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Preface

Diffusion processes can be employed to model many phenomena arising in the nat-
ural and social sciences, such as biological and financial quantities. When modeling
these phenomena, it is often natural to employ a number of driving Wiener or Bessel
processes, placing us immediately in a multi- and often high-dimensional setting.
The key questions that then typically arise concern a range of functionals for such
models. The focus of this research monograph is, therefore, on tractable multidimen-
sional models with functionals that have explicit solutions. After transformations of
Brownian motion, as applied for the Black-Scholes model, it will be natural to con-
centrate in this book on models that are in some sense transformations of squares of
Brownian motions, such as Bessel processes, square root processes and affine pro-
cesses. Additionally, tractable diffusion processes will be studied which have been
recently discovered via Lie symmetry methods. Numerical methods will be pre-
sented that allow to evaluate efficiently and accurately a wide range of functionals
of multidimensional diffusions. The importance of these functionals and methods
will be demonstrated in applications to finance. However, the same functionals and
numerical methods can be of relevance in many other areas of application.

Given the ubiquitousness of multidimensional Wiener and Bessel processes, it is
obvious that particular functionals of Wiener and Bessel processes are of importance
in many different areas. However, the multidimensional nature of the processes,
especially if non-trivial dependence structures are modeled between their drivers,
often means that these functionals are difficult to compute. Especially closed-form
solutions are rarely available. Consequently, numerical methods have to be usually
employed to compute these important functionals.

The contribution of this monograph is fourfold: Firstly, it collects in a systematic
way existing results on functionals of tractable processes from the literature. These
results are mostly of closed form and so far often only more widely known for one-
dimensional processes or very special multidimensional processes exhibiting a triv-
ial dependence structure. Secondly, the book provides approaches which empower
the reader to obtain systematically closed form solutions for various problems of
interest. Thirdly, it recalls powerful numerical methods from the literature, and dis-
cusses how to apply these to the stochastic processes and functionals studied in this
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viii Preface

text. Finally, it suggests how to exploit the availability of closed form solutions in
finance for particular models when numerically solving more general models even
in high-dimensional situations.

Our systematic approach to developing closed form solutions proceeds around
the following ideas: In the one-dimensional setting, we recall mathematical meth-
ods developed by Craddock and collaborators, see Craddock (2009), Craddock and
Lennox (2007), Craddock and Lennox (2009), and Craddock and Platen (2004). In
particular, we employ Lie symmetry group methods to compute transition densities
of stochastic processes of interest. Furthermore, we study solvable affine models,
in the sense introduced by Grasselli and Tebaldi, see Grasselli and Tebaldi (2008),
which include a wide range of functionals of affine models for which explicit solu-
tions can be obtained.

As often as we have access to explicit transition densities, we employ Monte
Carlo and quadrature methods, which allow us to solve integration problems associ-
ated with functionals of interest. To quantify functionals rather generally, we remark
that explicit solutions derived in this text serve as a useful check for these methods
and allow us to tailor these methods.

Besides considering functionals of multidimensional Wiener and Bessel pro-
cesses, which can be applied in very different areas, we focus on functionals of
multidimensional Wiener and Bessel processes occurring in finance. We show how
methods developed in this text can be used to solve typical problems under the
benchmark approach. Within this book, we discuss several classes of tractable dif-
fusions, which do not satisfy the classical Lipschitz and linear growth conditions,
often assumed to be in force when studying diffusion models. The ability to compute
important functionals of these tractable diffusions allows us to access a rich model-
ing world. In fact, advanced realistic long-term financial modeling under classical
Lipschitz and linear growth conditions may potentially turn out to be not realistic
enough for typical risk management tasks.

The purpose of Chap. 1 is to demonstrate that the book can be used to solve prac-
tical problems arising in finance under the benchmark approach. Chapters 2 and 3
summarize the current literature in the area. Chapter 4 introduces Lie Symmetry
Group methods, an important tool that can be used to compute functionals of one-
and multidimensional diffusions. Chapter 5 builds on Chap. 4 and we show how to
compute explicitly important functionals of diffusions. In Sect. 5.5, we give a first
application of these results to problems in finance. Chapter 6 applies the results from
Chap. 5 to stochastic volatility models, where we present a simulation method based
on Lie Symmetry methods. We then continue our study of multidimensional diffu-
sions and turn to affine processes. We summarize the existing literature on affine
processes in Chaps. 7 and 8. Chapter 9 presents the novel approach to affine pro-
cesses due to Grasselli & Tebaldi. This approach analyzes when functionals of mul-
tidimensional affine processes can be computed analytically, and hence is of upmost
importance to the topic of this book. As this approach is recent, we illustrate it using
several examples in Sects. 9.4, 9.5, 9.6, and 9.7. Finally, we discuss a flexible class
of multidimensional affine processes, the Wishart processes. Unlike the classical
affine processes discussed in Chaps. 7, 8, and 9, Wishart processes do not assume
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values in the Euclidean space, but are matrix-valued. To fully appreciate the flexi-
bility of Wishart processes, we provide an introduction to matrix-valued processes
in Chap. 10. It seems that introductions to Lie symmetry methods for diffusions, to
matrix-valued processes, and to Wishart processes have not been discussed in such
a book form before. We hope that this monograph will be a valuable reference for
readers interested in these topics. Finally, Chap. 14 integrates the material covered
in the preceding chapters and demonstrates how it can be used to solve problems in
finance entailing credit risk.

The remaining chapters are supporting chapters. We survey numerical methods,
including Monte Carlo and quadrature methods and computational tools, which
complement the methods described in Chaps. 4 to 11. Chapters 15, 16 and 17 are
self-contained and aimed to summarize key results on stochastic processes, time-
homogeneous scalar diffusions, and the distinction between martingales and strict
local martingales. The material on stochastic processes is included to make this
book more self-contained and easily readable without forcing some readers to rely
on other sources. The material on time-homogeneous scalar diffusions is used in a
few places in this book. In those cases, the reader is simply referred to the corre-
sponding results in Chap. 16. Finally, Chap. 17 discusses when local martingales
are true martingales or strict local martingales, which is an important theme of this
book and relevant for the benchmark approach to finance.

The formulas in the book are numbered according to the chapter and section
where they appear. Assumptions, theorems, lemmas, definitions and corollaries are
numbered sequentially in each section. The most common notations are listed at the
beginning and an Index of Keywords is given at the end of the book. Some readers
may find the Author Index at the end of the book useful. Suggestions for the Reader
are given after the content to give a guidance to the use of the book for different
groups of readers. The basic notation used in the book is summarized after these
suggestions.

We conclude with the remark that the practical application and theoretical un-
derstanding of functionals of multidimensional diffusions are an area of ongoing
research. This book shall stimulate interest and further work on such methods and
their application.

We would like to thank several colleagues and friends for their collaboration
in related research and valuable suggestions on the manuscript, including Leung
Lung Chan, Mark Craddock, Ke Du, Kevin Fergusson, Martino Grasselli, Hardy
Hully, Katja Ignatieva, Monique Jeanblanc, Constantinos Kardaras, Renata Rendek,
Wolfgang Runggaldier, and Stefan Tappe. Particular thanks go to the late Katrin
Platen for her help and suggestions regarding the initial outlay of this book.

It is greatly appreciated if readers could forward any suggestions, errors, mis-
prints or suggested improvements to: JanBaldeaux @gmail.com. The interested
reader is likely to find in future updated information about functionals of multi-
dimensional diffusions via a link on Jan Baldeaux’s homepage.

Sydney Jan Baldeaux
February 2013 Eckhard Platen



Suggestions for the Reader

The material of this book has been arranged in a way that should make it accessible
to as wide a readership as possible. Prospective readers will have different back-
grounds and objectives. The following four groups of suggestions are aimed to help
using the book efficiently.

(i) Let us begin with those readers who aim for a sufficient understanding to ap-
ply multidimensional diffusions in their field of application, which may not
necessarily be finance. Deeper mathematical issues are avoided in the follow-
ing suggested sequence of introductory reading, which provides a guide to the
book for those without a strong mathematical background.

§15.1 - §15.2 - §15.3 = §154 — §15.5 — §15.6 — §15.7

§9.1 - §9.2
Chapter 10

|§11.1 _>§11,2_>§11.3—>§11.4|

(i) Engineers, quantitative analysts and others with a more technical background
in mathematical and quantitative methods who are interested in applying mul-
tidimensional diffusions, and in implementing functionals thereof or studying
novel diffusion processes could use the book according to the following
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suggested flowchart. Without too much emphasis on proofs the selected ma-
terial provides the underlying mathematics and core results.

Chapter 15

§3.1 - §3.2

| §5.1 — §5.2 — §5.3 — §5.4 |

| §9.1 — §9.2 — §9.3 |

Chapter 10

| §11.1 — §11.2 — §11.3 — §11.4|

Chapter 12

Chapter 14

(iii)) Readers with strong mathematical background and mathematicians most likely
omit the introductory Chap. 15. The following flowchart focuses on the theoret-
ical aspects of the computation of functionals of multidimensional diffusions
while avoiding well-known and more applied topics.

§2.1 - §2.2

§3.1 - §3.2

| §5.1 — §5.2 — §53 — §5.4 |

| §9.1 — §9.2 — §9.3 |

|§11.1 —>§11.2—>§11.3—>§11,4|
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(iv) Financial engineers, quantitative analysts, risk managers, fund managers, in-
surance professionals and others who have no strong mathematical background
and are interested in finance, insurance and other areas of risk management will
find the following flowchart helpful. It suggests the reading for an introduction
into quantitative methods in finance and related areas with focus on in many
ways explicitly tractable models.

§15.1 - §15.2 — §15.3 — §15.4 — §15.5 — §15.6 — §15.7

| §6.1 — §6.3 — §6.4 — §6.5 — §6.6 — §6.7 |

| §8.2 — §8.3 — §8.4 — §8.5 — §8.6 |
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Chapter 1
A Benchmark Approach to Risk Management

To provide for this book a relevant field of application for functionals of multidimen-
sional diffusions, problems of pricing and hedging will be discussed in a general
financial modeling framework. This chapter introduces a unified continuous time
framework for financial and insurance modeling. It can be applied to portfolio opti-
mization, derivative pricing, financial modeling, actuarial pricing and risk measure-
ment. It is based on the benchmark approach presented in Platen and Heath (2010)
and the concept of benchmarked risk minimization, see Du and Platen (2012a). The
best performing, strictly positive portfolio is chosen as natural benchmark for asset
allocation and also as natural numéraire for pricing. This portfolio is the growth
optimal portfolio (GOP), which maximizes expected growth or log-utility. Further-
more, it is also the numéraire portfolio (NP) such that any nonnegative portfolio,
denominated in units of the NP turns out to be a supermartingale. This fundamental
property leads to a natural pricing rule under the real world probability measure,
which identifies the minimal replicating price. We alert the reader to an important
property of the benchmark approach, namely that an equivalent risk neutral prob-
ability measure need not exist. This provides the modeler with significant freedom
compared to the classical risk neutral approach. Not only models will be accom-
modated that are covered by most of the classical no-arbitrage pricing literature
in financial mathematics, including, for instance, Karatzas and Shreve (1998) and
Bjork (1998), but also a much wider range of models will be allowed, which go be-
yond the classical risk neutral paradigm, see e.g. Loewenstein and Willard (2000),
Fernholz and Karatzas (2005), Platen (2002), Karatzas and Kardaras (2007), and
Galesso and Runggaldier (2010). The focus of this book will be on tractable mod-
els, which may go beyond the classical no-arbitrage world, and the computation of
their functionals.

1.1 A Continuous Market Model

Many applications we will discuss involve financial instruments in a continu-
ous market, where prices of traded securities do not exhibit jumps and their

J. Baldeaux, E. Platen, Functionals of Multidimensional Diffusions with Applications 1
to Finance, Bocconi & Springer Series 5, DOI 10.1007/978-3-319-00747-2_1,
© Springer International Publishing Switzerland 2013
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denomination is in units of domestic currency. We first consider such a market con-
taining d € A sources of continuous traded uncertainty. Later we will also consider
markets with jumps in price processes expressed in several currencies. Continu-
ous traded uncertainty is represented by d independent standard Wiener processes
Wk ={(Wk, t>0}, k € {1,2,...,d}. These are defined on a filtered probability
space (£2, A, A, P). The filtration A = (A;);>0 is assumed to satisfy the usual con-
ditions and Ay is the trivial initial o -algebra.

1.1.1 Primary Security Accounts

A primary security account is an investment account, consisting of only one kind of
security. It is used to model the evolution of wealth due to the ownership of primary
securities, with all dividends and income reinvested. We denote the time ¢ value of
the jth risky primary security account by S/, for j € {1,2,...,d} and t > 0. The Oth
primary security account SO = {S? , t > 0} is the domestic locally riskless savings
account, which continuously accrues at the adapted short term interest rate process
r={r, t>0}.

To specify the dynamics of primary securities in the given financial market, we
assume without loss of generality that the jth primary security account value S;
satisfies the SDE

d
ds! =S/ (a,f dt—}—Zb,”de,]‘) (1.1.1)
k=1

for ¢+ > 0 with initial value Sé >0and j €{l1,2,...,d}. We assume that the ap-
preciation rate process a’ and the generalized volatility processes bi* take almost
surely finite values and are predictable, k, j € {1, 2, ..., d}. We assume the models
to be such that a unique strong solution of the system of SDEs (1.1.1) exists, see
Chap. 15.7.

1.1.2 Market Price of Risk

To securitize the different sources of traded uncertainty properly, i.e. to avoid re-
dundant primary security accounts, we introduce the generalized volatility matrix
b, = [bt/ ’k]? x— Tor all # > 0 and make the following assumption:

Assumption 1.1.1 The volatility matrix b, is invertible for Lebesgue-almost-every
t>0.

Assumption 1.1.1 allows us to introduce the market price of risk vector

0,=(6,,....60) =b7"l[a, —r 1] (1.12)
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for t > 0. Here a; = (atl, ey atd)T denotes the appreciation rate vector and 1 =
a,..., 1)—r the unit vector. Using (1.1.2), we can rewrite the SDE for the jth pri-
mary security account in the form

d
ds! =s] <r, dr+Y b/* (efdt+dw,")) (1.1.3)
k=1

fort>0and j €{0,1,...,d}. We observe that 9[‘ denotes the market price of risk
with respect to the kth Wiener process WX. For j = 0in (1.1.3) we denote by Sto the
savings account, which is locally riskless with b?’k =O0forallke{l,2,...,d}and
t > 0. The market price of risk plays a central role and determines the risk premium
that risky securities command from the perspective of the domestic currency.

1.1.3 Black-Scholes Model

The standard market model, which has served for several decades practitioners and
theoreticians, can be obtained by simply assuming the short rate process, the volatil-
ity processes and the market price of risk processes to represent deterministic func-
tions of time. The resulting Black-Scholes model, see Black and Scholes (1973), is
a highly tractable model, in particular, when the just mentioned deterministic func-
tions are constant. Unfortunately, the Black-Scholes model has many deficiencies.
This book will discuss other highly tractable models that reflect more realistically
the observed dynamics of financial markets.

1.1.4 Portfolios

The vector process S = {S; = (Slo, e Std )T, t > 0} characterizes the evolution of
all primary security accounts. We call a predictable stochastic process § = {§; =
80.....8H) T, 1 >0} a strategy if the Ito integral 5 s(t) = >-9_ [o 87 dS{ of the
corresponding gains from trade exists, see Chap. 15.4. Here §; denotes the number
of units of the jth primary security account held at time ¢ > O in the portfolio SZ‘S,
j€{0,1,...,d}, and we denote by

d
sP=Y"sls] (1.1.4)
j=0

the time ¢ value of the portfolio process S° = {Sf, t > 0}. A strategy § and the
corresponding portfolio process S? are called self-financing if

d
ds}=>"slds! (1.1.5)
j=0
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for all + > 0. This means that all changes in the portfolio value are due to gains or
losses from trading in primary security accounts. We remind the reader that § is
assumed to be a predictable process. For simplicity, we consider only self-financing
portfolios when discussing the above continuous market model. When we will later
model price processes with jumps and perform benchmarked risk minimization, we
will also allow portfolios that may no longer be self-financing.

1.2 Best Performing Portfolio as Benchmark

For a given strategy & with strictly positive self-financing portfolio process S we
use 718/ , to denote the fraction of wealth invested in the jth primary security account
at time ¢, that is

i S
w5, =6 S_fs (1.2.6)
fort >0and j € {0, 1, ..., d}. We note that the fractions can be negative and always
sum to one, that is
d .
ol =1 1.2.7)
j=0
In terms of the vector of fractions ms; = (nsl’l, e y'rg{t)—r we obtain from (1.1.5),
(1.1.3) and (1.2.6) the SDE
ds} =S {ridt +mg b0, dt +dW,)} (1.2.8)

for a strictly positive portfolio process S°, where # > 0 and
AW, = (aw},....aw?)".
We now use the Itd formula to obtain the SDE for the logarithm of the portfolio,
d d
din(S)) =gldr+> > ] b awf (1.2.9)
k=1 j=1
for ¢t > 0. The growth rate at time t for Sf is then given by
5 ddjjkkldjjk2
g,:n+];[;n&,b,’ 6] —5<;n&,bt’ ) } (1.2.10)

fort > 0.
‘We now define for ¢ > 0 the fractions

oo = () el )T =(0]57")" (1.2.11)
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of a particular strictly positive portfolio $%, which we will identify below as the
growth optimal portfolio (GOP). By (1.2.8) and (1.2.11) it follows that S,a* satisfies
the SDE

dSP = S (r,dt + 0] (0, dt +dW,))
d
= (rt dr+Y 6f (0Fdr + dW,")) (1.2.12)
k=1
for r > 0, with Sg* > (0. We now define the GOP in the given continuous financial

market.

Definition 1.2.1 A strictly positive portfolio process S that maximizes the growth
rate gf, see (1.2.10), of all strictly positive portfolio processes S° such that

S
L<g (1.2.13)

almost surely for all r > 0 is called a GOP.
The proof of the following result is given in Platen and Heath (2010).

Corollary 1.2.2 Under the Assumption 1.1.1 the portfolio process % = {Sf*, t >0}
satisfying (1.2.13) is a GOP. Its value process is uniquely determined.

The GOP is in many ways the best performing portfolio of the given investment
universe. Let us briefly mention one of its most striking properties, which is given
by the fact that the path of the GOP outperforms in the long run the path of any other
strictly positive portfolio almost surely.

Theorem 1.2.3 The GOP S% has almost surely the largest long term growth rate
in comparison with that of any other strictly positive portfolio S in the sense that

1. (Sy 1 (S
1imsup—1n< (ST ) > limsup — ln<—§) (1.2.14)
Tooo I SO* Tooo I SO

almost surely.

The proof of this result and further results on outstanding performance properties
of the GOP are given in Platen and Heath (2010). The GOP is also called Kelly
portfolio, see Kelly (1956) and MacLean et al. (2011).

