9.79E-04
1024 | 800 | 9.22619 | 7.10E-04 | 4.74E-05 | 1.35E-04 | 1.81E-04 | 1.81E-04

The localised oscillation in Gamma (Figure 4-13) can be removed by
incorporating adaptive upwinding, which comes with a great cost on the
accuracy. However, that does not appear to affect the accuracy at S = 90
which is superior to the one reported in (\Wang, 2007) for the same number
of mesh points for all the different extends of stretch.

Figure 4-12 Error Convergence for CGMY American put (S = 90, 0, =
0.5)
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Figure 4-13 Finite differences Gamma for CGMY early exercise (no-
upwinding)

Gamma

In this chapter we presented the implementation of the FD approximation to
test cases with singularities (VG, CGMY). Results were presented and
compared with published work from research peers.

Concluding remarks

1. The use of mesh-based quadrature is easily extended to singular
Lévy densities.

2. The singular volatility introduced leads to accurate prices for pure
jumps despite the lack of positivity in the difference scheme.

3. The singular volatility aszj varies across the mesh with smallest
values where the mesh is refined most by the coordinate
transformation. Since it is based on a second order approximate
Taylor series this should support the accuracy of the method. The
term oZ;S?goes to zero as the mesh is refined.

4. The use of adaptive upwinding introduces a numerical dissipation
term at the strike and reduces the accuracy of the method to first
order.

5. Without upwinding the method gives second order accuracy for
European options for both VG and CGMY and with oscillation free
Gamma, however the lack of positivity leads to problems using SOR
as a solver. LU factorization would be straightforward.

6. The first VG European test case used a coordinate transformation
focused at the strike (S = 98) and evaluated the accuracy at a point
away from the strike (S = 90). The accuracy was still superior to
the comparison results suggesting that the early evolution at the
strike is crucial for these problems.
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7. Without upwinding the method gives second order accuracy with
PSOR for American options for both VG and CGMY. However
there is unacceptable oscillation in Gamma for VG and a small
localised oscillation for CGMY. The improvement with CGMY is
consistent with its greater intensities for small diffusive-like jumps
with CGMY forY > 1.

8. There is a need for a higher order numerical dissipation term to use
with this method to deal with the numerical oscillations in Gamma
for the early exercise cases for pure jumps.
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5. 1T splitting for American options with
jumps

In this chapter we incorporate the IT splitting iterative method for the
approximation of the integral term and investigate its effectiveness in
combination with coordinate stretching for the solution of an American
option for the classical Merton model, VG and CGMY.

We saw in Section 3.2 that under certain assumptions, the Option price V,
where the underlying follows an exponential Lévy process, is shown to
follow the PIDE (3.1).

Introducing the auxiliary variable A(S,t) permits the following
reformulation:

av
—E=A+Lv+ 1(V) (5.1)

V=g, A=0, (V-gA=0

It is easy to check by elimination of A that this formulation is identical to the
original LCP but with the advantage that the PIDI is now a PIDE.
Employing the usual finite difference discretization leads to:

VP = AATT 4+ VM + OAtLps VT + (1= 0)AtLag V™ + O Al
+ (1= 6o)At"

vtz g(spemtt),  Amtzo, (V- g(s,emh)) A= 0

following the approach in Toivanen (Toivanen, 2004) where the term in A
has been made fully implicit. Toivanen describes a fractional step
approximation to the discretization above, as follows:

Define the solution to the first step as {7/, 27"}, and then the first
fractional step is given by:
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VTt = AATT 4+ VT OAtLas VTN + (1= 0)AtLag V™ + O AT

+ (1—6)At™ (5.3)

where [[*~' = [[*'(,;"~1), and we choose A7*~" = A7~ which implies
that the early exercise boundary has not moved during the first fractional
step.