Section 1.5 will describe a Diversification Theorem, which states that under gen-
eral assumptions, a sequence of well-diversified portfolios approximates the GOP.
Therefore, from a practical perspective one can say that a global well diversified
portfolio appears to be a good proxy for the GOP. For instance, the MSCI world ac-
cumulation index is such a tradable portfolio that one can use as a reasonable proxy
for the GOP for various purposes. An even better performing proxy of the GOP is
described in Platen and Rendek (2012), see Sect. 1.5.
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1.3 Supermartingale Property and Pricing

1.3.1 Benchmarked Portfolios

In the following, the “best” performing portfolio of our continuous financial market,
the GOP, will be employed as benchmark for various risk management tasks. For
portfolio investing, it can serve as a benchmark in the classical sense. Furthermore,
it can be used as numéraire for pricing in conjunction with the real world probability
measure. Finally, in the area of risk measurement the GOP is ideally suited to play
the role of the required broad based index or well diversified portfolio that should
be used when measuring general market risk in the regulatory sense, see Platen and
Stahl (2003). We call prices expressed in units of S% benchmarked prices. It follows
from the 1t6 formula and relations (1.2.8) and (1.2.12) that a benchmarked portfolio
process 8§ = {S’f, t > 0}, with

88 = Sf (1.3.15)
SO
for t > 0, satisfies the SDE
d d
d§f=2<23,"§,f b{”‘—Sf@f) dwk (1.3.16)
k=1 \ j=1

d
- fz(zns,tbz —ef)dw,"

fort > 0.
The SDE (1.3.16) describes the dynamics of a benchmarked portfolio. As an
example, the benchmarked savings account S,0 satisfies the SDE

d
dS) = -5 "of awf (1.3.17)
k=1

for 1 > 0, since b*X =0, forall k € {1,2, ..., d}.

1.3.2 Supermartingale Property

We are now in a position to state the mathematically most important property of a
financial market model, namely its supermartingale property.

Theorem 1.3.1 Any nonnegative benchmarked portfolio process 8% is an (A, P)-
supermartingale, that is,

§0>E($2]4) (1.3.18)
for all bounded stopping times t € [0, 00) and t € [0, T].
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A proof of this theorem can be found in Platen and Heath (2010). It has the im-
portant economical interpretation that the GOP is the “best” performing portfolio,
and any other portfolio denominated in units of the GOP can trend only downwards
or has at most no trend. The benchmark that satisfies the supermartingale property
(1.3.18) is also called the numéraire portfolio (NP), see Long (1990) and Becherer
(2001). We emphasize the fundamental fact that nonnegative benchmarked portfo-
lios are supermartingales, even in general semimartingale markets, as long as a finite
numéraire portfolio exists, see Platen (2004) and Karatzas and Kardaras (2007). We
will provide in Sect. 1.4 such a financial market modeling framework.

1.3.3 Strong Arbitrage

For several decades, pricing rules have been based on excluding some classical
form of arbitrage, which generally has been linked to the Fundamental Theorem
of Asset Pricing, see e.g. Ross (1976), Harrison and Kreps (1979), and Delbaen and
Schachermayer (2006). In the following, we will consider a notion of strong arbi-
trage and show that pricing based on excluding strong arbitrage makes sense in our
more general setting.

Definition 1.3.2 A nonnegative portfolio that starts at zero and reaches at some
later time a strictly positive value with strictly positive probability is called a strong
arbitrage.

From Theorem 1.3.1 it is known that all nonnegative benchmarked portfolios are
supermartingales. Since a nonnegative supermartingale, which starts at zero always
remains at zero, we obtain the following conclusion:

Corollary 1.3.3 There is no nonnegative portfolio that is a strong arbitrage.

Corollary 1.3.3 shows that pricing on the basis of excluding strong arbitrage
does not work in our general market since it is in any case excluded. By assum-
ing the existence of an NP we obtain a far richer modeling world than the classical
theory can provide without excluding anything what the classical approach can pro-
vide. Consequently, free lunches with vanishing risk in the sense of Delbaen and
Schachermayer (1998), see also Delbaen and Schachermayer (2006), can occur in
our general market. Also some other weak forms of classical arbitrage may arise, see
Loewenstein and Willard (2000). This does not create any problems from a practical
point of view. On the contrary, it enables us to better reflect real market behavior,
especially in the long run, by significantly extending the universe of potential mod-
els.
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1.3.4 Law of the Minimal Price

The previous subsection suggested that classical forms of arbitrage can be present
in our market, hence we cannot rely on the classical no-arbitrage pricing methodol-
ogy, mainly expressed via the risk neutral pricing formula, see Harrison and Kreps
(1979), Karatzas and Shreve (1998) or Bjork (1998).

To present a more general pricing concept applicable in our general setting, we
firstly define a fair price process.

Definition 1.3.4 A security price process V = {V;, t € [0, 00)} is called fair if its

benchmarked value \7, = SVT'* forms an (A, P)-martingale.
t

In a family of supermartingales sharing the same nonnegative value at some fu-
ture bounded stopping time, it is the martingale that attains the minimal possible
price, see Revuz and Yor (1999) or Platen and Heath (2010). This basic fact yields
naturally the Law of the Minimal Price:

Corollary 1.3.5 Consider a bounded stopping time t € (0, 00) and a given future
Ay -measurable payoff H to be paid at time t, where E (S% | Ag) < o0. If there exists

a fair nonnegative portfolio S° with Sf = H almost surely, then this is the minimal
possible nonnegative portfolio that replicates the payoff.

Clearly, a fair portfolio provides the least expensive possibility for an investor
to reach some future payoff H to be delivered at time t. We alert the reader to the
fact that in our general setting there exist self-financing portfolios that are not fair.
This means that the classical Law of One Price needs to be abandoned and can be
substituted by the above Law of the Minimal Price.

1.3.5 Real World Pricing

Consider the payoff H payable at a bounded stopping time t € [0, 00), which is
assumed to be .4;-measurable and to satisfy E ( ~) < 00. We apply the Law of the

Minimal Price to the payoff H and conclude that its fair price, denoted by Uy (¢)
at time ¢ € [0, 7], is then the minimal possible price and given by the real world
pricing formula

Un(t) = S‘S*E(
53

At> (1.3.19)

T
We point out that this formula represents an absolute pricing rule. In our approach,
pricing is an investment decision. The payoff is valued relative to the “best” per-
forming portfolio under the real world expectation. We remind the reader that its
numéraire is the GOP, which is the numéraire portfolio, and in this sense the best
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performing portfolio. We price under the real world probability measure and not
under an assumed risk neutral probability measure, as is often the case in the lit-
erature. Due to the supermartingale property, any other self-financing replicating
portfolio process can only be more expensive than the above fair price process. We
conclude that in a competitive market the real world pricing formula provides the
economically correct price since it is the minimal possible price when replicating a
payoff.

1.3.6 Risk Neutral Pricing

It is well known, see Platen and Heath (2010), that real world pricing and risk neutral
pricing are equivalent as long as the candidate Radon-Nikodym derivative

SO S
Ag(t) =5 (1.3.20)
i So

for the putative risk neutral probability measure forms an (A, P)-martingale. An
application of the Bayes rule to the real world pricing formula (1.3.19) for maturity

date T = T yields in this case the risk neutral pricing formula

o Ae(T) S _wp (H
UH(I)—E<A9(I) S?H‘At>_SIE6 0

T
Here Ey denotes the expectation under the here assumed risk neutral probability
measure Py, with tjiipe |4 = Ag(T). This shows that classical risk neutral pricing is
under appropriate assumptions a special case of real world pricing.

We remark that when the benchmarked savings account is a strict supermartin-
gale, Ag(r) does not form a martingale and risk neutral prices can be significantly
more expensive than fair prices, in particular, for long-dated securities. We refer to
Platen and Heath (2010) and Chap. 3 in Platen and Bruti-Liberati (2010) for exam-
ples and more details on this issue.

We conclude by noting that the actuarial pricing formula, see Bithlmann and
Platen (2003), arises from the real world pricing formula (1.3.21) as another special
case when for fixed maturity v = 7 the random payoff H is independent of S?*,
yielding

A,). (1.3.21)

Un(t)= P, T)E(H | A). (1.3.22)

Here P(t,T) = StES *E((S?*)_1 | A;) is the fair zero coupon bond, which represents
the discount factor. Thus, real world pricing unifies actuarial and classical risk neu-
tral pricing. More precisely, it makes pricing an investment decision. We will see in
the next section that the real world pricing formula is the natural pricing rule also
in the case of not fully replicable contingent claims. Throughout the book we will
price a wide range of payoffs under a number of tractable models by using the real
world pricing formula.
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1.4 Benchmarked Risk Minimization

In this section, we discuss the problem of hedging not perfectly replicable contin-
gent claims by using a benchmark, namely the numéraire portfolio, as numéraire.
Benchmarked risk minimizing (BRM) strategies, as introduced in Du and Platen
(2012a), are employed to solve this problem. The concept of benchmarked risk
minimization generalizes classical risk minimization, as pioneered in Follmer and
Sondermann (1986), Féllmer and Schweizer (1991), and Schweizer (1995). Bench-
marked risk minimization employs the real world probability measure as pricing
measure and the numéraire portfolio as numéraire and benchmark to identify the
minimal possible price for a contingent claim. Furthermore, the resulting profit and
loss is only driven by uncertainty that is orthogonal to traded uncertainty, and forms
a local martingale that starts at zero. Consequently, benchmarked profit and losses,
when pooled and sufficiently different, can become in total asymptotically negligi-
ble through diversification. This property is highly desirable from a risk manage-
ment point of view. It makes benchmarked risk minimization the least expensive
method for pricing and hedging a diversified pool of not fully replicable bench-
marked contingent claims.

We present benchmarked risk minimization in a diffusion setting to illustrate the
approach. The general semimartingale case is covered in Du and Platen (2012a). We
consider a filtered probability space (£2, A, A, P) which carries an m’-dimensional
Brownian motion

W={W,= (WL W2 .. W wr W), = 0),

me€{0,1,...,m — 1}. We assume the existence of d primary securities, which
satisfy Eq. (1.1.3),

m

ds! =s] (r, +Zb{”‘(e," dt+dW,k)), (1.4.23)
k=1

for t >0 and j € {0,1,...,d}. For j =0, we again make the assumption that

bO* =0 fork € {1,...,m}, so SO denotes the locally riskless savings account. Fur-

thermore, the dynamics of the GOP are given by Eq. (1.2.12),

m
ds> = 8 <r, dr+ 0f(6f dt + de)), (1.4.24)
k=1

. n J
for t > 0 with Sg* > 0. Hence the benchmarked security S/ = {S,] = SST’*, t >
t

> 0}
satisfies the SDE

m
d§/ =8 o/ awf,
k=1
where atj’k = b{"k — 6k, for t > 0. Note that the Wiener processes W t1, ..., w™'
do not drive traded benchmarked wealth. We recall the notion of a self-financing

portfolio from Eq. (1.1.5). Now, let us introduce a class of strategies that can form
non-self-financing portfolios.
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Definition 1.4.1 A dynamic trading strategy v, initiated at time 7 = 0, is an R4 *!-
valued stochastic process v = {v; = (n;, z?tl, e, z?ld), t € [0,00)}, where its sub-
vector process # = {#; = ], ...,ﬁt"), t € [0, 00)} describes the number of units
invested in the respective primary security accounts St S‘td to form the bench-
marked self-financing part Zzzl 19,]‘ 3’{‘ of a corresponding benchmarked price pro-
cess VV = {V,V, t € [0, 0o)} with value

d
VY= "0k8k+n, (1.4.25)
k=1

of units at time 7 € [0, o). Here v is assumed to be an 9%t¢-valued, predictable pro-
cess such that

;1 d d o
/ZZﬂfﬁsjd[Sk,S/]s<oo P-as. (1.4.26)
0

k=1 j=1

for all # > 0. The A-adapted, real valued process n = {n;, t € [0, c0)}, starting with
no = 0, monitors the benchmarked non-self-financing part of the continuous bench-
marked price process VY, which then satisfies the equation

t d
VY=V + [0 > okd8t+n, (1.4.27)
k=1

for ¢t € [0, 00), where V¥ is assumed to form an (A, P)-supermartingale and the It6
integral exists as vector Itd integral.

We note, regarding Eq. (1.4.25), that we have

The benchmarked gains from trade during the time interval [0, ¢], ¢ € [0, c0), from
holding ¥/ units of the jth primary security account for j € {1,...,d} at time s,
s € [0, ], are given by the Itd integral

t
/ vk ask. (1.4.28)
0

We emphasize that a dynamic trading strategy generates via its self-financing part
(1.4.28) benchmarked gains from trade in a manner that does not require outside
funds and also does not generate extra funds. However, in general, capital has to be
added or removed from a respective portfolio to match with its benchmarked value
over time the evolution of a given benchmarked price process VY. We will see that
for risk management tasks it is enough to monitor the units of the NP that are added
or removed from the portfolio to match a desired price process without requiring
to hold physically these units. In particular, via the process 7 the investor monitors
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the adapted, cumulative “virtual” capital inflow and outflow from the respective
portfolio as it theoretically results from targeting a desired price process.

Note, when there is no inflow or outflow of capital in a dynamic trading strat-
egy, then one deals with a self-financing portfolio, as described in Eq. (1.1.5). More
generally, when allowing extra capital inflows and outflows, one obtains from Defi-
nition 1.4.1 the following result.

Corollary 1.4.2 For a dynamic trading strategy
v={v,=(n, 0} 0, ..., 0), 1 €]0,00)},

as introduced in Definition 1.4.1 with benchmarked price process VY, the corre-
sponding benchmarked portfolio at time t is the sum

d
V=58 =558 (1.4.29)
k=1
with
8F =0f + 8k . (1.4.30)
Here 83;,, k e{l,...,d}, denotes at time t the number of units of the kth primary

security account needed to form the NP, that is, one has for the benchmarked NP
d
1=8r=> "8k 5F,
k=1
fort € [0, 00).

We now address claims which are not fully replicable in the sense that there may
not exist a self-financing strategy that delivers the claim P-a.s. In particular, we aim
to identify the least expensive way of delivering targeted contingent claims through
hedging while removing asymptotically the total hedge error in a large trading book.

Definition 1.4.3 For a dynamic trading strategy
v={vi= (.9, ..., 08), 1 €[0,00)},
as introduced in Definition 1.4.1, with corresponding benchmarked price V,V = S’f =

ZZ:] 8{‘ 3‘;‘ at time ¢ € [0, oo) according to Eq. (1.4.29), the corresponding bench-
marked profit and loss (P&L) process

P =|C, 1€10,00)

is defined as the benchmarked price minus the benchmarked gains from trading
the self-financing part of the respective portfolio, see Eq. (1.4.28), minus the initial
benchmarked price, that is,

d .
Cf:S?—ZfO okask — 83
k=1

for ¢t € [0, 00).
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From Definitions 1.4.1 and 1.4.3 one obtains directly the following statement.

Corollary 1.4.4 For a dynamic trading strategy
V= {Vt = (nt,ﬁtl,...,l?td), t e [0,00)}

the corresponding benchmarked P&L process o= {é’f , t € [0, 00)} coincides with
the adapted process n = {n;, t € [0, 00)} that monitors the cumulative inflow and
outflow of extra capital.

For simplicity, in the current chapter the hedging and, thus, the benchmarked
P&L process C? for a given benchmarked portfolio §% is assumed to start at the
initial time ¢ = 0. Therefore, the benchmarked P&L has initial value ég =n9=0
and monitors at time 7 with C ,’3 =1, the adapted accumulated benchmarked capital
that flew in or out of the benchmarked portfolio process VY = 8% until this time. In
other words, CA’,‘S represents the benchmarked external costs incurred by the portfolio
§% over the time period [0, ¢] after the hedge was set up at the initial time zero.
Intuitively, the adapted process 1 can be interpreted as benchmarked hedge error.

Now assume for the moment that a financial institution holds a large number
of independent benchmarked P&Ls, which are independent, square-integrable mar-
tingales started at zero. By increasing the number of benchmarked P&Ls in such a
trading book, it follows by the Law of Large Numbers, which refers to the real world
probability measure, that the resulting total benchmarked P&L process will become
asymptotically negligible. In this manner, the benchmarked total P&L of the trad-
ing book can be asymptotically removed via diversification. The insight that such
removal is possible will be crucial for benchmarked risk minimization. Capturing
this observation is the aim of the following remark:

Remark 1.4.5 Benchmarked P&Ls should preferably be driftless, and, thus, local
martingales, starting at initiation with value zero.

According to Remark 1.4.5, a benchmarked P&L should be locally in the mean
self-financing. Mean-self-financing turns out to be an extremely useful notion,
which was introduced in Schweizer (1991).

Definition 1.4.6 A dynamic trading strategy
v={vi= .0 ....0%). 1 €[0,00))
is called locally real world mean-self-financing if its adapted process n forms an

(A, P)-local martingale starting at zero.

Having introduced the concepts of P&L and mean-self-financing, we are now
in a position to discuss pricing and hedging. Recall from Definition 1.4.1 that dy-
namic trading strategies form benchmarked nonnegative price processes that are
consistent with the fact that the NP is the “best” performing portfolio in the sense
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that benchmarked price processes form supermartingales. Furthermore, note at this
stage that for a given benchmarked price process a corresponding dynamic trading
strategy remains potentially exposed to some ambiguity concerning what forms its
self-financing part and what constitutes its non-self-financing part, see Eq. (1.4.30).
This ambiguity will be removed by focusing below on benchmarked P&Ls with
fluctuations that are “orthogonal” to those of all self-financing benchmarked portfo-
lios, and thus, intuitively have no chance to be removed via hedging. To formalize
this idea we introduce the following notion.

Definition 1.4.7 A dynamic trading strategy
v={v,=(n, 9, ..., 9{), 1 €[0,00)}

has an orthogonal benchmarked P&L 1 = {n;, t € [0, oo)} if n is orthogonal
to benchmarked traded wealth in the sense that n; fO Zk lﬁdek forms an
(A P)-local martingale for every predictable self-financing strategy # = {#, =
@}, ..., 09,1 [0, 00)} satisfying Eq. (1.4.26).

In some sense, all hedgeable uncertainty is removed from an orthogonal bench-
marked P&L. To fix the so far identified desirable properties of dynamic trading
strategies, let us define the following set.

Definition 1.4.8 Fix a maturity date T € (0, 00). For a given benchmarked contin-
gent claim Hy € L' (A7, P ), the set of Ar-measurable random variables with finite
first moments, define the set V iy of locally real world mean-self-financing dynamic

trading strategies v, which deliver Hr with orthogonal benchmarked P&L and cor-
responding benchmarked price VY = S;s for all ¢ € [0, T'], satisfying Eqs. (1.4.27),
(1.4.28), (1.4.29), and (1.4.30).

There may exist several nonnegative benchmarked hedge portfolios that could
deliver a given benchmarked contingent claim. The following concept of bench-
marked risk minimizing (BRM) strategies selects the most economical benchmarked
price process, which is the least expensive possible price process with the above
identified desirable properties.

Definition 1.4.9 For a given benchmarked contingent claim Hr € KI(AT, P) a
dynamic trading strategy v = {V, = (7, ¢, , .. z?d) tel0,T]} e VH with cor-

responding benchmarked price process Vv = §9 is called benchmarked risk min-
imizing (BRM) if for all dynamic trading strategies v € V,:,T, with Sl‘S satisfying

Eq. (1.4.29), the price S‘t‘s is minimal in the sense that
$ < 8 (14.31)

P-as.forallt € [0, T].
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As required by Eq. (1.4.31) and similarly as in Corollary 1.3.5, we can exploit the
fact that the martingale among the nonnegative supermartingales contained in ]>H
yields the minimal possible benchmarked price process, see Revuz and Yor (1999).
Therefore, we have directly the following result:

Corollary 1.4.10 For a given benchmarked contingent claim Hr € L' (Ar, P) a

BRM dynamic trading strategy v = {v; = (n;, 19,1, ces 13‘,‘1), t € [0, T1} forms with

the corresponding benchmarked price process VY an (A, P)-martingale, that is,
VY =S8 =E(Hr | A)

P-a.s. fort €[0,T].

We now discuss the implementation of BRM strategies. In particular, it will be
extremely useful to have access to martingale representations. For the diffusion
based models discussed in this book, these are available for many standard claims.
Since a martingale representation of a benchmarked contingent claim, which sep-

arates the hedgeable and the orthogonal nonhedgeable part, is crucial for practical
hedging, we introduce the following notion:

Definition 1.4.11 A benchmarked contingent claim PAIT e LY(Ar, P) is called reg-
ular if it has for all ¢ € [0, T'] a martingale representation of the form

d T . .
Hr=E(Hr | Ay) + Z/ ﬁ‘lgT(s) dS&/ + N, (T) — N4, (1) (1.4.32)
k=171

P-a.s. with some predictable vector process
By ={P5 @)= (ﬂIgT(t), o ﬁgT(t)), tel0,T1}
satisfying Eq. (1.4.26), and some local martingale
N, = {ng, (0, 1 €10, T1}
with
ng, 0)=0.
Furthermore, for any predictable process # = {#; = (191, A 19,‘1), t €10, T1]}, sat-
isfying Eq. (1.4.26), the product process Zv-Hr — {Z,Y’I:IT, t € [0, T} with

. d .
JH. § : k 7ok
Z;/ T:n[:[T(t) A l?s dSs’
k=1

t € [0, T], forms an (A, P)-local martingale.

Combining Definition 1.4.9, Corollary 1.4.10, and Definition 1.4.11, the concept
of benchmarked risk minimization allows us to obtain in a straightforward manner
the following statement.



16 1 A Benchmark Approach to Risk Management

Corollary 1.4.12 For a regular benchmarked contingent claim Hr € L' (A7, P)
there exists a BRM strategy

v={v, = (nﬁr(t),ﬁlgr(t),...,0;’;(;)), 1el0, T} eVy,

with corresponding benchmarked portfolio process

A0 N A
S; " =Vy=Hr P-as.

The benchmarked price at time t € [0, T] is determined by the real world pricing
formula

P .
ST =VY=E(Hr | A, (1.4.33)

vielding within the set of strategies fjﬁr the minimal possible price process. The
resulting benchmarked P&L at time t € [0, T] is given by

~d5
¢, =ny ).
This process is orthogonal to benchmarked traded wealth in the sense that the prod-

uct CA’;S #r fot Zi:] z?skd S’f forms an (A, P)-local martingale for every predictable
self-financing strategy ¥ = {#, = (19}, ey ﬁtd)t € [0, T}, satisfying Eq. (1.4.26).
In terms of the martingale representation (1.4.32), the components of the strategy
v are obtained by the number n fiy (t) of units of the NP to be monitored in the

nonhedgeable part of Hr, and the number of units 19;} (t) of the primary secu-
T

rity account, j € {11 2,...,d}, t €0, T], to be held at time t in the self-financing
hedgeable part of Hr.

~ASp
The self-financing hedgeable part of the benchmarked price process S; T forms
a local martingale and has at time ¢ € [0, T'] the benchmarked value

d t
E(Hr | A) —ng, (1) = Z/O 9% (s)dst.
k=1

The vector of units Vi, (1) = (19;} ®,..., 192 (7)) to be held in the primary secu-

rity accounts follows by making the benchmarked P&L orthogonal to benchmarked
traded wealth. Due to the possible presence of redundant primary security accounts,
the self-financing strategy @ A, may not be unique. We emphasize that BRM strate-
gies yield for not fully replicable contingent claims the real world pricing formula
(1.4.33), which for fully replicable claims was given in (1.3.19).

The above results demonstrate that based on the existence of a martingale repre-
sentation for a regular benchmarked contingent claim Hr, one obtains via bench-
marked risk minimization a unique minimal price process together with a hedg-
ing strategy that makes its benchmarked price process an (A, P)-martingale. The
benchmarked P&L of a regular benchmarked contingent claim is a local martingale
and orthogonal to any benchmarked self-financing portfolio, in the sense that their
product becomes a local martingale.
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We conclude this section on BRM with an illustrative example. We consider
the NP given by Eq. (1.4.24), where we assume for simplicity that r, =0, ¢ > 0.
Additionally, we consider a contmgent clalm Hr with fixed maturity 7 € [0, 00).
We assume Hr depends on W’"+ W? , so that its conditional expectation

=E(H7r|A;), 1t €[0,T],is 1ndependent from S°. In its first step, a BRM strategy
requlres to apply the real world pricing formula (1.4.33) to obtain the benchmarked

price process S’t i of the benchmarked claim I:IT = HTS‘O = HT(S‘ST*)_1 at time
t € [0, T], that is, we have by the assumed independence of Hr and 3‘? that

~85 ~ ~ ~
S,"" = E(Hr | A) = E(Hr | ADE(SY | A) = H Pr(r).  (1.4.34)

We point out that ﬁT (t)=E (39 | A;) is the real world price at time ¢ of a zero
coupon bond with maturity 7', which satisfies

BPT(t)

dPr(t) = ds?.

When denoting by 1‘}% (#) the number of units of the savings account that the BRM

strategy holds at time ; € [0, T], then the benchmarked P&L satisfies by Eq. (1.4.3)
and the product rule for H; Pr () the SDE

Pr(r)

380

N A8 5 N A ~
dc,"m =ds," — 191‘% (1)dS? = (H, — ﬂgT (t)) dS? + Pr(t)dH,.

Recall that the second step of benchmarked risk minimization requires that the
benchmarked P&L has to be orthogonal to the benchmarked traded wealth. A bench-
marked self-financing portfolio S’,” , which invests at time ¢ the number 9 of units
of the savings account and the remainder of its wealth in the NP, satisfies the SDE

dS? =v0dsP.
Since the processes 3‘7’, 30, and égﬁf are (A, P)-local martingales, the product
¢ §7 satisfies by the product rule in the given continuous market an SDE with
zero drift if the covariation of C Sy and 87 vanishes for all t € [0, 00), that is
. N
& Adp 1 3 Pr(s) 0 0 30 Q0
87, ¢, —fo (H 20 P ® )05, ©d[S S,

Therefore, the benchmarked P&L is orthogonal to traded wealth in the sense of
Definition 1.4.7 if

9% (0= H LD 0Pr () (1.4.35)
530

Finally, we remark that the benchmarked P&L

aH R
ng, 0 =C T:/O Pr(s)dH; (1.4.36)

is a local martingale that starts at zero, as required in Definition 1.4.11. Hence in
Egs. (1.4.34), (1.4.35), and (1.4.36), we have identified the key quantities for the
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characterization of the martingale representation of a regular benchmarked contin-
gent claim Hr, as required in Definition 1.4.11. Finally, we remark that z?lo units of
the savings account are held at time 7, and

85 A
P4, (0 =8" =1z, =95 OF

units of the NP are held, see Corollary 1.4.12. Note that the hedging strategy with
z‘}% (t) given in (1.4.35) depends via H; on the evolving information about the non-
T

hedgeable part of the claim. Classical risk minimization ignores such evolving in-
formation, see Du and Platen (2012a).

1.5 Diversification

This chapter has presented a consistent approach to asset pricing and risk manage-
ment. The approach is based on the existence of the NP or GOP. The purpose of
this section is to discuss the construction of a proxy of the NP, where we follow
Platen and Rendek (2012), see also Platen (2005) and Sect. 3.4 in Platen and Bruti-
Liberati (2010). In particular, we present the naive diversification theorem (NDT)
by Platen and Rendek (2012). Essentially, the theorem states that an equi-weighted
index (EWI) approximates the NP of a given set of stocks when the number of con-
stituents is large and the given investment universe is well securitized. This can be
interpreted as meaning that the risk factors driving the underlying risky securities are
sufficiently different. An important upshot of the approximation of the GOP using
an EWI is the following: when funds approximate the EWI, they stabilize the mar-
ket. Important liquidity is provided in case the market crashes. On the other hand,
popular assets would be sold when asset bubbles emerge. In both extreme cases,
an EWI can serve as a stabilizing factor in the financial market architecture since it
provides important liquidity.

We continue to rely on a filtered probability space (§2, A, A, P) and we represent
traded uncertainty using independent standard Wiener processes WX = {W,k, te
[0, 00)}, where k € NV. In what follows, we consider a sequence of markets indexed
by the number d of risky primary securities. To be precise, we write for the jth

primary security account in the dth market S'(’ mur which satisfies an SDE as given

in (1.1.1). The primary securities include a savings account S?d) (t) = exp{fot ryds}
for t > 0. Here r = {r;, t > 0} denotes an adapted short rate process, which we as-
sume for simplicity to be the same in each market. We include d nonnegative, risky

primary security account processes S'(’.d) = {S(j;i) (), >0}, je{l,2,...,d}, in the

dth market, each of which is driven by the Wiener processes wl w2 ... w9 In
the dth market a given strategy § and the volatilities of market prices of risk depend
typically on d. For simplicity, we shall suppress these dependencies in our notation
and only mention it when required.

For the dth market, we assume that there exists a unique GOP Sf;) = {S?;) ),

t > 0}, satisfying the SDE (1.2.12), where we fix S?;)(O) = 1. We obtain the
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following dynamics for the jth benchmarked primary security in the dth market
at time ¢,

sl @) ¢
(") => ol awf, (1.5.37)
(d) (t) k=1
where
k
O N ORNGY
fort>0,de N and j.ke{l,2,...,d}. The benchmarked self-financing portfolio
process S(d) = {S(d) (#), t = 0} with strategy
§=1{8=(5/.6%.....87), 1t >0}

is driven by the SDE
d
&8
a8l =Y "8/ dS!, .
j=1
which is driftless. If we introduce the fractions
Joi
i = 5; S(d)(t)
3,(d) -
(d) ()

where Z?:l n(sj @@ =1, then

) d QJ
dsS? (1) dS(d)(t)

(d) Z

Sy I Sh®

d d
er(g @® Zo(d) (t) dWk.
j=1 k=1

The dth equi-weighted index (EWId) invests the fractions

. 1 i
j _{d for j€{l,2,...,d} (1.5.38)

T Sewiant = .
: 0  otherwise.
Since the benchmarked NP is a constant, we have
Qb d
ds ( ) (1)

ZZ% o Kydwk=0. (1.5.39)
(d)(t) k=1 j=1

It is now the aim to construct sequences of portfolios that approximate the NP in
a mathematically precise and practically useful sense. The limits of the return pro-
cesses of such sequences of benchmarked portfolios should then be constant with
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value zero, due to (1.5.39). More precisely, the return process Q((Sd) = {Q‘(Sd) 1),

t > 0} of a benchmarked portfolio Sfd), given by the SDE
) dSpy ()
dod, ()= -2 (1.5.40)
NG
(d)

for t > 0 with Q‘f 0 (0) =0, has to have small fluctuations to be a good proxy for the
NP.

Definition 1.5.1 A sequence (§?d))de“,2,_“} of strictly positive benchmarked port-
folios is called a sequence of benchmarked approximate numéraire portfolios if for
each € > 0 and r > 0 one has
: d~s
dlingo P<E<Q(d)>z > 8) =0.

The intuition here is that if one can construct a sequence of benchmarked port-
folios, where the quadratic variation of the return process vanishes asymptotically,
then the limit can only be represented by the constant one, that is, the benchmarked
NP.

It seems reasonable to say that the returns of a benchmarked primary security
account express its specific or idiosyncratic traded uncertainty against the market
as a whole. Due to the natural structure of the market with different types of eco-
nomic activity in different sectors of the economy, it is reasonable to assume that
a particular specific uncertainty drives only the returns of a restricted number of
benchmarked primary security accounts. If this is the case, then one could say that
the securitization of the market is sufficiently developed and a diversification effect
can be expected. To capture this property of a market in a mathematically precise
manner, one can introduce the following notion:

Definition 1.5.2 A financial market is well-securitized if there exists a real number
g > 0 and a stochastic process o2 = {gtz, t > 0} with finite mean such that for all
d,kef{l,2,...},and r > 0, one has

d e

Js
ka
j=1

2
1 1,
y < ol (1.5.41)

We point out that for the following naive diversification theorem (NDT) to hold,
we require a weaker assumption than Eq. (1.5.41), namely we require

d d

. 1 ik \2

s

dli)n;oP(ﬁ E E (O’(d) (t)) >8> =0, (1.5.42)
j=1k=1

for all ¢ > 0 and 7 > 0. In fact, condition (1.5.42) is necessary and sufficient for

the sequences of EWIs with fractions given by Eq. (1.5.38) to be a sequence of
approximate numéraire portfolios.
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Theorem 1.5.3 (Naive Diversification Theorem) The sequence of EWIs, with frac-
tions given by Eq. (1.5.38), is a sequence of approximate numéraire portfolios if and
only if condition (1.5.42) holds. Furthermore, condition (1.5.41) is sufficient.

Proof To begin with, note that the return process of the dth benchmarked EWI has
at time ¢ the value

‘35)W”<f>—2 Zf oy () AW,

The quadratic variation of this return process is then of the form

< f§§”" T2 / (d) (S))

k=1 j=1

Hence we have
d
. d AS . ik 2
Jim p(gl@m), > e) ‘dlngop(z 2.2 (i) > )

for all ¢ > 0, ¢ > 0, which completes the first part of the proof. Regarding the second
part, note that from Jensen’s inequality, we obtain

1 4.4 R
222 w) =7 s
k=1 j=1

k=1

2

Z "(d) X0
From condition (1.5.41) and the Markov inequality, we get for all ¢ > 0 and ¢ > 0,
1< ? 1
lim P —Z >¢] < lim P —gtz>£

d— 00 d Pyt d— 00 d4

11
< jim L1 p(e2) o
d—oo di ¢

d
1 .
J.k
—E ol (1)
(d)
Vd =

This completes the proof. O

One should emphasize that the statement of the NDT is quite robust. Under con-
dition (1.5.42), it covers a wide range of models. To some extend, the NDT is model
independent since no particular assumptions about the underlying market model
have been made. By imposing different assumptions, eventually similar to those
in Platen (2005), one can prove separately the convergence of sequences of more
general diversified portfolios towards the NP.



Chapter 2
Functionals of Wiener Processes

In this chapter, we discuss scalar- and multidimensional processes, which are based
on the Wiener process, and consequently apply them in the context of the benchmark
approach.

2.1 One-Dimensional Functionals of Wiener Processes

We summarize well-known SDEs and transition densities for models and processes
closely related to the Wiener process or Brownian motion, including:

the Bachelier model;

the Black-Scholes model;

the Ornstein-Uhlenbeck-process;

the geometric Ornstein-Uhlenbeck-process.

Also we collect results from the literature on functionals of Wiener processes and
add new results and presentations. We remark that parts of this section are based
on Borodin and Salminen (2002), Jeanblanc et al. (2009), Chap. 3, and Platen and
Heath (2010), Chap. 4.

2.1.1 Wiener Process

The Wiener process is a continuous Markov process and has the following transition
density:

Y
_u}, (2.1.1)

1
pls,x;t,y)= meXp{ 2(r — 5)

for ¢t € [0,00), s € [0,¢] and x, y € R. For the purpose of illustration, we display
some transition densities in Fig. 2.1.1 as functions of time 7 and final value y, where
we set the initial time to s = 0 and the initial value to x = 0.

J. Baldeaux, E. Platen, Functionals of Multidimensional Diffusions with Applications 23
to Finance, Bocconi & Springer Series 5, DOI 10.1007/978-3-319-00747-2_2,
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Fig. 2.1.1 Probability
densities for the standard
Wiener process

The Wiener process enjoys the strong Markov property, which allows us to for-
mulate the following lemma:

Lemma 2.1.1 For a finite stopping time t, the process W = {W;, t > 0}, where
W, = Weyr — We, (2.1.2)
is a Wiener process with respect to its natural filtration.
We now introduce the following notation

T, =inf{t > 0: W, =a}

M; = sup W
0<s<t

m; = lnf WS'
0<s<t

The following proposition, commonly referred to as reflection principle, employs
Lemma 2.1.1 and the symmetry of the Wiener process, see Lemma 15.1.3.

Proposition 2.1.2 Let y > 0, x <y, then one has

P(Wi<x, M; 2 y)=P(W; =2y —x). (2.1.3)

For a proof, see e.g. Jeanblanc et al. (2009), Proposition 3.1.1.1. Next, we discuss
the joint distribution of (M;, W;), see Theorem 3.1.1.2 in Jeanblanc et al. (2009).

Proposition 2.1.3 For a Brownian motion W; and its running maximum M;, the
following formulas hold:

P(W, <x, M, sy>=N(i> —N(ﬂ
N

, >0, x <y,
i > Y Y
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y -y
PW,<x,M;,<y)=PM;<y)=N|—=—=)-N[—=, >0, x>y,
(W, < 1<y (M; <y) (\/;) («/?) y y

P(WtfstISY):O, )’50-

The distribution of (W;, M;) is given by
22y — 2y —x)?
P(W; €dx, My € dy) =1,501,2, 222 =2 exp{—M

2mt3 2t

The law of the maximum satisfies the following equality, see Proposition 3.1.3.1
in Jeanblanc et al. (2009),

P(M, 5y)=N(%> —N(%), y>0.

We remark that the law of the maximum of a process finds important applications
in derivative pricing, see Sect. 2.3.

}dxdy.

Proposition 2.1.4 For a Brownian motion W; and its running minimum my, the
following formulas hold:

—X 2y — x
PW;zx, m=y)=N{—%|-N|—F+—), »y=0, x>y

Vi NG

P(W;>x, m>y)=0, y=>0.
The law of the minimum satisfies, for y <0,

roe=3(2) ()

Finally, we turn to hitting times, which are also used in derivative pricing, for exam-
ple when studying rebates, see Sect. 2.3.

Proposition 2.1.5 Let T, be the first hitting time of y € R for a standard Brownian
motion. Then for A > 0,

E(exp{—%zTy}) =exp{—|y[A}.

We can also compute the density

P(Ty edt) =

2
exp{ al }1,20 dt.

2713 S

This section concludes with results on integrals of Brownian motion, taken from
Borodin and Salminen (2002). Such formulas are useful when studying Asian op-
tions and related contracts, such as Australian options, see Sect. 2.3:
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t
P( | Widsed
(e = o35 )
=
2

3 32y —zt)?
(/ Wsds €dy, W,edz) \/;exp{— —(yif)}dydz.
Tt t

2
2.1.2 Bachelier Model

The results in the previous section can be extended to the case
X, =vt+W,, t>0,

a Brownian motion with drift. This process corresponds to the Bachelier model,
which models the stock price S; via

St=So+ut+oW,, =0,
see Bachelier (1900). Again, we employ the notation

T, =inf{t > 0: X, =a}

M; = sup X;
0<s<t

m; = inf Xs.
0<s<t

We start our discussion with the transition density of the process X,

6550 9) 1 { (y—x—v(t—s))z}
§,X;t,y) = ——————e€xpy — ,
P RV s R 2 —s)

for ¢t € [0, 00), s € [0, ¢] and x, y € R. The following result corresponds to Proposi-

tion 2.1.3 and uses Proposition 3.2.1.1 and Corollary 3.2.1.2 from Jeanblanc et al.
(2009).