In the second fractional step, for {V/"~*, 27*~"}, we have:

(Vm=t—mt) —ae(Amt - I =0 (5.4)

(ij_l _ g(Sj,tm_l)) /1]7,71—1 =0 (5.5)

vt = g(s,emh), A1 =0 (5.6)

It is easily verified that the solution to step 2 can be stated explicitly as:
ij_l = max[f?}-m_l — Atijm_l,g(S-, tm_l)] (5.7)

g9(Sptm ) -V
At

(5.8)

A1 = max |0, /T]’-”_l +

Note that adding the first equation of step 2 to the equation in step 1 gives:

VIt = At AT+ VM 4 OAtLAs VT 4 (1= 0)AtLag VT + O AL
+ (1—6.)Atl™

(5.9)

so that the implicit differential and integral terms approximate the exercise
boundary as fixed during the timestep and are not updated till the following

timestep.

116



Solution procedure for Step 1

This step is solved by applying LU factorization to the tridiagonal matrix
resulting from the difference approximation to the PDE terms (including the
singular volatility terms for VG and CGMY) and applying a simple fixed
point iteration to update the implicit jump term. As Wang et al (Wang,
2007) have shown this converges extremely rapidly (typically in 3 to 4
iterations).

It is feasible to include a Step 2 solution within the fixed point iteration and
this has been done for the calculations presented later in this chapter (this
appears to improve the accuracy on very refined meshes but a systematic
study has not been done). The use of LU factorization in Step 1 is
advantageous as it has an optimal operation count in contrast to PSOR
where the convergence deteriorates on fine meshes.

Variance Gamma IT Splitting/ PSOR comparison

The first set of results described are for Variance Gamma and are a
comparison with those of (Wang, 2007) and (Oosterlee, 2007). The variance
Gamma option dataset is for an American call option:

K =100,T = 9.0,7 = 0.1, = 0.1,0 = 0,v = 1.0,1,, = 1/9.5085, 1, = 1/5.2585

The parameters were chose to show the lack of smooth pasting for the early
exercise boundary and this is visible from the plot of the option price Delta.
The plot from (Wang, 2007) is reproduced below together with a plot
obtained using our method combined with IT splitting, with N = 240,17 =
20,8* = 140.

Figure 5-1 shows the plot of Delta against asset price for ogzs = 0,0.1
showing discontinuity in Delta, where the number of mesh points is
N = 1025 and timesteps M = 7500 (from (Wang, 2007)).
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Figure 5-1 Discontinuity in Delta at $ = 150.
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Figure 5-2 shows the comparison plot of Delta against asset price for

ogs = 0,using: T = 20,S* = 145, N, = 480, M = 240,60 = 6, =
0.5, Sjhax = 300 showing the discontinuity in Delta at S = 150.

Figure 5-2 Discontinuity in Delta
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The second dataset is the one used with PSOR in Section 4.2 for the
Variance Gamma American put option pricing problem is:

S =100, K =100, T =0.5, r = 0.05, =0,

v = 0.1686, An = 20.264, Ap = 39.784

Results with early exercise with Variance Gamma are challenging since
smooth pasting need not apply and although the results below show
approximately second order accuracy for the strike price with 8 = 6, = 0.5,
there are severe oscillations in Gamma local to the exercise boundary. The
results with IT splitting are almost identical to those obtained using PSOR;
convergence to the strike price is uniform at all values of the stretch and the
rate of convergence is approximately 1.8 suggesting that the oscillation in
Gamma around S € [93,95] is degrading the rate of convergence at S =
100.

Table 5-1 shows the comparison of the results for the strike price, for the IT
splitting versus PSOR, in the case of an American put option where the
underlying is following a VG process, while Table 5-2 shows the strike
error for different stretches using IT splitting. The exact price is
approximately 2.90360 (from Richardson extrapolation).