(2.1.4)

Proposition 2.1.6 For a Brownian motion with drift X; and its running maximum
M;, the following formulas hold:

X, X V . , X .
= t y \/; y \/; y y
The denSllv of(W;, M[) is given by

P(X[ de, Mt Edy)

22y —x) 1 2y — x)?
1x<y1()<y \/_ eXpyvx — El)zt — T dx dy
Furthermore, the law of the maximum satisfies
y—vt —y—vt
PM; <y)=N|—— ) —exp{2vy]}N , > 0.
(M, <y) (ﬁ) p{y}<ﬁ>y

Next, we present results corresponding to Proposition 2.1.4.
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Proposition 2.1.7 For a Brownian motion with drift X, and its running minimum
my, the following formulas hold:

—X 4+ vt

NG

Furthermore, the law of the minimum is given by

P(m; > y) = N(%) - exp{2vy}N<%), y <0.

We now turn to hitting times, see Eq. (3.2.3) in Jeanblanc et al. (2009).

P(X; >x, mIZy):N(

) _exp{z,,y}N(M),

NG

Proposition 2.1.8 Let T, be the first hitting time of the level y for a Brownian mo-
tion with drift. Then

|yl
V23

1
P(Ty edt) = exp{—z(y - w)z}l,zo dt.

Furthermore,
)“2
E<6XP{—?7}}> =exp{vy}exp{—|y[vv2 + 12 }.

Results on integrals of Brownian motion with drift can be found in Borodin and
Salminen (2002), see Egs. (1.8.4) and (1.8.8) in their Appendix 1,

t 2 7/9)2
P(/ Xsds edy) = V3 exp{—73(y vi7/2) }dy
0

2mt3 213
! V3 (z—vt)*  3Qy—z)?
P(/o Xsdsedy,X,edz>=mexp{— o - >3 }dydz.

We now derive the transition density of a Brownian motion with drift killed at z € 9.
To do so, we firstly recall Lemma 2.1 from Hulley and Platen (2008), which re-
quires us to introduce the following notation: let ¥ = {Y;, t > 0} be a regular one-
dimensional time-homogeneous diffusion process, whose state space is an interval
I € N, which is typically N, [0, co) or (0, co) and which starts at x € /. We shall de-
note the transition density of ¥ with respect to its speed measure by ¢(.,.,.), where
we omit the dependence on the initial time s = 0, so that

P(Y;eA)= /A q(t,x,y)m(y)dy,

forall # > 0 and x € I and for every Borel set A € B(/). Furthermore, for any z € I,
let
T} :=inf{t > 0: ¥, =2z}

be the first-passage time of Y to z. We shall denote its density with respect to the
Lebesgue measure by p,(.,.), so that

t
P(szft)zf po(x,s)ds.
0
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Furthermore, let ¢, (.,.,.) denote its transition density, with respect to the speed mea-
sure of Y killed at z, so that

P(Yt €A, sz > t) =/ q:(t,x,y)m(y)dy,
A

for all A € B(I). We are now in a position to state Lemma 2.1 from Hulley and
Platen (2008):

Lemma 2.1.9 Let x, y, z € I and suppose thatt > 0. Then

t
Q(tax’y)ZCjz(taX,y)+/0 Pz(x’s)‘I(t_SaZ»y)d& (215)

Intuitively speaking, the first term in (2.1.5) corresponds to those trajectories
which travel from x to y without visiting z, whereas the second includes those tra-
jectories which do visit z between 0 and . We now use Lemma 2.1.9 to derive the
density of a Brownian motion with drift started at x killed at z. We remark that this
density will be employed in the pricing of Barrier options under the Black-Scholes
model in Sect. 2.3. From Borodin and Salminen (2002), we obtain for a Brownian
motion with drift

X =Vt + W[
started at x and

T, =inf{t > 0: X; =a}

that
1 n2t (x—y)z}
tL,x,y)= expy — +x) - —— — 2.1.6
q(t,x,y) W p{u(y ) 5 > ( )
and
|z — x| (z—x—put)?
)= ——— _= - =7 2.1.7
pZ(x ) mﬁ/z exp{ 2t } ( )

and hence the following corollary:

Corollary 2.1.10 For a Brownian motion with drift X = {X,, t > 0} started at x,
we have
ql (t’ X, )’)

1 2t
22t exp{_ﬂ(x +y)— MT}

_a—y)? _ (xty—27)° (2.1.8)

x (exp{—=5) —exp{—"575)) yox >z
0 y<z<x
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and

‘}z(tvx’)’)

0 y>z>x

= sAa=exp{-nG+y) - wr (2.1.9)

x (exp{— U520} —exp{—UEZELY) xy <z

Proof Assume that x, y > z or x, y < z, then from Lemma 2.1.9, we need to com-
pute

t
/0 pz(x,8)q(t —s,2,y)ds

_/’ e—xl {_(Z—X—MS)Z} 1
=)o Vanpr P 2s 227 —9)
/ﬂ(t—s)_(z—y)z}d

x GXP{—M(y +x) —

2 2 —s)

Y
_ |Z — | (X ) — pL_t /[ eXp{ e X) (zz(t_y;) } d
T2 CPTHETY T, s3/2«/t—s

Noting that for y,x > z and x, y < z we have % > (0, we employ the following
change of variables )

Jifs—1 ] —¢,

z=y

to obtain

t
/0 p(x,8)qt —s,z,y)ds

Skl DO P )_uzt (=Y + @ —x)? )2} )
T g TRTHETY T 2 tVz—x
0 1/1 2\ @—=x)(z—Y)
o erms(gee) e
_ )2 N2 —
=|z2  pd 9y - @D +<z x))} z—y
s —X

Xexp{ (z—X)(z—y)}[/
(Z—X)(z—y)

exp{ L4 y) — w ((z—y)+(z—x)>2}
22wt 23 2t ’

where we used MATHEMATICA to arrive at the second last equation. Consequently,

7t ) vlﬂ { ( ) 2t}
,X, V) = €ex X
qz y Wor p y )
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(x —y)? 2z —x—y)?
x| expy == —expy — 5 ——

forx,y>zandx,y<z. O

Now, we focus on occupation times, firstly deriving the result for standard Brow-
nian motion and subsequently for Brownian motion with drift. Occupation times
measure the amount of time a stochastic process spends above or below a particu-
lar level. They have important applications in finance, as there are products whose
pay-offs depend on the amount of time the asset price spends above or below a
particular barrier. We are particularly interested in obtaining the distribution of oc-
cupation times explicitly. The approach to obtain such distributions we present here
is based on Jeanblanc et al. (2009) and is motivated by the following result, see The-
orem 2.5.1.1 in Jeanblanc et al. (2009): for convenience, we use E, to denote the
expectation with respect to the probability distribution of a Brownian motion started
at x.

Theorem 2.1.11 Let « € W and let k : % — R and g : R — N be continuous
functions and let g be bounded. Then the function

o0 t
f(x):Ex</ g(Wt)eXp{—at—/ k(Ws)ds}dt) (2.1.10)
0 0
is piecewise twice differentiable and satisfies the differential equation

1
(a+k)f=§f”+g. (2.1.11)

We firstly consider A,+ = fot 1(0,00) (Wy) ds, which measures the amount of time
the standard Brownian motion W = {W,, t € [0, c0)} spends above 0 during the time
interval [0, ¢]. Consider an exponentially distributed random variable 7, T ~ Exp(}),
which is independent of W. Clearly,

Ex(exp{—BAT}) = Af (x).

00 t
fx):= Ex(f exp{—at—ﬂ/ 1[0’00)(Ws)ds}dt>.
0 0

However, f(x) can be interpreted as a double Laplace transform of the density of
A7, with respect to occupation time and the upper limit of the time interval. In-
version of the double Laplace transform will provide us with the desired density.
Theorem 2.1.11 provides us with a useful expression for f, which can be inverted,
if necessary numerically. To illustrate the technique used to obtain the distribution
of occupation times, we present below the proof of the next result, see also Propo-
sition 2.5.2.1 in Jeanblanc et al. (2009).

where

Proposition 2.1.12 The law of A,Jr = fot 110,00) (W;) ds is given by
ds

P(A?' € ds) = 717 mlofs<t-
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Proof We set k(x) = B1,>0 and g(x) =1 in Theorem 2.1.11. Then we obtain

f(x)=E, (fwexp{—at -8B /[ 1[0,00)(Ws)ds}dt>,
0 0

which solves

1
af(x):if"(x)—ﬁf(x)—i—l, x>0

otf(x):%f”(x)—i—l, x>0.

In Jeanblanc et al. (2009), an explicit solution for f(x) is obtained. We are particu-
larly interested in the special case

fO)= /Ooexp{—at}Eo(e_ﬁAtJr)dz =
0

However, we recall

1

_— 2.1.12
Jala + B) ( )

< [T exp{—pu}
e duls dt = )
0 0 T u(t —u) vea(a+ )
so we can explicitly invert the double Laplace transform (2.1.12) to complete the

proof. g

We remark that the same technique can be used to compute the corresponding
result for the occupation time of a Brownian motion with drift. Let X, = vt + W,
and consider the occupation time of this Brownian motion above the level L > 0

t
A:F’L’v = / lXx>L ds,
0
and we define A,_’L 'V analogously. Using the same idea as before, together with the
relevant Feynman-Kac result, we get
P(A;"" € du)

- <\/gexp{—%zu} - 2v@(vﬁ)>

1 V2
X (u—i— mexp{—;([ —u)} —vO v/t —u)), (2.1.13)

where O (x) = \/% [ expf —%} dy. Finally,

u
P(AT"Y <) :/ o(s, L;v)P(AZY" <u —s)ds,
0

where ¢(s, L; v) is the density P(Tr € ds)/ds, where Tt denotes the first time the
Brownian motion with drift hits the level L, Ty, = inf{t: X, = L}, and

1
o(s,L;v)= exp{—g(y — US)2}1S>().

L
2 s3

Finally, the law of Af’L’” follows from A,J“L’v + Af’L’v =t.
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Fig. 2.1.2 Transition density
for geometric Brownian
motion
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2.1.3 Geometric Brownian Motion

Geometric Brownian motion is a process of significant importance in finance, as
the Black-Scholes model (BSM), Black and Scholes (1973), is based on it, see also
Sect. 2.3. We can describe geometric Brownian motion via the SDE

1
dX, =X, g+§b2 di +bdWw, ), (2.1.14)

subject to Xo > 0. Equation (2.1.14) can be explicitly solved to yield
X, = Xoexp(gt +bWy).
Its transition density function satisfies

x50 )= 1 o[ 0O —In() — gt —5))?
P Y = G —syby P 22 —5) ’

fort € [0,00), s €[0,¢] and x, y € (0, 00). Figure 2.1.2 shows the transition density
for a geometric Brownian motion with growth rate g = 0.05, volatility b = 0.2 and
initial value x = 1 at time s = O for the period from 0.1 to 3 years.

The corresponding laws of first hitting times, maximum, and minimum follow
easily from the corresponding results for a Brownian motion with drift. Regarding
the integrals, we have the following result, see Yor (2001) and Pintoux and Privault
(2011):

(2.1.15)

t
P</ exp{on - pozs/2}ds edu, W, edy
0

1
_Z exp{—poy/2 — p?c?t/8} exp _2+ex7p{ay}
2 o2u

dexpl{oy/2} o’t\du
o2u 4 ) u
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Fig. 2.1.3 Transition density
of standard OU process
starting at (s, x) = (0, 0)

wherep:—i—§,M>0,y65Rand
O(v,t)
2
vexp{g—t}/oo { g2 . . (7§
= — expy ——=— —vcosh(§) ¢ sinh(§)sin[ — ) d&, v >0.
V23t Jo 2t t

2.1.4 Ornstein-Uhlenbeck Process

The Ornstein-Uhlenbeck process is also a process of importance in finance and
forms the basis of the Vasicek model, see Vasicek (1977). We consider the standard
Ornstein-Uhlenbeck process,

dX; = —X,dt +~2dW,,
where Xo = x € 0. Its transition density is Gaussian,
1 { (y —xe=9))2

) ;t’ = AT 9 (f— N
p(s, % 1,y) 2 (1 — e=20—9)) xp 2(1 — e—20=9))

fort € [0, 00), s € [0, ¢] and x, y € N, with mean x e~ and variance 1 —e

To illustrate the stochastic dynamics of this process we show in Fig. 2.1.3 the
transition density of a standard OU process for the period from 0.1 to 3 years with
initial value x = 0 at time s = 0. As can be seen from Fig. 2.1.3 the transition
densities for the standard OU process seem to stabilize after a period of about one
year. In fact, as can be seen from (2.1.16) these transition densities asymptotically
approach, as t — 0o, a standard Gaussian density. This is in contrast, for example,
to transition densities for the Wiener process, which do not converge to a stationary
density, see (2.1.1) and Fig. 2.1.1. For illustration, we plot in Fig. 2.1.4 the transition

}, (2.1.16)

~2(1—s)
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Fig. 2.1.4 Transition density
of standard OU process
starting at (s, x) = (0, 2)

Fig. 2.1.5 Path of a standard
Ornstein-Uhlenbeck process
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density for a standard OU process that starts at the initial value x =2 at time r = 0.

Note how the transition density evolves towards a median that is close to O.

In Fig. 2.1.5 a path of a standard OU process is shown. It can be observed that this
trajectory fluctuates around some reference level. Indeed, as already indicated, the
standard OU process has a stationary density. This can be seen from (2.1.16) when
t — oo. Note also that the Gaussian property of the standard OU process means that
the process itself and even a scaled and shifted OU process may become negative.

‘We now recall Proposition 3.4.1.1 from Jeanblanc et al. (2009), which characterizes
the first hitting time of the level 0,

Tp = inf{r > 0: X, = 0}.

Proposition 2.1.13 The density function of Ty is given by

X
f6)= —exp{

2w

x2 1 x2 1 3
T } exp{ 3 (t -5 coth(t)> } (—sinh(t)> .
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Fig. 2.1.6 Transition density
of a geometric
Ornstein-Uhlenbeck process

Furthermore, integrals of the Ornstein-Uhlenbeck process are of importance in
finance, as they impact bond prices for example. Defining

n(t,T)= (1 - exp{—(T — t)}),

we have that

T T
f Xsdsz(n(O,T)Xo,Z/ nz(u,T)du>.
0 0

2.1.5 Geometric Ornstein-Uhlenbeck Process

Exponentiating an Ornstein-Uhlenbeck process, as discussed in the previous sub-
section, we obtain a geometric Ornstein-Uhlenbeck process. Its transition density is
lognormal satisfying

_ —(t—s))\2
p(s,x;t,y)= ! ex {_ (In(y) —In(x)e )

. (2117
Y2 (1 — e=20=9)) 2(1 — e72(=9)) } ( )

for ¢t € [0, 00), s €[0,¢] and x, y € (0, 00). In Fig. 2.1.6 we display the correspond-
ing probability densities for the time period from 0.1 to 3 years with initial value
x =1 at the initial time s = 0. In this case the transition density converges over time
to a limiting lognormal density as stationary density, as can be seen from (2.1.17).
Figure 2.1.7 shows a trajectory for the geometric OU process. We note that it stays
positive and shows large fluctuations for large values. Since it is the exponential of
an Ornstein-Uhlenbeck process, one can use the result on the hitting time from the
previous subsection.
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Fig. 2.1.7 Pathof a 10 T : . .
geometric 9 x(t) — |
Ornstein-Uhlenbeck process
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2.2 Functionals of Multidimensional Wiener Processes

In this section, we discuss functionals of multidimensional Wiener processes or
Brownian motions, in particular their SDEs and transition densities. When mod-
eling complex systems, such as a financial market, it is often necessary to employ a
multidimensional stochastic process to model the uncertainty. It is crucial to under-
stand the dependence structure between the individual stochastic processes, hence
we briefly discuss copulas before discussing stochastic processes.

2.2.1 Copulas

Each multivariate distribution function has its, so called copula, which characterizes
the dependence structure between the components. Roughly speaking, the copula
is the joint density of the components when they are each transformed into uni-
formly U (0, 1) distributed random variables. Essentially, every multivariate distri-
bution has a corresponding copula. Conversely, each copula can be used together
with some given marginal distributions to obtain a corresponding multivariate dis-
tribution function. This is a consequence of Sklar’s theorem, see for instance McNeil
et al. (2005).

If, for instance, Y ~ N;(p, £2) is a Gaussian random vector, then the copula of
Y is the same as the copula of X ~ N;(0, £2), where 0 is the zero vector and £2 is
the correlation matrix of Y. By the definition of the d-dimensional Gaussian copula
we obtain

C54=P(N(X1) <ui,...,N(Xa) <uq)
=No(N~ '), ..., N ua)), (2.2.18)
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Fig. 2.2.8 Gaussian copula
with parameter 0 = 0.5

1.0
08|

06|

Fig. 2.2.9 Clayton copula 1.0 |
with parameter 6 = 0.5 [
08|
0.6}
04
02}

where N denotes the standard univariate normal distribution function and N, de-
notes the joint distribution function of X. Hence, in two dimensions we obtain

a N7 pNT'wo) 1
Co(uy,uz) = S
@ (i, uz) f_oo /_OO 21— )2

—(sl2 — 208152 + s%)
2(1-0%
where ¢ € [—1, 1] is the correlation parameter in £2. In Fig. 2.2.8, we simulate from

a Gaussian copula with parameter o = 0.5.

Another example of a copula is the Clayton copula. This copula can be expressed
in the d-dimensional case as

X exp{ }dsl dsy, (2.2.19)

Sl =+ 4u? —d+1)""", 6>0, (2.2.20)
where the limiting case 8 = 0 is the d-dimensional independence copula. For pur-
poses of comparison, in Fig. 2.2.9, we simulate from a Clayton copula with 6 = 0.5.
It is evident from Figs. 2.2.8 and 2.2.9, that the Gaussian copula does not allow for
tail dependence, whereas the Clayton copula does.

Moreover, d-dimensional Archimedian copulas can be expressed in terms of
Laplace-Stieltjes transforms of distribution functions on ®™. If F is a distribution
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Fig. 2.2.10 Student ¢ copula
with four degrees of freedom
and p =0.8

function on M7 satisfying F(0) = 0, then the Laplace-Stieltjes transform can be
expressed by

F() =/ooe_’xdF(x), t>0. (2.2.21)
0

Using the Laplace-Stieltjes transform the d-dimensional Archimedian copula has
the form

d
CA’(ul,...,ud):E(exp{—VZﬁ_l(u[)}) (2.2.22)

i=1

for strictly positive random variables V with Laplace-Stieltjes transform F. We
show in Fig. 2.2.10 the Student ¢ copula for four degrees of freedom, which has been
shown in Ignatieva et al. (2011) to reflect extremely well the dependence of log-
returns of well-diversified indices in different currencies. Compared to Fig. 2.2.8,
we notice a marked difference in the tails of the distribution, the Student ¢ copula
allows for higher dependence in the extreme values.

A simulation method follows directly from this representation, see Marshall and
Olkin (1988). More examples of multidimensional copulas can be found in McNeil
et al. (2005).

Note that each of the following transition densities relate to their own copulas.
We will list the transition densities for:

e Multidimensional Wiener processes;

e Multidimensional geometric Brownian motions;
e Multidimensional OU-processes;

e Multidimensional geometric OU-processes.

It is well-known that more analytical results are available for one-dimensional than
for multidimensional processes. Hence it is important to have access to the transition
densities, so that important functionals can be computed numerically, using e.g. the
techniques to be presented in Chap. 12.
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Fig. 2.2.11 Bivariate
transition density of the
two-dimensional Wiener
process for fixed time step
A=0.1,x; =x» =0.1 and
0=0.8

2.2.2 Multidimensional Wiener Process

As a first example of a continuous multidimensional stochastic process, whose tran-
sition density can be expressed explicitly, we focus on the d-dimensional Wiener
process. This fundamental stochastic process has a multivariate Gaussian transition
density of the form

Tyl
pls,x;t,y) = ! p{(y x) X7 (y—x)

Qu(t —s)4/2/det X o 2(t =)

fort €[0,00),s €[0,¢t]and x, y € R4 . Here ¥ is a normalized covariance matrix.
Its copula is the Gaussian copula (2.2.18), which is simply derived from the cor-
responding multivariate Gaussian distribution function. In the bivariate case with
correlated Wiener processes this transition probability density simplifies to

}, (2.2.23)

p(s,x1,x2; ¢, {1 ,¥2)

- 27 (t —s5)y/1 — 02
1 —x1)% =21 —x1) (2 — x2)0 + (y2 — x2)? }
2(r —s)(1 — %) ’

X exp{ —
(2.2.24)

for ¢ € [0,00), s € [0, ] and x1, x2, y1, y2 € R. Here the correlation parameter o
varies in the interval [—1, 1]. In the case of correlated Wiener processes one can
first simulate independent Wiener processes and then form from these, by linear
transforms, correlated ones.

In Fig. 2.2.11 we illustrate the bivariate transition density of the two-dimensional
Wiener process for the time increment A =¢ — s = 0.1, initial values x| = x, = 0.1
and correlation ¢ = 0.8. One can also generate dependent Wiener processes that
have a joint distribution with a given copula.
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2.2.3 Transition Density of a Multidimensional Geometric
Brownian Motion

The multidimensional geometric Brownian motion is a componentwise exponen-
tial of linearly transformed Wiener processes. Given a vector of correlated Wiener
processes W with the transition density (2.2.23) we consider the following transfor-
mation

S: = Soexp{at + BW,}, (2.2.25)

for ¢ € [0, 00), where the exponential is taken componentwise. Here a is a vector of
length d, while the elements of the matrix B are as follows

0  otherwise, o

where i, j € {1, 2, ..., d}. Then the transition density of the above defined geometric
Brownian motion has the following form

p(s,x;1,y)
B 1
@t —9) VAt T[T, by
{ (n(y) —In(x) —a(t —s))'B~' ¥~ 'B~!
X eXpq— 2
y (In(y) —In(x) —a(t —s)) }

t—s

(2.2.27)

for t € [0,00), s €[0,¢f] and x, y € 2)%1. Here the logarithm is understood compo-
nentwise. In the bivariate case this transition density takes the particular form

p(s,x1,Xx25 ¢, y1, y2)

1
2t — )1 — 0%b'b%y vy
_(nQp) —In(xp) —a' @t =) }

T exp 200)2( — 5)(1 — )
v oxp] _ 02) —In(x2) —a?(t = ))? }
P 2002( —5)(1— 02)

X exp

(In(y1) — In(x1) — a'(t — 5))(n(y2) — In(x2) — a*(t — 5))o }
blb2(t — 5)(1 — 0?) ’

for t € [0, 00), s € [0, t] and x1, x2, y1, y2 € R+, where oe[—1,1].

In Fig. 2.2.12 we illustrate the bivariate transition density of the two-dimensional
geometric Brownian motion for the time increment A =t — s = 0.1, initial values
x1 = xp = 0.1, correlation ¢ = 0.8, volatilities ' = b? = 2 and growth parameters
a' =a’>=0.1.
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Fig. 2.2.12 Bivariate
transition density of the
two-dimensional geometric
Brownian motion for
A=0.1,x1=x,=0.1,
0=0.8,b' =b>=2and
ay=ap =0.1

2.2.4 Transition Density of a Multidimensional OU-Process

Another example is the standard d-dimensional Ornstein-Uhlenbeck (OU)-process.
This process has a Gaussian transition density of the form

1
Q7 (1 — e=20=)))d/2/det 3
(y _ xe—(t—s))Tz—l(y _ xe—(l—s))
2(1 — ~20-9)

p(s,x;t,y) =

X exp{— } (2.2.28)

fort €[0,00),s €[0,t]and x, y € R4 with mean xe~“~*) and covariance matrix
Y1 —e 2%y de(l,2,...}, see e.g. Platen and Bruti-Liberati (2010). In the
bivariate case the transition density of the standard OU-process is expressed by

1

27 (1 — e 20=9)),/1 — 02

p(s, x1, X258, y1,¥2) =

o] G X124 (3 — xpe” ()2
’ 21— 2001 = o)
— —(t—s) _ —(1—s)
X exp (y1 —x1e )(y2 — x2e )e . (2.2.29)
(1—e20=0)(1 = g?)

for ¢t € [0, 00), s € [0, t] and x1, x2, y1, y2 € R, where o € [—1, 1].

2.2.5 Transition Density of a Multidimensional Geometric
OU-Process

The transition density of a d-dimensional geometric OU-process can be obtained
from the transition density of the multidimensional OU-process by applying the
exponential transformation. Therefore, it can be expressed as
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Fig. 2.2.13 Bivariate
transition density of the
two-dimensional geometric
OU-process for A =0.1,
x1=x2=0.1and p=0.8

1

p(s,x;t,y)=
Qr(l — e=20=9))d2/det T[], yi

(ln(y) — ll’l(x)g—(t—s))T 271(111(_)’) _ ln(x)e—(t—s))
- 2(1 — e—20-9)) :

X exp{
(2.2.30)

for t € [0,00), s € [0,¢] and x, y € S}iﬂlr, d €{1,2,...}. In the bivariate case the
transition density of the multidimensional geometric OU-process is of the form

p(s, X1, x2; ¢, Y1, ¥2)
1

T 2r(1— 2= /T — o2y
(In(y1) — In(x1)e™ )2 + (In(y2) — In(x)e~1=)?
x exp{ —
2(1 — e~ 2=9))(1 — 02)
(In(y1) —In(x1)e= =) (In(y2) — In(xp)e= =)o
X exp
(1 —e=2t=5))(1 — 02)
for r € [0, 00), s € [0, ¢] and x1, x2, y1, Y2 € Ry, where o € [—1, 1].
In Fig. 2.2.13 we illustrate the bivariate transition density of the two-dimensional
geometric OU-process for the time increment A =¢ — s = 0.1, initial values x| =

x3 = 0.1 and correlation o = 0.8. It is now obvious how to obtain the transition
density of the componentwise exponential of other Gaussian vector processes.

}, (2.2.31)

2.3 Real World Pricing Under the Black-Scholes Model

In this section, we continue to discuss a continuous financial market as introduced
in Chap. 1. We illustrate real world pricing under the benchmark approach using
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the Black-Scholes model (BSM), see Black and Scholes (1973) and Sect. 1.1. The
resulting explicit formulas are of importance not only for the BSM but also for
more general models when used in variance reduction techniques, see Platen and
Bruti-Liberati (2010). In addition, we illustrate that real world pricing does, in fact,
recover the well-known risk neutral pricing as special case and is hence consistent
with the classical approach. Finally, we remark that we could, of course, in the
case of the BSM perform the relevant change of measure to directly obtain the risk
neutral prices. However, this section aims to illustrate real world pricing, and hence
we proceed by computing the expected value in (1.3.19) directly in the case of the
BSM.
To alleviate notation we define the benchmarked volatility (rt by setting

o2k =gk (2.3.32)
for j=0and k €{1,2,...,d}, and
ol * =gk —pi* (2.3.33)

for k € {1,2,...,d} and j € {1,2,...,d}, t > 0. Consequently, it follows from
(1.2.12) that the SDE governing the dynamics of the GOP becomes

d

dsd = % (rt dr+Y o (0" dr + dwf)) , (2.3.34)
k=1

which can be solved explicitly to yield

' 14 d .
P = s exp{ / (rs +5 Z(agk)z ds+ / ok dwk (2.3.35)
0 k=1 k=1 0

J
for all + > 0. Furthermore, the jth benchmarked primary security account S; §/ = SSB*

can be shown to satisfy
. . d .
s/ =-8/ 3 o/* awf, (2.3.36)
for all j €{0,1,...,d} and 1 >0, with §] = SJ, which follows from (1.3.16) by

setting 715 ,=1fori=jand n5 ,=0 0therw1se Consequently, we obtain the fol-
lowing expl1c1t expression for the jth benchmarked primary security account

ro
§/ =38 exp{——/o (0% ds — Z/O og”‘dwf} (23.37)
k=1

for j €{0,1,...,d}and t > 0.
We now illustrate that under the benchmark approach, the benchmarked primary

k=1

security accounts 3}’ ,J€{0,1,...,d} are the pivotal objects of study: in particular,
specifying the savings account SO and the benchmarked primary security accounts

suffices to determine the entire investment universe. The ratio St = AO ,forallz >0,
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see (1.3.15), expresses the GOP and NP in terms of the savings account and the
benchmarked savings account. The product Sj = Sj S recovers each primary se-
curity account from the corresponding benchmarked primary security account and
the GOP for each j € {1,2,...,d} and t > 0. '

Next, we introduce the processes |o/| = {|o]/|,¢ > 0} for j € {0, 1,...,d}, by
setting

(2.3.38)

These processes enable us to introduce the aggregate continuous noise processes
Wi ={W/, tel0,00)} for j €{0,1, ...,d}, defined by

Z / (2.3.39)
0 |of|

An application of Lévy’s Theorem for the characterization of the Wiener process,
see Chap. 15, Theorem 15.3.3, allows us to conclude that W/ is a Wiener process for
each j €{0, 1, ..., d}. We point out that the Wiener processes WO, Wl, e W can
be correlated. Furthermore, we enforce Assumption 1.1.1, so that the volatility ma-

trix b; = [b,f ’k]‘; v~ becomes invertible for all # > 0. Note that so far in this section
the short rate and volatility processes are not specified and remain still general.

2.3.1 The Black-Scholes Model

The stylized Black-Scholes model (BSM) arises if we assume that all parameter pro-
cesses, thglt is, the short rate and the volatilities, are constant, i.e. if we set r; = r and
a,f’k = o/k for each j €{0,1,...,d}, k € {1,2,...,d} and t > 0. Consequently,

(2.3.34) and (2.3.36) become in this case
Sor = 8P exp{rt+ %|00|2+ |o°] W,O} (2.3.40)
and
51 = sjexp| 1oV - fo 7} @341

for each j € {0,1,...,d} and all r > 0. From (2.3.41) it is clear that the bench-

marked primary security accounts s/, j €{0,1,...,d}, are continuous martingales,
as they are driftless geometric Brownian motions. As this holds, in particular, for the

<0
benchmarked savings account, the Radon-Nikodym derivative process Ag(t) = %

0
in (1.3.20) is an (A, P)-martingale. We conclude that the standard risk neutral pric-

ing approach could, therefore, be used for derivative pricing under the BSM making
use of the risk neutral pricing formula (1.3.21). Finally, we emphasize that we do
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not advocate the BSM as a reasonably realistic description of observed market dy-
namics. However, given its familiarity, it is useful for illustrating real world pricing
under the benchmark approach for classical models, which produces the same an-
swers as risk neutral pricing. Furthermore, the fact that explicit formulas can be
obtained for many derivatives is extremely useful in practice. We will derive below
explicit formulas and descriptions of a range of derivative prices under the BSM by
using real world pricing.

2.3.2 Zero Coupon Bonds

We firstly demonstrate how to price a standard default-free zero coupon bond that
pays one unit of the domestic currency at its maturity date 7 € [0, 0o). It follows
from the real world pricing formula (1.3.19) that the value of the zero coupon bond
at time ¢ is given by

T
Pr(t) = S,‘S*E(Ls* .A,) = %E(exp{—/ Ts ds}gg A,> (2.3.42)
Sy S t

N 0
for all ¢ € [0, T']. Since Sto = ;Tt* is an (A, P)-martingale and r; = r is constant we
13

obtain

PT(o::exp{—y(T——t)}ggE(Sg|,4J:=exp{—y(T-—t)} (2.3.43)
t

for all ¢ € [0, T]. As expected, this is the usual bond pricing formula that is deter-
mined by the deterministic short rate », which one can also obtain via risk neutral
pricing, see (1.3.20) and Harrison and Kreps (1979). As long as the benchmarked
savings account, and with this the Radon-Nikodym derivative of the risk neutral
measure, is a martingale one obtains this classical zero coupon bond price.

2.3.3 Forward Contracts

We now aim to price a forward contract with the delivery of one unit of the jth
primary security account at the maturity date 7', which is written or initiated at time
t [0, T]for j €{0,1,...,d}. The value of the forward contract written at initiation
time ¢ is zero by definition. The real world pricing formula (1.3.19) yields then the
following relation, which determines the forward price F. T’ (t) at time ¢ € [0, T'] via
the relation

Fl(t)— S
S[S*E< T( )3 T
Sy

A):o (2.3.44)
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n J
By (2.3.42) and 8] = <F, we obtain
T

SUESIIA) S] 1

Fln) = - —
T Sf*E(S%* | A)  Pr)§/
T

E(S) | A) (2.3.45)

for a given ¢ € [0, T']. Again, as the benchmarked primary security accounts are
(A, P)-martingales under classical models as the BSM, it follows using (2.3.43)
that

Fl(t) = S] exp{r(T — 1)} (2.3.46)

for all t € [0, T']. This is then also the standard risk neutral formula for the forward
price, see for instance Musiela and Rutkowski (2005).

2.3.4 Asset-or-Nothing Binaries

Binary options can be considered to be building blocks for several more complex
derivatives. This is useful to know when it comes to the valuation and hedging of
various exotic options, see e.g. Ingersoll (2000), Buchen (2004), and Baldeaux and
Rutkowski (2010).

The derivative contract we consider in this subsection is an asset-or-nothing bi-
nary on a market index, which we interpret here as the GOP. At its maturity date T,
this derivative pays its holder one unit of the market index if its value is greater than
the strike K, and nothing otherwise. Using the real world pricing formula (1.3.19)
and (2.3.40), we obtain under the BSM

A)
= S»P(S) =K | A)
= Sf*P(Sf* exp{(r + %|00|2>(T — 1)+ |0 (W2 — W,O)} > K ’ A,)

= S*N(dy) (2.3.47)

O
Sx ST

AT,K(I) = Sl E<1{S§r*>[(}_8*
= ST

forall ¢t € [0, T], where

5o+
In(=2) + (r + |0 (T — 1)
1 fr—
|oO\/T —t

and N (-) denotes the Gaussian distribution function.

(2.3.48)
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2.3.5 Bond-or-Nothing Binaries

In this subsection, we consider pricing a bond-or-nothing binary, which pays the
strike K € W™ at maturity 7 in the event that the market index at time T is not less
than K. As before, the market index is interpreted as the GOP.

K
A)

BT,K(I)—S‘S*E<1{S§*>K}E
SO SO
< stk K o SO
0
<0

0 E(1

)

K Aj0/(T) | Ar). (2.3.49)

5. S
=S 50 (s¥=K)

Under the BSM, making use of Girsanov’s theorem and the Bayes rule facili-
tates pricing, in particular, we recall that the benchmarked savings account is an
(A, P)-martingale and one has the Radon-Nikodym derivative process 4,0, =
{A50/(2), t €[0, T]}, where

A 2 _ 2 oW 2.3.50
|Go|(l)—— exp ——|o| — oW L. (2.3.50)
0
This process is used to define a measure Pj,o via
dP|f70|
7P = Aj0/(T), (2.3.51)
by setting

for A € Ar. We use E o, to denote the expectation with respect to Pj,0,. By Gir-

0
sanov’s theorem, W"’O‘ = {WlU ! t €[0, T'1}, where

wie'l = WO ¢ |00t (2.3.53)

is a standard Brownian motion on the filtered probability space (£2, A, A, P|Ho|).
This yields for (2.3.49) the relations

S

Br k(1) = Sf*S—SKP\ow(S?* > K | AI)E(AIJO\(T) | At)
T
59 50
=57 DK Po/(Sy = K | A) =

ST So

=K exp{—r(T — t)}

ln( )+ (r = 3|00 — 1)
X P\G’0| <W|O l ‘ At)

T l‘— |O,()|

= Kexp{—r(T — t)}N(dz)
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for t € [0, T], where

S
o)+ (= e (T —1)
: 1601JT —1

and N (-) is again the Gaussian distribution function.

(2.3.54)

2.3.6 European Options

We now focus on pricing a European call option with maturity 7 € [0, oo) and strike
K € M on a market index, which is again interpreted as the GOP. Invoking the real
world pricing formula (1.3.19), and recalling the previously obtained binaries, we
obtain the price of the European call option

8s A )

T

S
[
S T
=S*E(1, ., L —
t ({S‘}zK} s ’Af)

=Ar k() — Br,x(t) (2.3.55)
for all ¢ € [0, T]. Combining (2.3.47) and (2.3.54) gives

(S —K)*

crxk (@) =S*Nd) — K exp{—r(T — 1)} N(d>) (2.3.56)

for all ¢ € [0, T'], where d; and d; are given by (2.3.48) and (2.3.54), respectively.

The above explicit formula corresponds to the original pricing formula for a Eu-
ropean call on a stock under the BSM, as given in Black and Scholes (1973). Simi-
larly, the price of a European put option is given by

pr.x (1) = K exp|—r(T — )} N(=dz) — $}*N(~d)),
forallt € [0, T].

2.3.7 Rebates

In this subsection, we consider the valuation of a rebate written on a market index,
which is again interpreted as the GOP. This claim pays one unit of the domestic
currency as soon as the index hits a certain level, assuming this occurs before a con-
tracted expiry date 7 > 0. Following Hulley and Platen (2008), the trigger level for
the rebate is a deterministic barrier Z; := zexp{rt}, for some z > 0. We mention the
fact that the deterministic barrier grows at the risk-free rate, which is economically
attractive, as it makes the price of the rebate dependent on the performance of the
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index relative to that of the savings account. We make use of the following stopping
times
oppi=influ > 0: 8%, = Zrgu) (2.3.57)
and
7, :=inf{r > 0: ¥; =z}, (2.3.58)

where Y = {Y;, t > 0} satisfies
1 A
Ytzxexp{§|00|2t+|UO|Wto} (2.3.59)

and x = exp{—rt}Sf *. Furthermore, we introduce the auxiliary process X =
{X;, t =0}, where

X, =vt+ W, (2.3.60)
and v = %|00|. This means X is a Brownian motion with drift. Additionally, we
define

T, :=inf{t > 0: X; =a}. (2.3.61)
It is easily seen that we have the following equality in distribution

Py (2.3.62)

under P, where 7 := 1n(§)‘aL0.