Table 5-1 Strike prices comparison (VG American put)

Discretisation IT Splitting PSOR

NS M tau=5 tau=10 tau=20 tau=5 tau=10 tau=20

64 20 2.867982 | 2.885238 | 2.892441 | 2.868059 | 2.886475 | 2.895564
127 40 2.89248 | 2.897572 | 2.899435 | 2.892845 | 2.898512 | 2.901173
254 80 2.900245 | 2.901735 | 2.902245 | 2.900463 | 2.902136 | 2.902891
508 160 2.902648 | 2.903069 | 2.903217 | 2.902727 | 2.903197 | 2.903404
1016 320 2.903343 | 2.903461 | 2.903504

2035 640 2.90359

Table 5-2 Strike error for IT splitting (VG American put)

Discretisation 6. =05

NS M tau=5 tau=10 tau=20 | tau=40
64 20 3.56E-02 | 1.84E-02 | 1.12E-02 | 9.93E-03
127 40 1.11E-02 | 6.03E-03 | 4.16E-03 | 4.08E-03
254 80 3.35E-03 | 1.87E-03 | 1.35E-03 | 1.34E-03
508 160 9.52E-04 | 5.31E-04 | 3.83E-04 | 3.72E-04
1016 320 2.57E-04 | 1.39E-04 | 9.59E-05 | 8.93E-05
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Figure 5-3 American VG strike error (0, = 0.5, IT splitting)
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Figure 5-3 shows the best least square fit to the convergence rate for the
strike errors using the IT splitting method (shown as the slope of the trend
lines).

CGMY IT Splitting/ PSOR comparison

The Gamma of the option price is a sensitive feature of the solution for early
exercise option and so a comparison was done for the standard PSOR
implementation and the IT splitting implementation for the same mesh and
number of timesteps.

The second comparison was for CGMY and comparing again with the
published results in (Wang, 2007). The first set of results for CGMY are for
a European call option with:

0 =6,=0.5, S =90, K =98, oc=0, T = 0.25, r = 0.06,

C =042, G =4.37, M =191.2, Y =1.0102
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The need to interpolate to S = 90 again leads to some variability in the rate
of convergence but it can roughly be seen to be second order and the
accuracy is approximately 5 times smaller than (Wang, 2007) for the same
number of mesh points.

Table 5-3 shows the price errors in the case of CGMY for an American
option (using linear interpolation between mesh points either side of S =
90). The IT splitting results obtained with Crank-Nicolson, while the
(Wang, 2007) results were obtained using adaptive timestepping with M /4
timesteps.

Table 5-3 Price accuracy results with IT splitting

Discretisation (Wang, 2007) 6. = 0.5, IT Splitting
NS M Price error tau=5 tau=10 tau=20 tau=40
64 50 2.23E-02 | 2.36E-02 | 3.13E-02 | 4.28E-02
128 100 9.2639 | 3.84E-02 | 5.87E-03 | 6.28E-03 | 9.18E-03 | 1.47E-02
256 200 9.23635 | 1.09E-02 | 9.52E-04 | 1.53E-03 | 2.32E-03 | 3.77E-03
512 400 9.22836 | 2.88E-03 | 3.20E-04 | 4.63E-04 | 6.69E-04 | 1.64E-03
1024 800 9.22619 | 7.11E-04 | 8.51E-05 | 1.37E-04 | 1.84E-04 | 3.83E-04

Table 5-4 shows option prices in the case of CGMY for an American put
option (using linear interpolation between mesh points either side of § =
90). Again, IT splitting results were obtained with Crank-Nicolson.

Table 5-4 Price accuracy comparison (CGMY American put)

Discretisation 6. = 0.5, IT Splitting 6. = 0.5, PSOR
NS M tau=5 tau=10 tau=20 tau=40 tau=5 tau=10 tau=20 tau=40
64 50 9.203223 9.2019 9.194214 | 9.18268 | 9.202909 | 9.201556 | 9.201556 | 9.194038
128 100 9.219606 | 9.219199 | 9.216296 | 9.210769 | 9.219508 | 9.219199 | 9.216541 9.2128
256 200 9.224527 | 9.223952 | 9.223157 | 9.221705 | 9.224492 | 9.224003 | 9.223129 | 9.221739
512 400 9.225158 | 9.225016 | 9.22481 | 9.223834 | 9.225163 | 9.225002 | 9.224804 | 9.224501
1024 800 9.225394 | 9.225341 | 9.225295 | 9.225096 | 9.225433 | 9.225345 | 9.225299 | 9.225299