First, we consider the valuation of a perpetual rebate, for which T = oo. It fol-
lows by applying real world pricing that
A)
O

S
= - E(exp(—roz.) | A)
t

) 1
Roo (1) =S E\ —5—

t+oz;

Sy
= E(exp{—rt} | A).
t

Making use of the known moment generating function of 73, see Proposition 2.1.8,

we get
2r + @ 2
1n<5> 7”(2)} (2.3.63)
by
=

o]
§ 2 5
Roo - (1) = ( ~ ) exp{—‘ln(Z,) — ln(S, )‘

t

2\ 12
E(exp{—rTg} } A,) = (;) exp{—

and hence

(2.3.64)

V2r+ %02
o] }

Now we turn our attention to the rebate with finite maturity 7 < oco. Using the real
world pricing formula (1.3.19) we obtain
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1 2.t
t+0z;
e
= Zt E(1,, ,<r—exp{—roz} | Ar)
t
S
= (1T<T r exp{— "T}|~At)
- Z
= 5’8* /T_t exp{—ru} H ex _(Z — )’ du
b T e T T ’
where the last equality employs the distribution of 73. Using the change of variables
1:=u"Y2, we obtain

/T—’ exp{—ru — Gov)” ””) }
0

w32

00 =\2 2
:2/ exp{—ﬂlz—<r+v—>l_2}d1
(T—t)’l/z 2 2

_ ,OP(=2Vbe}/ (erfe(av/b — Y2y t exp{av/belerfelav/b + ¥))
_ s |

(2.3.65)

wherea := (T —1t)~1/2, p:= % and ¢ := (r + "2—2) and c is assumed to be positive.
Furthermore, erfc denotes the complement of the error function erf, i.e. erfc(z) =
1 — erf(z), where erf(z) = %foz exp{—tZ} dt. Finally, we remark that (2.3.65) can
also be easily confirmed using Mathematica.

2.3.8 Barrier Options

In this subsection we consider a barrier option on a market index, the GOP or NP.
As in the previous subsection, the payoff of this contingent claim is determined by
whether or not the index hits a certain level prior to its maturity 7 > 0. In particular,
we consider a European call with strike price K > 0, that is knocked out if the index
breaches the same deterministic barrier Z as in the previous subsection, sometime
before expiry.

Using the real world pricing formula and the notation introduced in the previous
subsection, we obtain the following price for this claim

4)

)

(S;* _ K)+

8x
ST

K +
= S[S*E<10‘Z,T>T—t (1 - _8>
Sr

TKZU)—S“*E(LM ST
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o +
— S;S*E<112>T—z<1 _ M) Az)

Yr—
5 k *

where, as in the previous subsection, v := %|00|, X = Sf* exp{—rt}, k:= K x
exp{—rT}, 7 := ln(f—()ﬁ, o :=|0% and X = {X;, t >0}, where X, is given by
(2.3.60) and T, denotes the first time the process X hits the level a. As X is a Brow-
nian motion with drift and 7, denotes the associated first hitting time of the level a,
we can apply Corollary 2.1.10 to obtain the price of the above Barrier option. We
remark that an alternative derivation of this formula, based on Girsanov’s theorem
and the Bayes’ rule, is presented in Musiela and Rutkowski (2005).

Following Hulley and Platen (2008), we find it convenient to distinguish the fol-
lowing two cases: firstly S,‘S* < Z; < x <z, in which case we deal with an up-and-
out call and S,‘s* > 7, & x > z, in which case we deal with a down-and-out call.
Regarding the up-and-out call, we remark that the Brownian motion with drift X
started at O killed at Z lives on the domain (—o00, 7). Finally, setting a := ln(f) ﬁ,

we obtain from (1.3.19) the following pricing formula for an up-and-out call option:

z k
cuo z=s‘3*/ 1—— " )g:«(T —1t,0, d
T,K,z( ) t ; ( xeXp{ay})qZ( ym(y)dy

=5 [ (1= smm) 7= - 5
=20 U T Yexplon) ) Vamm = P 2

2 =\2
y (r—22)

using the fact that the speed measure of a Brownian motion with drift is given by
m(y) = 2exp{2vy}, see Borodin and Salminen (2002). Consequently, to compute
the price of a barrier option, we need to compute four integrals: firstly, we calculate

1 —S‘S* /Z ! { V2(7 —1) y2 }
= — X vy — — d
: ! a V27(T —1t) P 2 2T —1) Y

— S,‘s* (N(w) _ N(W)) (2.3.68)
T —1t T —1t

The second integral is given by

; __Ss*/Z; § {v _v2<T—r>_<y—2z>2}d
2= | T =n o 2 2T —1)

_ - —Z-v(T-n\ (a-22-v(T -1
=-5 exp{2zv}<N(7T_t ) N( — >>

—_7 <N<w> - N(“ — 22— v@ - ”)), (2.3.69)
T —t T —1t
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which is obtained by completing the square. Next the third integral can be computed
as follows:

- 2 _ 2
I3 = ss*k/z b =o) _2(%—»}[1
T, V2T —1) Y

2T — F—(v— -
=—Sf*§exp{7g (2 t)—vo(T—t)}<N<Z =) t)>

T —1t
N(Cl (l' O)(2 t)))
1 —t

= —Kexp{—r(T —1)) (N(Z —w _Toi(,T - ”) (2.3.70)
—N<“_(V_U)(T_t)>>, 2.3.71)
T—1

where we also completed the square. Finally, the fourth integral is given by
k [F 1 VYT —1)  (y—2%)?

I=S5*—/ 4€X< V—0)— — >d
=50 s o) 2 2T —1)

oX(T —1)
=)

X(N<—Z—(U—UXT—0>__N(a—22—(v—6XT—0>>
T —1t T —1t

_S(s*E(N(—Z—(v—U)(T—t))_N(a—ZZ—(v—a)(T—t)>)
=0 T — .

(2.3.72)

k
= S,‘S*—exp(ZZ(v —0o)—vo(T —1t)+
X

Obviously, the price of the up-and-out call is given by the sum of the four terms in
(2.3.68), (2.3.69), (2.3.71), and (2.3.72). In summary, this yields the explicit formula

Ciox(6.57)=h+h+ I+ Ia. (2.3.73)

‘We now turn our attention to the down-and-out call, i.e. the case S; > Z; & x > z.
As for the up-and-out call, we remark that the Brownian motion with drift started at
0 killed at Z lives on the domain (Z, co). Recalling that a = 1n(§) Ic_lol’ we obtain the

following pricing formula for a down-and-out call option from (1.3.19),

cdo t:S‘s*/ ( SR S—
rx =5 va x exp{oy}

—S“*/m<1— k ) ! e{ _M}
o 3va xexp{oy} /) /2x(T — 1) i et 2

2 )2
y (y—22)

As for the up-and-out call, the pricing of the down-and-out call entails the compu-
tation of the following four integrals

o]

)c}z(T —1,0,y)m(y)dy
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20 2
oo [
" e V27(T — 1)
ZV T —t
:Sf*N(—(Z “)JTFV( )>. (2.3.75)
—t

The second integral is given by

- o 2T —t —27)?
Ig:—Sf*ﬁ exp{vy— v )— o %) }dy
Z

va 2 2(T —1)
Z 27 T—1
:—Sf*exp{ZZv}N(—(Zva)+ aadt ))
T—t
ZV 2z T—1t
:—Z,N(—(Z @)+ 22 4 v( )>. (2.3.76)
T —1t
The third integral is given by
_ k [ V(T —1) y?
L=-S"= —oy— - d
3 ¢ x/ZvanP{Vy oy 5 2(T—t)} y
k 2T — 7 —o )T —
:—S,S*—exp{u—va(T—t)}N(—(Zva)+(v o) t)>
X 2 T—t
—(z —o)(T —t
:—Kexp{—r(T—t)}N( Gva)+ o) )>, (2.3.77)
T—t
and the last integral is given by
_ 5. k . oX(T —1)
Iy=S8"—expy2z2(v—0) —vo (T —t) + ————
by 2
_ (73 _ _ 2
/—oo eXp{_(y (2Z+2(2)Tft))(T 1)) }d
X y
ZVa V2 (T —1)
s k 5 oX(T —1)
=S"—expy2z(v—0) —vo(T —t) + ————
by 2
<—(Zva)+2z+(v—o)(T—t)>
x N
T —t
k —(ZV 2z —o)(T —t
=Sf*—N< cva)+ Z;f(” ) )). (2.3.78)
Z -t

It follows for the down-and-out call option the formula
C??K,z(t’ SIS*) = I_l + 1_2 + 1_3 + 1_4.

By the same methodology one obtains also other barrier options.
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2.3.9 Lookback Options

In this subsection, we consider the valuation of a lookback option written on a mar-
ket index, which is again interpreted as the GOP. A standard lookback call option

pays
8 8%\ + Bx _ S

(S —m7 )" =87 —mp .
where m?* = minye(o,7] S,‘S *. We remark that lookback options are always exer-
cised. In Musiela and Rutkowski (2005), the price of a lookback option is derived
via a measure change. In this subsection, we proceed by directly integrating the
relevant probability density function derived in Sect. 2.1. For ease of presentation,
we consider the pricing of a call option at time ¢ = 0, but consequently present the
formulas for the general case. The real world pricing formula (1.3.19) gives the
following price LC(0) for a lookback call option

* (S SS*)+ % % m?fs*
LCO) =Sy E( —~L—T—— ) =Sy — Sy E( —=—).
Sy Sy

T

From (2.3.40),

s S‘S* min e r+ ot t+ wo

my = X — o ,

T reto.11 P 2 !
where o := |6°| and hence
mS o2 R

L :exp{ min <<r+ )(; ~T)+o (W — W?))}.

S 1€[0,T]

From the time reversibility of Brownian motion, see Chap. 15, we have the following
equality in distribution,

o2 ., o2 L
t—T - W. = mi — — w2 ).
tél[l()lﬂ((i’-l— )( )+ o (W T)) tg{gg}( <r+ Z)t—i-a T)

‘We use the notation

Xl‘ = vt + Wto,

o2

where v = —(r+07), and recall from Sect. 2.1, that the probability density of
min;efo,7] X, satisfies

x . —y+vT>L <y+vT>
P(mT € dy) = <¢<—«/T T + 2vexp{2vy}N JT

1 y+vT
+ exp{2vy} T¢( ))dy.
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Hence
5o

E(mT ) — E(explom¥))

She
0 - T\ 1
[ eteno(2 7)o

0 y+vT
+/ exp{oy}2vexp{2vy}N dy

—o VT
0
4 /_ ) exp{ay}exp{zvy}%qs(y j/;T>dy.

We now compute these three integrals

0 - T\ 1
11=/ exp{ay}¢<y—+v>—dy

—0 VT )T
0 expl{—3 (*7=)?)
= /_ exwm% dy

T —(v+a)ﬁe _ﬁ
=exp{5(02+26v)}/ %dz
—00 T

= exp{—rT}N(—(v + a)ﬁ)
=exp{—rT}N(d — o~T),
where
_ r+ %02)\/7

o

d (2.3.79)

Regarding the second integral, we introduce

I /0 {oy}2vexp(2 }N<y+”T>d
= exp{oy}2vexp{2vy y.
oo JT

Using integration by parts, we obtain

0 T
/ exp{oy}2v exp{2vy}N<y d ) dy
o

B VT
=2U<M_/O exp{y(2v + o)} exp{_%w}dy)
2v+o oo 2v +0) ST
2v
~to (N(vﬁ) —exp{—rT}N(—(v —i—a)ﬁ))

2
= N(—d) + ;—VN(—d) — exp{—rT}N(d — o</T)

_ 2
_WN(([_G\/T)’
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where the quantity d is defined in (2.3.79). Finally, regarding the third integral, one

has
0 1 y+vT
= exp{oy}exp{2vy}—=¢ dy
o0

- VT \ VT
0 L 2
:/ exp{y(2v+0)}eXp{ i;;]);_;—vT) }d

_ 2

_/0 exp(— U=(aD?)
—00 2T

=exp{—rTINd — o~/T).

exp{ g(Zva + 02) } dy

Hence, we obtain
E (exp{om’T( })
2

— exp{—rT)N(d — o/T) + N(=d) + ;—rN(—d) —exp{—rTIN(d — o~/T)

2
- eXp{—rT};—rN(d —oT)+exp{—rT}N(d —o~/T)

o2

2
= N(=d) + -N(=d) - exp{—rT};—rN(d —oNT)

r

+exp{—rT}N(d —oNT)

o2

2
— 1= NW@) + ZN(—d) — exp{—rT)Z-N(d — o VT)
2r 2r
+exp{—rT}N(d — aﬁ).

The time O price of a lookback call option is then given by

2
LC(0) = 8P (N(d) - Z—rN(—d) —exp{—rTIN(d — o/T)

2
~|—exp{—rT}§—rN(d — oﬁ)).

We now recall for a general ¢ < T the following result from Musiela and Rutkowski
(2005), see their Proposition 6.7.1.

Proposition 2.3.1 Assume that r > 0. Then the price at time t < T of a European
lookback call option equals

In(S% /mS™ ) + r1 (T — z))
oT —t

%
o ln(ms—ﬁ*)%—rz(T—t)

— N( ta«/T——t )

LC(t) = sf*zv(
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5%
§hg2 () =T -0
(= )

2r oT —t
Sﬁ
+ex {—r(T — t)} S;S*UZ (mtsa* )2”72N<1n( ) - U)
p 2r Sf* aﬁ '

wherer; o =r £ %oz.

The payoff of a lookback put option is given by
5o i\ 5o 8
(M7 _ST) =Mr =57,
where M?* = max;e[0,7] Sf*.

Proposition 2.3.2 Assume that r > 0. The price of a European lookback put option
attime t < T equals

. ln(M,Sa* )+ri(T —1)
LP(t)=—S*N(- —
5o
In(t5-) + 2 (T — 1)
xpy—r (T — —
! P oT —t
LS ln(M,sS* ) +ri(T —1)
N
2r ( oJT —t >
58
—c t>}5f*02 (Mfa*)”“ZN(IH(M,S‘S*)_”(T _t)>
_ex —r — 9
P 2r 5% oT —1

where againrip =r %02.

2.3.10 Asian Options

In this subsection, we consider Asian options on a market index, the GOP. Unlike
the derivatives presented in the previous subsections, the pay-off of Asian options is
based on average values of the market index. In particular, the pay-off of an Asian

call option is given by
1 T +
<— / S,‘j* du — K)
T Jo

1 T +
(K——/ S;j*du> :
T Jo

and
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We point out that closed-form solutions, as presented in the preceding subsections,
are not available for Asian options. However, using the explicitly derived joint den-

sity of ( fOT S{f* du, S?*) from Sect. 2.1, we can obtain an integral representation for
the price. In particular, using the notation

t
P(/ exp{aWSO — pazs/Z}ds edu, W,O edy)
0

1
=7 exp{—pay/Z - pzazt/8}exp{—2w}

2 o2u
Lo tewlov/a) oydu
olu 4
= f(y,u)dydu,
where p = —(1 + %) and o := |00|, we obtain from the real-world pricing for-

mula (1.3.19) the following representation for the price of a call option at time 0,
struck at K with maturity 7T,

T
5
ST

[T 58 du +
A on_ (P —K)
Crx0)=S8FE

TK
— )+

SS* o0 o0 (M ST*
= 0/ / 0 FO,u)dydu. (2.3.80)
T Jo Jo exp{—po?T/2+ 0y}

The above expression needs to be computed numerically, using e.g. the techniques
to be presented in Chap. 12. Finally, we alert the reader to a quasi-analytical re-
sult shown in Geman and Yor (1993). They computed the Laplace transform with
respect to time to maturity. We point out that the proof uses a connection between
geometric Brownian motion and time-changed Bessel processes, also referred to as
Lampert’s Theorem, see Theorem 6.2.4.1 in Jeanblanc et al. (2009). The following
result appeared as Proposition 6.8.1 in Musiela and Rutkowski (2005) and is based
on Eq. (3.10) in Geman and Yor (1993).

Proposition 2.3.3 The price of an Asian call option admits the representation

dexp{—r(T —1)}5%

A _
Crg= 3T C"(h,q)
where
ST GZ(T 1 o’ (KT /tss d )
w=—— , = — — s q: — * ul.
o2 4 4S;S* o

Moreover, the Laplace transform of C* (h, q) with respect to h is given by the for-
mula

00 €1
/ exp{—rh}C¥ (h, q) dh =/zq (dexp{—x}x?"2(1 — 2¢x)" 1) dx,
0 0

where ;L =21 + w2, y = %(u— w),andd =AM A—2-=2v)"(y — H~L
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We remark that the techniques to be presented in Sect. 13.5 can be used to invert
the above Laplace transform.

2.3.11 Australian Options

Australian options are closely related to Asian options. In this case the pay-off de-
pends on the quotient of the average of the market index over a specific time inter-

val and the market index at maturity, i.e. the quotient Jo S“ , see Handley (2000),

Handley (2003), Moreno and Navas (2008), and Ewald et al. (2011). In the BSM
framework, a connection between Australian and Asian options is known to exist,
see Ewald et al. (2011). The real-world pricing formula (1.3.19) yields the following
expression for an Australian call option on the market index:

,4,).

T o6« +
(o ZUA0 —S‘S*E((ifo Sy du K> 1*
o A,).

8 B
TS} T
Next we introduce the same auxiliary measure as for the bond-or-nothing binaries,
i.e. we recall the Radon-Nikodym derivative process from (2.3.50),

‘We now follow Ewald et al. (2011),

[T 58 du 5y
(% _ KST )+

%) = S‘S*E(

§° .
Ao (1) = 2k = exp{——|a > - |a°|W,°},
0

and define the measure Py, via
dP|0'O|
dpP

= Ap0/(T),
by setting
Pigoj(A) = E(Ajpo|(T)14) = Ejgo;(14)
for A € Ar. We use E|,o, to denote the expectation with respect to P50, By Gir-
sanov’s theorem, W"’O‘ = {thgol, t €0, T1}, where
thao‘ =W+ |0

is a standard Brownian motion on the filtered probability space (£2, A, A, P|(,o|).
Hence

fOT SS* du

—KSp)"

=
ST

2% (1) = exp{—r(T — t)}E|Go|<

A;). (2.3.81)



60 2 Functionals of Wiener Processes

We remark that under P,;o,, the dynamics of §% are given by
t 0
5 = s exp{(r 1o P)i 4 1o+ oW, }

Hence, comparing (2.3.81) to (2.3.80), we point out that computing (2.3.81)
amounts to pricing an Asian option with variable strike, but at a different interest
rate, namely r — |0%|2. Clearly, this relation required the candidate measure Piyo,
to be equivalent to P. This does not hold for all models considered in this book,
see e.g. Chap. 3. However, assuming suitable integrability conditions are satisfied,
we can express the price of an Australian option as an integral over the relevant
probability density function and use the techniques from Chap. 12.

2.3.12 Exchange Options

In this subsection, we price exchange options on the market index, i.e. the option
to exchange the market index denominated in one currency for the market index
denominated in another currency. This is our first example of a derivative whose
payoft is a functional of two assets. We point out that in the classical literature, see
e.g. Margrabe (1978), such contracts are often priced by computing prices under an
appropriately chosen probability measure. This is not the case under the benchmark
approach, where we only need to compute prices under one measure, the real world
probability measure. In particular, we define the time ¢ exchange price as

i
i = 5
A
St
where S‘S*’l denotes the GOP denominated in currency i, and Sf =/ denotes the GOP

denominated in currency j. We assume that the dynamics of the GOP in currency k
are given by

t t !

where k € {i, j} and d[W’ W/], = pdt. The joint transition density of §%1 and
§%:J was derived in Sect. 2.2. For deriving the following result, we employ a change
of variables. This reduces the computation to one which involves the standard Gaus-
sian bivariate density. As with European call options on the GOP, we find it conve-
nient to firstly price asset binary options on an exchange price, and subsequently
bond binary options on an exchange price. We use the notation AT x (1) for an asset
binary option on an exchange price in the ith currency, which, based on the real
world pricing formula, satisfies

soet

§0%
S‘S*Jsa*’ T >K
S

() =81 E(
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Ose,l

Using ¢(t, z,j,z;',T, z"T,zjf) to denote the joint density of (Sf*’j,Sf*’i) to
Al — (5 xiiy
T.x(1) = GO O T X 2K
T

(SS*J S‘S* ), we have
A)
O, J
_X”E<S -1

S‘S* shd <ghed K

)

_X”/ / q(t, 2,2, T, 2}, 25) dzh dly.

We now use a change of variables to perform computations in terms of the bivariate
Gaussian density

k
L InCH = (a4 5lo (T 1)
u%f = ! ,
T lok| T —1

Hence we obtain

: [ (AN J g
AT,K(I):X/[ / TP(MT’MT’IO)dquuT’
. zh

keli,jh

where
In() = (rj =ri + 300/ P = 10"PNT =) i Jo']
oI |\WT —1 Tlod|’

dy(x) =

and

(2} —2pz122+ 23) }

1
p1,22,0) = —F—— CXP{—
271 — p2 2(1 = p?)

denotes the density of two correlated standard Gaussian random variables. We now
set

ﬁ]% = ujT + |a-/’«/T——t,
zZiT =uiT +p|c7j}«/T —1,

which allows us to write

, . ;o o
A’TYK(I)zX;’]exp{—rj(T—t)}/ / pl(af, iy, p)diy dily, (2.3.83)

where
- In(£) + (ri —rj + (0> = 2plod |0 | + [ PINT = 1) _; |67
di(x) = 4 tup—
o/ |WT —1 o7
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The expression in equation (2.3.83) can be interpreted as the probability that a stan-
dard normal random variable Z; is less than a constant d1 (X J ) plus another stan-

dard normal random variable Z> multiplied by o fl , 1.e.

R . |0i| )
Plz'<d(x')+ —2Z?).
( W)+ 7,
2
we obtain the

But since Z! — lla |‘ 72 is normal with mean zero and variance E j ‘2 s

following result:

Al () = X} exp{—r;(T —D}N(di (X77)),
where
(A + 0y — i+ 507 )(T —1)

dl(X;’])_ o T —t ’ ’
l’]

oy =o' = 2000’ ||o] + ||,

Using similar calculations, we obtain the following result for a binary bond option
on the exchange price,

By, d

4 S .
B0 = E( Sy | ) =expl=n(T =0} (@a(x}))
T
where
d(x1) = i %a"z*-")(T_t).

oi, iNT —t

Finally, we arrive at prices for call and put options in the ith currency on an exchange
price at time ¢ with expiry 7' and strike price K,

k0 = X; exp{=r; (T =0}V (@ (X;7))
— Kexp{—ri(T —)}N(a (X J))
Pk 0 ==X, expl=r; (T —D}N (~dy (X;))
+ K exp{—ri(T — t)}N(—dz(Xf’j))_

2.3.13 American Options

The derivative contracts discussed until now were all European style options, i.e.
could only be exercised at maturity. We now briefly discuss American style options,
which allow the holder to exercise the option at any time before maturity. This addi-
tional feature makes the pricing of American options more difficult than the pricing
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of European options. For more information on the mathematics of American option
pricing, we refer the reader to McKean (1965), van Moerbeke (1976), Bensoussan
(1984), Karatzas (1988), Karatzas (1989), and to Myneni (1992) for a survey. We
point out that closed-form solutions similar to the ones derived in the preceding
subsections are not available for American options, except for the perpetual case,
see for example the discussion in Musiela and Rutkowski (2005). However, we also
refer the reader to Zhu (20006).

Consequently, for results that provide almost closed-form solutions numerical
methods have to be employed to price American options. A popular method involves
restricting the dates at which the option can be exercised to a finite set, i.e. turning
the American option into a Bermudan option. Using dynamic programming, one can
compute prices via backward induction. This in turn can be done via Monte Carlo
simulation, see e.g. Broadie and Glasserman (1997). In this context, the transition
densities collected in this book are of importance, as they are used to perform the
simulation step. Furthermore, the Monte Carlo technique is of course general, one
only needs to have access to the relevant transition densities.

There exist more explicit formulas for derivatives under the BSM. It is mainly
its explicitly known transition density and the well researched area of functionals
of Brownian motions that give access to such a rich set of pricing formulas for
the standard market model. It is unfortunate that the BSM provides only a poor
reflection of the real market dynamics, in particular, over longer periods of time
and for extreme market movements. Therefore, it is essential to find more realistic
tractable market models with a similar set of explicit formulas.



Chapter 3
Functionals of Squared Bessel Processes

In this chapter, we discuss important classes of stochastic processes, namely squared
Bessel processes and their relatives. These processes turn out to have important ap-
plications in financial modeling, as we will demonstrate in Sect. 3.3. Fortunately,
these processes are susceptible to Lie symmetry methods, as will be demonstrated
in Chaps. 5 and 8, and are also solvable in the sense of Chap. 11. This is important,
as it allows us to formulate realistic financial models based on squared Bessel pro-
cesses and at the same time produce closed-form solutions for important financial
derivatives in this class of models.

In Sect. 3.1, we firstly recall results on the squared Bessel process, and subse-
quently for related processes, in particular:

the Bessel process;

the square-root process;
the 3/2 process;

the CEV process.

Most results presented in Sect. 3.1 have appeared in the literature before. However,
the aim of this chapter is to present the squared Bessel process as a central object
for modeling, which is tractable, and from which one can consequently derive other
tractable processes. Furthermore, we point out that several more complex function-
als, such as integrals of the processes discussed in this chapter, can be derived via
Lie symmetry methods, which will be discussed in Chap. 5.

3.1 One-Dimensional Functionals of Squared Bessel Processes

Let§ € A, x > 0, and introduce § independent Brownian motions wh w2, ... W,
started at w! e R, w2 e R, ..., w® e N, and set
B
x=Y (wh)>
k=1
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Now we set
B
X =Y (Wh+wh)? 1o 3.1.1)

k=1

It follows from the It6 formula, that
)
dX; =8dt +2) (W} +wk)dwy,
k=1

where Xy = x. We now set

8

Z(wk + WX)awk,

1
th =
\/Yt k=1

and find that
W] =1,

hence W is a Brownian motion, by Lévy’s characterization theorem, see Theo-
rem 15.3.3. Consequently, X satisfies the SDE

dX[ - 8dl +2\/ X[dW[,

where Xo = x, and we refer to X as a squared Bessel process of dimension §. The
reason for the nomenclature is the fact that many quantities pertaining to the squared
Bessel process can be expressed in terms of Bessel functions. The above definition
can be extended to the case § > 0, and we recall Definition 6.1.2.1 from Jeanblanc
et al. (2009):

Definition 3.1.1 For every § > 0 and x > 0, the unique strong solution to the equa-
tion

t
X, :x+8t+2/ VXsdWs, X,>0,
0
is called a squared Bessel process with dimension § started at x.

The dimension § of the squared Bessel process plays a pivotal role when study-
ing its path properties, in particular its boundary behavior around 0. Table 3.1.1
summarizes the behavior at zero for a squared Bessel process. We refer the reader
to Sect. 6.1 in Jeanblanc et al. (2009) for a more detailed discussion, in particular
to Proposition 6.1.3.1. In this book, we adopt the convention from Revuz and Yor
(1999) and specify the boundary condition at O to be reflection. Of course, other
specifications such as absorption or killing are also possible, see e.g. Borodin and
Salminen (2002). Furthermore, we point out that for § > 2, X is transient, i.e. X;
goes to infinity as ¢ goes to infinity. For § = 2, the process never reaches zero, but
hits every ball centered around O after some time. The squared Bessel process en-
joys the following scaling property, see also Sect. 8.7 in Platen and Heath (2010),
Proposition 6.1.4.1 in Jeanblanc et al. (2009):
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Table 3.1.1 Path properties

of the squared Bessel process Dimension Property of the squared Bessel process X
§>2 X does not reach 0
0<d6<2 X reaches 0 and reflects
§=0 X reaches 0 and is absorbed

Proposition 3.1.2 If {X;, t > 0} is a squared Bessel process of dimension § started
at x, then {%Xm t > 0} is a squared Bessel process of dimension § started at )ZC

Also, the sum of independent squared Bessel processes is a squared Bessel pro-
cess:

Proposition 3.1.3 If X = {X;, t > 0} is a squared Bessel process of dimension 8
started at x1 and Y = {Y;, t > 0} is a squared Bessel process of dimension &, started
at xp, where X and Y are independent, then Z ={Z;, t > 0}, where Z, = X; + Y;,
is a squared Bessel process of dimension § = 81 + 6 started at x = x1 + x3.

We now show the following relationship in law between squared Bessel processes
of different dimensions. We firstly have the following absolute continuity relation-
ship, see Proposition 6.1.5.1 in Jeanblanc et al. (2009). We use P? to denote the law
of a squared Bessel process of dimension § started at x. In the following, we also
use the index of the squared Bessel process, given by v = % -1,

X, 7 v2 rlds )
P, == -—— | —tP
X |A, <x ) exp{ B /0 Xs} X A

for § > 2. Similar relations also exist for processes which can hit zero. In particular,
we recall from Borodin and Salminen (2002) or Platen and Heath (2010) for § > 2
the relation, where T = inf{r > 0: X, =0},

, (3.1.2)

v
4-s (X B
Py |A,ﬂ{t<r}_ (Z) Py A
1

for all ¢ € (0, 00). In principle, on the left hand side of the above relationship we
consider squared Bessel processes with absorption at zero, and on the right hand
side squared Bessel processes that never reach zero. The same relationship (3.1.2)
yields for 6 < 2 the equation

—v

8 _(* 4-5
Py |.Atﬁ{t<r}_ (Y[) Py A :
t

We now turn to the transition density of the squared Bessel process. In particular,
we find it useful to recall the following equality in law, for v > —1 or equivalently

5§ >0,
Xtd 2 X
:\T)

(3.1.3)
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Fig. 3.1.1 Transition density
of squared Bessel process for
§=4

where X32 (1) denotes a non-central x> random variable with § degrees of freedom
and non-centrality parameter A, see e.g. Platen and Bruti-Liberati (2010). From this
equality, we obtain the transition density for a squared Bessel process X starting at
the time s € [0, 00) in x being at time ¢ € (s, 00) in y as

1 (y\? iy e
2(t—s)<;) exp{—z(t_s)}lu(t_s), (3.1.4)

see Revuz and Yor (1999), where I, is the modified Bessel function of the first kind
with index @, and we recall that v =2 — 1. In Fig. 3.1.1 we show the transition
density of a squared Bessel process of dimension four, § = 4, which means index
v = 1, starting at x = 100.

For § = 0, in which case the squared Bessel process is absorbed at 0, one obtains
for x > 0 and ¢ € [0, 00)

1 ? +
20(0, x: 1, y) = Z(%) exp{—%}ll (@) (3.1.5)

ps(s,x;t,y) =

So far, we have focused on the case § > 0. However, we alert the reader to the
fact that squared Bessel processes can also be defined for § < 0, see Sect. 6.2.6 in
Jeanblanc et al. (2009).

We conclude this section with a result on hitting times of squared Bessel pro-
cesses, where we assume that the process is started at a positive x, see Proposi-
tion 6.2.3.1 in Jeanblanc et al. (2009).

Proposition 3.1.4 Let A > 0, b > 0, and Ty, := inf{t > 0: X; = b}. Then

b\ 2 K,(v/2Ax)
sewi-in) = (1) ¢

b\ I,(~2xA
Blewiam) = ()

X
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where K, and I, are the modified Bessel functions of the second and first kind,
respectively.

3.1.1 Bessel Processes

We obtain the Bessel process R = {R;, t > 0} by taking the square root of the
squared Bessel process X = {X;, ¢t > 0}. Properties such as scaling, relations be-
tween Bessel processes of different dimensions, and first hitting times, of course,
carry over in an obvious way from the squared Bessel process. For completeness,
we present the transition density of a Bessel process, which follows easily from
(3.1.4), (3.1.5) and the functional relationship between a squared Bessel process
and a Bessel process. We point out that the concept of a dimension § and an in-
dex v carries over in the obvious fashion from a squared Bessel process to a Bessel
process.

For v > —1 or equivalently 6 > 0, the transition density of a Bessel process is

given by
v 2 2
Y Y X" +y Xy
’ ;t’ = - - I 5
Pl i) (t—s)(x) eXp{ 2(t—s)}”<t—s)
and for v = —1 or equivalently § = 0, we have
22
X xX“+y Xy
0,x;t,y)=— — L{—).
Po(0, x:1,y) teXP{ 27 }l(t)

3.1.2 Square-Root Processes

In this subsection, we study the square-root (SR) process, given by the SDE
dri =K@ —r)dt +o./r; dW;, (3.1.6)

where ro = x, and we assume that k6 > 0, which results in r, > 0 for x > 0. The
process (3.1.6) is employed in the area of interest rate modeling. For example, it
is used to model the short rate in the CIR model, see Cox et al. (1985). But also
in the area of equity modeling, it is used e.g. to model stochastic volatility in the
Heston model, see Heston (1993). The square-root process has been linked to the
squared Bessel process in two ways: firstly by transformation of space-time, and
secondly by a change of law, see Pitman and Yor (1982) for both approaches. The
following result is Proposition 6.3.1.1 from Jeanblanc et al. (2009) and illustrates
the transformation of space-time:

Proposition 3.1.5 The square-root process (3.1.6) is a squared Bessel process
transformed by the following space-time changes,

ry = exp{—«t}X¢(r),
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where c(t) = Z—i(exp{/{t} — 1), and X = {X;, t = 0} is a squared Bessel process of

dimension § = %£ .
o

Now, we discuss the change of law, for which we introduce the notation * P f to
denote the law of the square-root process that solves (3.1.6) for o = 2. We point out
that by a simple change of time A(f) = 4—’2 we can reduce (3.1.6) to a square-root

o
process for which o = 2. Formally, setting Y; =r4(;), we obtain

dY, =k’ (0 — Y, dt +2./Y, dB;,

where ' = i—’; and B = {B;, t > 0} is a Wiener process.

Proposition 3.1.6 Let © P)’fg denote the law of the square-root process that solves
(3.1.6) for o =2, then

Kk pk6 K K2 ' K0
P! |Al=exp Z(x—i—lc@t—X,)—? A Xsds t P}

A

As with the squared Bessel process, the distribution of the square-root process is
linked to the non-central x2-distribution: let

02

c(t) = —(exp{kt} —1
(1) = 7= (expler} = 1)
and q = Cé‘—t), th %‘;{)”} ~ st(oz), where § = ‘tf—f. We now present the transition
density of the square-root process,

exp{;cr}(yexp{/ct}>% { x+yexp{/<t}}
expy———————
2¢(7) x 2¢(1)

<1, <c<1—r>*/” exp{xr})1y>o,

where ¢(t) = Z—i(exp{xt} —1,v= % —1,6= ‘Z‘—f andt =t —s.

Figure 3.1.2 shows the transition density of an SR process for the period from
0.1 to 3.0 years, with initial value ro = 1.0, reference level & = 1.0 and parameters
k =2 and o = +/2. This means that we consider an SR process of dimension § =
% =4. Figure 3.1.3 displays a sample path for the SR process.

We conclude this subsection by remarking that the speed of mean reversion x
does not need to be a constant, but can be a function of time. This results in the
inhomogeneous square-root process, see Sect. 6.3.5 in Jeanblanc et al. (2009). In
particular, if 7 = {r;, t > 0} solves the SDE

dfy = (a — A(O)F,) dt + o7 dW,,

and 7y = x for a continuous function A(¢) and a > 0, then

ps(s, x;t,y) =

g a1
{rl7 IZO}: {l(_t)Xg(t)a IEO},
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3.1.3 3/2 Processes

is given

‘We now turn to the 3/2 process, which is another tractable process. Its SDE i

by

dWs,

3/2
t

d'U[ ZKUt(e — U;)d[ +ov
where vg = v > 0. The 3/2 process has been used to model short-rates, see e.g. Ahn

d
in

1t 1S use

but also to model equities, in particular i

s

and Gao (1999), Platen (1999)

he 3/2 model, see e.g. Carr and Sun (2007), Itk

ity in t

il
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and Carr (2010), Lewis (2000). The 3/2 model turns out to be a functional of the
square-root process. Defining 7, = Ui[, we obtain

dr, = (K +02 —K@r,)dt — o JridW,,

where rg = % This relationship is useful and allows us to transfer results obtained
for the square-root process to the 3/2 model. In particular, we obtain its transition
density

sexp{kt} (xexp{kt) z x4y~ lexp{kt)
ps(s, x;t,y) =y expy —

26(1) 2¢(7)

1
71 ~
X IV(—E(T),/(xy) exp{xt}>1y>o,

where & = k0, 6 = K;ng, c@t) = %(exp{f?t} — 1) and T =t — s. Furthermore, it

is clear that the dimension of the square-root process r = {r;, t > 0} is given by
§=4+ i—’;. We point out that if the process r can reach zero, then the process v
explodes, and that this is determined by the dimension of the process r.

We alert the reader to the fact that the link between a square-root process and
the 3/2 process can also be used for more advanced functionals: for example, the
Broadie-Kaya algorithm, which is used to simulate integrals of the square-root pro-
cess, see Chap. 6, can be modified to handle the 3/2 model, which entails simulating
integrals of the 3/2 process.

3.1.4 Constant Elasticity of Variance Processes

In this subsection, we study the constant elasticity of variance (CEV) process, where
we again follow the presentation in Jeanblanc et al. (2009), and write

dz,=Z,(ndt + oz daw,),

Zo = z > 0. This process was studied e.g. in Cox (1996) for 8 < 0, in Engel and
MacBeth (1982) for 8 > 0 and in Delbaen and Shirakawa (2002) for —1 < 8 < 0.
We point out that for § = —% we recover the square-root process and for 8 = 0 the
geometric Brownian motion. As we have already studied these processes in detail,
we focus on the following three cases:

o f<—1;
° —%<,3<O;
e 3>0.