The rate of convergence for IT splitting is similar to PSOR, however this
may reflect poor control of the fixed point iteration residuals as the meshes
were refined and a more robust iteration control loop may improve this. The
rate for tau = 5 is optimal and almost identical to the PSOR results, with
the same notable improvement in accuracy compared to (Wang, 2007). The
price Gamma has a small localized oscillation just after the peak for PSOR
and this may affect the accuracy atS = 90. There is no observable
difference in the Gamma profiles between the two methods, as it can been
seen from Figure 5-6 and Figure 5-7 below.
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Figure 5-4 Error Convergence IT splitting (S = 90,0, = 0.5)
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Figure 5-4 shows the strike price errors for the case of CGMY process for
an American option, against the mesh size, together with the best straight
line fits, showing the rate of convergence for the IT splitting algorithm and a
range of coordinate transformations.

Figure 5-5 Error Convergence PSOR (S = 90,0, = 0.5)
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Figure 5-5 shows the strike price errors again for the CGMY American case
against the mesh size, together with best straight line fits, showing the rate
of convergence, for the PSOR algorithm and a range of coordinate
transformations.

Figure 5-6 American CGMY Gamma for PSOR (NS = 1024, tau = 5)

0.3

0.2

Gamma
o
-

0.1

0.05 %

Figure 5-7 American CGMY Gamma for IT splitting (NS = 1024, tau = 5)
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Merton’s comparison

Using the Merton dataset (identical to the one used in Section 3.3):

§$=100,K =100,T = 0.25,r = 0.05,06 =0.15,4=0,1,a = —0,9, b = 0.45

with the exact value equal to 3.1490.

For this dataset (d' Halluin, 2005) use S,,,4,=1000, an unspecified mesh and
variable timesteps. Results for the American option comparisons are given
below for 8. = 0.5. The overall picture is similar to European case with
second order rates of convergence for tau = 5,10 and lower rates but for
much smaller strike errors for tau = 20,40. The IT splitting method as
implemented produced similar convergence rates and accuracies when
compared to PSOR, though with more variation.

Figure 5-8 American Merton strike error (8, = 0.5, IT splitting)
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Figure 5-8 shows the strike error for an American put under Merton using
IT splitting with a range of coordinate transformed mesh refinements and
comparing to (d' Halluin, 2005), while Figure 5-9 shows the equivalent
strike errors using PSOR.
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Figure 5-9 American Merton strike error (6. = 0.5, IT PSOR)
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Table 5-5 Strike error comparison (Merton’s American put)
Discretisation IT Splitting PSOR
NS M tau=5 tau=10 tau=20 tau=40 M tau=5 tau=10 tau=20 tau=40
127 160 3.23257 | 3.23947 | 3.24188 | 3.24237 | 40 3.23212 3.23883 3.24118 3.24166
254 320 3.23928 | 3.24096 | 3.24155 | 3.24151 | 80 3.23895 3.24061 3.2412 3.24135
508 640 3.24074 | 3.24116 | 3.24132 | 3.24135 | 160 | 3.24067 3.24108 3.24123 3.24127
1016 1280 3.24114 | 3.24125 | 3.24128 | 3.24129 | 320 3.2411 3.2412 3.24124 3.24123

Table 5-5 presents a comparison for the strike errors between IT splitting
and PSOR for the case an American put option with the underlying
following Merton’s jump-diffusion process. Note the different number of
timesteps for PSOR.

The results for IT splitting are comparable to PSOR. However, it was
observed that oscillations in Gamma sometimes occurred when using the
same number of timesteps as PSOR. These oscillations were removed by
increasing the number of timesteps to those noted in the table above. The
PSOR results for Gamma were entirely free of oscillation. The comparison
suggests that the PSOR results could be more accurate (at this rate of
precision) with a greater number of timesteps and the use of adaptive
timestepping would be beneficial to both these issues.
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Figure 5-10 Gamma function for Merton’s American Put (NS = 1016, IT
splitting)
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In this chapter we investigated the performance of IT splitting, when
coupled with the coordinate stretching and the compact mesh quadrature for
the integral term.

Concluding remarks

1.

Ikonen-Toivanen splitting adapted to the jump-diffusion linear
complementarity problem works well with Merton with highly
comparable results and convergence rates using mesh based
quadrature and a range of coordinate transformation stretch values.
Ikonen-Toivanen splitting adapted to the jump-diffusion linear
complementarity problem works well with Variance Gamma and
CGMY, where the small jumps are replaced by a singular volatility
model, are almost identical to PSOR when used with a range of
coordinate stretching parameters and the mesh-based quadrature.
The results for Variance Gamma and CGMY would benefit from
some additional second order numerical damping to remove the
oscillation in Gamma near the exercise boundary. LU factorization
with IT splitting is far more efficient as a solution technique
compared to PSOR given the loss of the M-matrix property.

It would be interesting to test a version of volatility replacement for
small jumps with the Merton model.
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6. Conclusion

In this work we investigated the numerical solution of a European and
American option pricing problem where the underlying is following a jump-
diffusion process. We presented the numerical approximation focusing on
the Merton’s classical model, but also extended to the singular cases of VG
and CGMY.

We presented the extension of coordinate stretching transformation
(Parrott, 1999) to the jump-diffusion case and in combination with compact
mesh based quadrature approach to the integral term we investigated the
effectiveness of the approximation. An implicit time discretization was used
and early exercise was treated by classical iterative projection approach. IT
splitting (Toivanen, 2004) was also implemented for the American option
case and its performance was compared against the PSOR approach.

The approximation was tested on the classical Merton’s model as well as the
singular cases of Variance Gamma and CGMY. The quadrature formulation
was proved to be effective and with good localization properties and results
to second-order accurate prices.
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7. Appendix

7.1 Self-financing portfolio

Definition 7.15 (Self-financing portfolio) Let a portfolio 7 that consists of
shares and bonds. a,, ; are the units of each share n, n = 0,1, ..., N at time i
contained in the portfolio. The total value of m at time i will be:

N
v, = Z piXni (7.1)
n=0

Let the portfolio be updated at time i. At that time we know only the prices
of timei— 1. This means that the random variables a,; are F;_;
measurable. In other words, all the information that we need to estimate the
values that a,,; take, are contained in the o-algebra F;_;. F;_; contains all
the information that can be derived from the evolution of the stochastic
process X,,; uptotimet =i — 1.

If the investor holds at time t, a,,; units of the share n, then the change in
the price of that share in the time interval is [i — 1, {] is:

AXril = Xn,i - Xn,i—l (7.2)
The profit that the investor makes due to that price change is:
G! = a,; AX? (7.3)

The overall profit from all the shares at time t = i is:
N
Gi = z an,iAXi (7.4)
n=0

The value of the portfolio can only change using cash gained from the
changes in the value of the shares that already exist in the portfolio.
Therefore there is no inflow or outflow of cash. Under this restriction the
value of the portfolio at time t becomes:

t
VL' = VO + z Gi (7.5)

=0
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This is called a self-financing portfolio.

From the above definition it is obvious that the value of the portfolio is a
martingale transformation of the stochastic process X, ;.

The value of the portfolio whether is self-financing or not can be derived
from:

N
z Aan,an,l-_l =0Vi (76)
n=0

The sum of the changes that occur in the units of the shares should balance
as the previous equation shows.

7.2 Integral term

p=Ng—1Yp+1

s = Y [ Ereredy (7.7)

p=0 y,
p=NQ—1
1 ~ ~
<= SO = I e 0pen) + F(0)7(5p)]
p=0
Setting a, = F™(y,)¥(y) , so that:

2[i" = (y1 — yo)lay + aol + (2 —y1)laz + a4l
o (0 =yl + gaa] + (i = v + aj]
+- (v —yn-Dlay + ay_4]

(7.8)
with:
21" =y1a1 — yoa1 + ¥1a0 — Yoo
+y20; — Y10z + Y201 — Y101 +
+Yj-1j-1 = Yj-20j-1 t Yj-1Qj—2 — Yj-20j-2
+Yja; — Vj-10; + Yjqj—1 — ¥j-13j-1
tYj+1+1 — VjAj+1 T Yj+145 — Yjq;
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tYj+20j+2 = Vi+1Gj+2 T Vj+20j+1 — Vj+1%j+1
ot YN-1GN-1 — YN-20N-1 T YN-10N-2 — YN-20N-2
+YNay — Yn-1an T YNAN-1 — YN-1Gn-1 (7.9)
Cancelling and combining terms, we get:
2" = +y,a0 — yoao
+y2a1 — Yoy + -+

+Yj-10j-1 — Vj—20j-1 T Yj-10j—2 — Yj—20j-2
+Yjaj = ¥j-1; + Y41 — Yj-13j-1
tYj+10541 = Vi1 T Vj+145 — Yjq;
tYj+20542 — Vi+1G+2 T YVj+205+1 — Vj+1qj+1
ot YN-1aN-1 — YN-20N-1 T YN-1QNn-2 — YN-2aN-2

TYNAN — YN-1GN T YNAN-1 — YN-1ON-1

+(2 —yDla, +aq] + -+ On —ynv-Dlay +ay-41]  (7.10)

p=Ng
= Z “’ijm(yp) (7.11)
p=0

7.3 Details of singular integrations for Variance Gamma

Variance Gamma

—Mu e~ Glul
v(u) = Cwlwo +C———1,<0 where u=1Iny

[u|T+Y (7.12)
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With fractional jumps:

We can write the singular volatility:

-Mu

Au -Gu Au
052]- zf [(e* —1)]? Ce du+f [(e* —1)]? Ce —5—du
0 0

2 2

u u
TR

Au?
— Ce—Gu 1-Y
0 3!

For VG we know that Y = 0,G = A,, so we can write (7.14) as:

A‘U.]'
2 _ —Gu
o —f Ce ""u
0

Au; u uz 1
du+f CeMuyl1- Y[1+ +—] du
0

(7.14)

3l

N4 uz 2 (7-15)
+f CeMyll+—+—..| du
0 21 3!
Now,
duj u uwr T
Ce CUyu1+—+4+—..| du
0 2! 3!
au? 7 (7.16)
= f Ce~Gv [1 +u+-— ] du
0 12
We can write the first term as:
Au]- I AuP C Aujp
f Ceudu =—[ue "],/ —— e Gudu (7.17)
0 —G —G 0

= % (AujDe_GA“?) — %

(e—GAu? _ 1) = i(l _ pGau} _ GAu]pe—GAu?)



c Al 2C (D

—[uze'Gu]Ou’ + = ue % du
0

F(1 _ e—GAu? _ GAu]De—GAu]D)

= £(—GZ(Au]l-))ze_GAu?) + <

D D
5(2-2e7%Y —26muPe )

2

1
RE (1 _ e=Ghup _ GAujDe‘GA“? _ EGz (AujD)z e—cmf)

2C _ o ar 2C _ o a? 2C (a3
—E<1—e“—aea—7e a>=5<1—ea—aea—7e a>=ﬁ<€+

C (a® a® 2C (a3
E 7_?4_... _|_E ?4_ (7.19)

2 3
The terms can be seen to scale in accordance to (%) and (g) assuming

that (%) = Au}’ « 1 the terms can be usefully truncated. Hence, we can
define the successive approximations:

C C
O'Szj](l) = a(l —e%—qge %)+ W(l —e P —pe?) (7.20)

21 C 2C
J T G2

(7.18)

a
[O’S- —(1—-e*—ae ™)+ —<1 —e“—qge % — 7e‘“> (7.21)
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C 2C b?
-b -b -b -b -b
+W(1—e — be )+m<1—€ — be —78 >

a = GAuP,b = MAu/

Note that:
2 3 2 a3
— —-a — -—a — — —_— — — — cee —_— —_— — — — e
1—e ae™® =1 (1 a+ R + ) a(l a+ CRRET + ) (7.22)
a? a’> a® a? a* at a? (7.23)
1-— -a _ —a___p=0 —-__ _ ___ oo ——| 1 — _— .os [ J— oos
e ae > e 273 + > ( a-+ > T30 + ) 3 +
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