The reason for this distinction is given in Table 3.1.2, which summarizes Lem-
ma 6.4.4.1 in Jeanblanc et al. (2009). The result is obtained by relating the CEV
process to the squared Bessel process, which for negative dimensions is stopped
at 0. We now recall Lemma 6.4.3.1 from Jeanblanc et al. (2009), which links the
CEV process to the squared Bessel process.
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Table 3.1.2 Path properties

of the CEV process Value of g Property of the CEV process Z
B>0 Z does not reach 0
B <0 Z reaches 0 almost surely
—% <B<0 Z reaches 0 and is absorbed
B < —% Z reaches 0 and reflects

Proposition 3.1.7 For > 0, or B < —%, a CEV process is a deterministic time-
change of a power of a squared Bessel process,

_ L
Sy =exp{ut}(Xewy) 2,

where X = {X;, t > 0} is a squared Bessel process of dimension 6 =2 + % and

c(t) = f%(exp{zuﬁt} —1).If =4 < B <0, then

_ 1
St =exp{ut}(Xcwy) %, 1 =T,

where Ty denotes the first time that the squared Bessel process hits 0.

We now give the transition density of the CEV process, for any  and y > 0:

1 3
p(s,x;t,y)= ﬂexp{y,t(2,3 + 5>}y_%_2ﬂx%

c(1)
b o8 }
X exp{ 2o (x7F + y~Fexp{2upt})
wxdy 263 yPexp{Butix—F ’
g . c(t)

where T =t — s and c¢(?) is defined as in Proposition 3.1.7.

We point out that in Sect. 3.3, we will introduce the transformed constant elas-
ticity of variance process, and apply it to finance. Also for the transformed constant
elasticity of variance process, the link with the squared Bessel process can be estab-
lished and turns out to be crucial in deriving explicit pricing formulas.

3.2 Functionals of Multidimensional Squared Bessel Processes

The squared Bessel process sits at the heart of the developments in Sect. 3.1, in
fact, all other processes in this section can be related to it. Consequently, when con-
sidering multidimensional processes, we need to find a suitable multidimensional
generalization of this process.

The Wishart process introduced in Bru (1991), turns out to be a suitable general-
ization: recall that we introduced the squared Bessel process as the sum of squared
Wiener processes, see (3.1.1). In this section, we introduce the Wishart process as
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a matrix product of Wiener processes, which generalizes the idea of summing up
squared Wiener processes to obtain a squared Bessel process.

In particular, consider for two integers n, p > 1, the n x p matrix W, whose ele-
ments are independent scalar valued Brownian motions. Also, assume that Wy = C
is the initial state matrix. Now, define a Wishart process S = {S;, ¢ > 0} of dimen-
sion p, index n and initial state Sy, which we denote by WISP(CTC, n,0,1), see
Sect. 11.2, where

S=w!'w,, Sy=cC'cC.
We point out that S; satisfies the SDE
dS;=nldt+dW/ /S, +/S; dW,. (3.2.7)

Hence, for a given ¢, S; follows the non-central Wishart distribution, see Def-
inition 10.3.12, W, (n, t1,, t’lSo), which can be easily proven using Theo-
rem 10.3.15. For a definition of this distribution we refer the reader to Chap. 10,
Definition 10.3.12, in particular since the definition involves matrix valued special
functions, which are defined in Chap. 10.

As the non-central Wishart distribution is the natural generalization of the non-
central x? distribution, the Wishart process appears as the natural candidate to gen-
eralize the squared Bessel process. The above discussion can be extended, but we
defer such a discussion to Chaps. 10 and 11. In Chap. 10, we will recall some basics
of matrix valued statistics and matrix valued stochastic processes, which will give
us a better understanding of the Wishart process. Furthermore, the Wishart process
will turn out to be solvable, in the sense of Chap. 9, hence we firstly develop these
powerful techniques and subsequently apply them to the Wishart process.

We conclude this section by recalling the additivity property for Wishart pro-
cesses, which is analogous to Proposition 3.1.3. Further properties known to hold
for squared Bessel processes can be extended to Wishart processes, but such a dis-
cussion is deferred to Chap. 11.

Proposition 3.2.1 If S = {S;, t > 0} and U = {U;, t > 0} are two independent
Wishart processes WIS ,(So,n, 0, I) and WIS, (U, m, 0, I), respectively, then the
sum S +U ={S, + U;, t >0} is a Wishart process WIS ,(So +Up,n +m, 0, I).

The proof is presented in Sect. 2.5 of Bru (1991).

3.3 Selected Applications to Finance

The aim of this section is to introduce two models: the stylized minimal market
model (MMM) and the transformed constant elasticity of variance (TCEV) model.
Both models we consider to be potential models for the GOP. In addition to provid-
ing realistic dynamics for the GOP, these models also turn out to be highly tractable.
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This book focuses on the tractability aspect of models. In particular, we aim to il-
lustrate that for many functionals relevant to finance, the underlying stochastic pro-
cesses, when they are related to the squared Bessel process, provide models with
closed-form solutions.

For an economic justification of these rather realistic models, we refer the reader
to Platen and Heath (2010), and also to Baldeaux et al. (2011c). Here, we only
recall two pivotal characteristics of these models, which contribute to their realistic
representation of the real world dynamics of the GOP:

e volatility should be modeled via a mean-reverting process, which is negatively
correlated with the GOP;
e the benchmarked savings account should be modeled as a strict local martingale.

Both points are easily illustrated pictorially: we use the discounted S&P 500 total
return index (S&P 500) observed in US dollars from 1926 until 2004 as a proxy for
the GOP. This index starts at S‘g* = 2.3 in January 1926 and has been reconstructed
from monthly data provided by Global Financial Data, see Fig. 3.3.4. In Fig. 3.3.5,
we show the volatility of this index, which clearly fluctuates around a long-run aver-
age. Furthermore, the so-called leverage effect, see Black (1976), which expresses
a negative correlation between an index and its volatility is a recognized and ac-
cepted phenomenon. The two models presented in this section both accommodate a
mean-reverting volatility process and the leverage effect.

Secondly, by discussing the two models we challenge the risk-neutral approach to
finance by questioning the suitability of the assumption on the existence of an equiv-
alent risk neutral probability measure. In Fig. 3.3.6, we show the candidate Radon-
Nikodym derivative for the putative risk neutral measure, which is the benchmarked
savings account or the inverse of the discounted index shown in Fig. 3.3.4 if the in-
dex is interpreted as the GOP. Clearly, this index appears to trend downwards. This
observation conflicts with the classical requirement for the existence of a risk neutral
probability measure, where this process should be a martingale. Consequently, we
focus on models for which an equivalent risk neutral probability measure does not
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exist. The risk neutral approach breaks down in this context, however, the bench-
mark approach can still be applied and results in tractable expressions for realistic
financial models as will be discussed in this book. It is the aim of this section to
point out that even though risk neutral pricing is not applicable, realistic models
can still be designed which yield similarly tractable expressions as, for instance, the
Black-Scholes model.

3.3.1 Stylized Minimal Market Model

In this subsection, we recall the stylized minimal market model (MMM) and demon-
strate that it can be used to obtain tractable expressions for some important deriva-
tives. For more information on the stylized MMM, we refer the reader to Platen and
Heath (2010).
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Under the stylized MMM, we model the discounted GOP S0 = {S‘,‘s *, t>0}as
follows:

dS‘f* = O[;s*df + S‘ts*a?* dW[, t> 0.
Using the relation
=5,
Xowy=5;"
we find that the discounted GOP is a squared Bessel process of dimension four,

dX(/,(t) =4dp(t)+ 2/ Xo@) dW(p(,),

[ 8%
o
d W(p(t) - # d W[ .

The drift af * of the discounted GOP is modeled as an exponential function of time,

where

Oy
o =agpexp{nt}.

Such a choice seems reasonable. In Fig. 3.3.7 we show the natural logarithm of
the discounted S&P 500 index, which is approximately linear. To emphasize this
observation we include also the trend line.

The transformed time ¢(¢) is given by the integral of ozf*, ie.

1 ! 1))
p(t) = Z/(; otf* ds = ﬂ(exp{nt} — l).

It is clear that once o and 1 are known, the MMM is fully parameterized. From the
1t6 formula it follows immediately that the quadratic variation of the square-root of
the discounted GOP satisfies

t
V&= fo o ds = p(1) — 9 (0). (3.38)
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The expression (3.3.8) is very useful, as it allows for an easy estimation of o and 7.
In particular, we show in Fig. 3.3.8 the empirical quadratic variation of the square-
root of the discounted GOP. In Fig. 3.3.9, we show the empirical quadratic variation
of the square-root of the discounted GOP and the fitted transformed time ¢(¢). We
point out that the chosen parameters seem to provide a good fit.
The normalized GOP process Y = {Y;, t > 0} is defined via the ratio
5
Y, = La’ (3.3.9

o

for ¢ > 0, which by an application of the It6 formula yields,
dY, = (1 —nY,)dt + /Y, dW,,

for t > 0 with
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a square-root process of dimension four. This is a consequence of Proposition 3.1.5,
the time-change relationship between a square-root process and a squared Bessel
process. We plot the normalized GOP corresponding to the S&P 500 index in
Fig. 3.3.10.

The normalized GOP is directly related to the volatility of the GOP: under the
MMM, volatility is given by

1

Vi

The squared volatility can be shown to satisfy the SDE

10:| =

1 3
d|6,* =d<7) =16,1*ndt — (16,1*)2 dW,,
t

where t > 0. The diffusion coefficient has the power 3/2, i.e. we recover the 3/2
process, see Sect. 3.1. Such a model was suggested in Platen (1997) for modeling
the squared volatility of a market index. Furthermore, under the MMM the squared
volatility satisfies

1
01> = —,
16 Y,

and hence has an inverse gamma density as its stationary density.

3.3.2 Standard European Options on the Index Under the MMM

Having investigated the MMM, we now turn to pricing. The conventional approach
entails changing from the real-world probability measure to an equivalent martin-
gale measure and consequently to value derivatives. However, an equivalent mar-
tingale measure does not exist under the MMM. It turns out that investigating the
existence of an equivalent martingale measure is equivalent to pricing a zero coupon
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using the real world pricing formula (1.3.19). From the real world pricing formula,
it is clear that even when assuming a constant short rate, a zero coupon bond is still
an index derivative and under the MMM a stochastic quantity. To emphasize this,
we assume that the short rate process r = {r;, t > 0} is constant, i.e. we setr; =r
and note that

S =557,

where S? = exp{rt}. From the real world pricing formula, we obtain the following
price for a zero coupon bond at time ¢, which matures at 7 > ¢,

1
Pﬂz):Sf*E(—(i AJ
St
5
= exp{—r(T — t)}E(%
S *
T
Since the discounted GOP is modeled via a time transformed squared Bessel process
of dimension § = 4, computing (3.3.10) amounts to a computation involving the
non-central x2 distribution. In Sect. 13.1, we will summarize useful properties of

this distribution, which facilitate the computations in this section. We introduce the
following notation, which will be used throughout this subsection

W (s v, A) = Px; () < x),

A,). (3.3.10)

where xf(k) denotes a non-central x2 random variable with v degrees of freedom
and non-centrality A. Furthermore, we set
_ S K/SY
A, S) = ———, x(t) == / L
Ap(t) Ap(t)

with
Ap(t) :=o(T) — p().

The next computation relies on (13.1.3), and we point out that this particular identity
is important in the derivation of derivative prices under the MMM. The following
presentation follows Hulley and Platen (2012) closely:

A)

E<S?)¢%>::E<S%/Awa>
A)

S5 53/ Ap(1)
:E( )

2 0%
X4()¥(ta S:)

At, 5%)
=1—exp]——m—¢.
|-
The candidate Radon-Nikodym derivative process A = {A;, t > 0} is given by
§0+
A[ == _0

-
A\
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Hence
S‘B* )\’t’S‘*
E(Ar |A0)=E<% ‘Ao) =1 —exp{_w} <1,
S 2

and we conclude that an equivalent martingale measure does not exist. Conse-
quently, risk neutral pricing is not applicable, but real world pricing is.
Now, we turn to call options. In particular, we recall that

O
St = 957" = S Xo(r).

We employ the real world pricing formula to obtain

s
Sy —K)*
CT’K(I) = S[S*E<T75*
T

A).

As in Sect. 2.3, we find it convenient to split the problem of pricing a call option
into the computation of an asset-or-nothing binary and a bond-or-nothing binary.
We firstly compute the asset-or-nothing binary:

4)

=SSP E(Lgy ok | A)

)
S*

A7k (1) _SS*E<S Lo g

T

Ox
=S5"EQ1 X201, 8P )>x(1) )

= S,B*P(X4 (A(t, S‘,a*)) > x(1) | .At)
=87 (1 — W (x(0); 4, A(t, 57))).

Similarly, we compute the bond-or-nothing binary:

X

K
Brx (1) —55*E<S L
T

—KE( 5* oK

A)
At, 8%

=Kexp{—r(T —10)}E 20, SS*)) x4(>»(t ) >x(1)

)

_5*
:Kexp —r(T —1) E< S‘S*>K/S°
(Xo

=Kexp{—r(T—t)}P ( (I,S'f*)) >x(t))

= Kexp{—r(T —n)}(1 - (X(f)§0’)\(fv‘§t8*)))’
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where we used (13.1.2). Combining the asset-or-nothing binary and the bond-or-

nothing binary, we arrive at the price of a European call option:

)

-
t

t,S

— Kexp|{—r(T —n0}(1 =¥ (x(0); 0, 1(1, 57%))).

(1= (x4, A(

-
t

=S

cr k(1)

In Fig. 3.3.11, we show an implied volatility surface for European call options on

the GOP under the MMM. Note that the short rate has here to be adjusted for the

given maturity according to the fair zero coupon bond price, see e.g. Platen and

Heath (2010).

Using the same technique, we arrive at the price of a European put option,

;S:k)“‘ Al)
K exp{—r(T — 1)} (lI/(x(t); 0, A(

K-S
Sf*E<(

pr.k (1)

1)

It is easily checked that the European call price, the European put price and the zero

coupon bond satisfy the well-known put-

S+
t

(t. S

—Z

) -exo]

O
t

t, S

).

54
t

x(t);4,)»(t,S

v(

B
t
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call parity,

+ K Pr(t).

S+
t

pr.k(t)=cr k() —S

Note that in this put-call parity relation we use the fair zero coupon bond.

i.e. derivatives which pay off a

]

We now focus on binary options on an index
fixed amount in the event that the index exceeds a particular level K at maturity.

The real world pricing formula (1.3.19) yields the following formula for the price
of a binary European call option, which recovers the result from Proposition 5.16

in Hulley (2009):
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)

1

1}

=85*FE[1w _
t < STX¢(T)>K S?«X(p(T)

1

BCr k()= S;S*E<15§*>K_a*
St

A)
= T-n}E(1 —’W’S’S*) A
=Pl @ =0 oo 20, 5
=exp{—r(T =)} (1 =¥ (x(1),0,(t, 5))).

Similarly, we can obtain the price of a binary European put option, which recovers
the result from Proposition 5.17 in Hulley (2009):

1
Sg"*SKS_% A[)
— exp{—r(T — 1)) <t1/(x(t); 0, (t. §7)) - exp{—%k(i, sf*)}).

Finally, we remark that the binary European call and the binary European put option
sum up to a zero coupon bond:

BCr x(t)+ BPr g (t) = Pr(t).

BPr (1) = Sf*E(l

3.3.3 Rebates and Barrier Options Under the MMM

We now discuss the pricing of some path-dependent options, in particular rebates
and barrier options. The presentation is based on Hulley (2009), see also Hulley and
Platen (2008). It uses the theory of time-homogeneous scalar diffusions, which can
be found e.g. in Borodin and Salminen (2002), Chap. 2, and Rogers et al. (2000),
Sect. V.7. The techniques differ from the ones previously discussed in this book.
Hence we focus on presenting the results in this subsection and present a brief in-
troduction to this theory in Chap. 16. We remark though that when dealing with
one-dimensional diffusions, this theory is powerful and can generate tractable solu-
tions to problems arising in finance and elsewhere, as we now demonstrate.

As in Sect. 2.3, we study a rebate written on a market index, again interpreted as
the GOP. We recall that a rebate pays one unit of the domestic currency as soon as the
index hits a certain level, should this occur before a contracted expiry date, T > 0.
Again the trigger level is assumed to be a deterministic barrier, Z; := zexp{rt}, for
some z > 0. As demonstrated in Sect. 2.3, the valuation of rebates is a study of
suitable hitting times, which we now define:

071 = inf{u > 0: S,‘Sj;u = Zt+u}
and

7, :=inf{u > 0: X, =z},
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where §% denotes the GOP and X the squared Bessel process of dimension four.
For rebates and barrier options, we find it convenient to let X be a squared Bessel
process of dimension four, started at exp{—rt}S‘S*. Consequently,
St+u = pr(u)v
for u > 0, and we have
oz =inf{lu > 0: Xy, ) =2},
where we use the notation

o) = (u+1) — p(t) = %GXP{nt}(eXp{nu} ~1).

This allows us to realize the following equality in distribution

1 4
o, =inf{u > 0: Xy, () =2} 4 (pfl(rz) = ;ln<l + ;77 exp{—m}tz>.

We can now easily compute the price of a rebate under the MMM. From the real
world pricing formula, (1.3.19), we obtain,

Roo (1) = Sf*E(g—

t+o; ¢

A[) ME(exp{ rozi} | Ar)

Ox
= ME(&:XP{_”P;](Q)} | A)

—rt} S 4 =/
exp{—rt}S;* E((l N _nexp{_m}fz) )
Z

—s r/n 1 Yansae—nts )
trom o e Farae, @ 45 forx =z

- 00 s gr/n— 1 Pan/ae—nt s (X)
z F(r/r/) I F—} ds forx >z,

for all # > 0, where we used Proposition 16.3.3 and x = exp{—rt}Sf*. The formula
employs the functions ¥ and ¢, which are given by

%(X)—x s Z(V x), (3.3.11)

where § refers to the dimension of the squared Bessel process under consideration,
in this case § = 4. Also, we have
2—

P (x) —x7 ¥(v2ax), (3.3.12)
where @ > 0, x >0, and /,(-) and K, (-) denote the modified Bessel functions of
the first and second kind, respectively. The functions ¥, (-) and ¢y (-) arise naturally
when studying one-dimensional diffusions, they are related to the Laplace trans-
form of the transition density of the diffusion under consideration, in this case the
squared Bessel process of dimension four. Clearly, pricing a rebate with 7' = oo
necessarily involves a one-dimensional integration, which can be performed using
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the techniques to be described in Chap. 12. The change of variables exp{—s} — u
turns this expression into an integral over a bounded interval, which can facilitate
the computation from a numerical point of view,

1l /1 Yt na )

R (t) z T'(r/n) f() ( In M) w—4r]/ae7n[ ea) du for x <z
e a r/n—1 ¢*4n/0{e*m inu )
Y=l o= — =y

forx >z,
¢—4r]/ae’”t Inu [©) -

1 1
T Jo (—nu
where x = exp{—rt}S,a*.
We now turn to a rebate with finite maturity 7 < co. Computing this expression,
the Laplace transform in Eq. (16.3.11) in Chap. 16 is used:

O lfJF‘Tz.tST eirtSt(S* —ro;
Rr.()=S8"E( —5" | A | = E(Ly, <r—re” " | A)
t+o;; <
e—rlSllS* _1( )
—r 77

= p E(l(p;l(TZ)ST—te Pt h i At)

e—rlSls* 477 —r/n
= - ! E(1r5<<p(T—t) <l + . exp{—nt}tz> .A,>.

‘We now compute the Laplace transform of the price of the rebate with respect to the
transformed time to maturity

x_ 1 o0 s r/n—1Ypransaents®)
Lg(Rr0)=1" prom o ¢y e 48 forx =z (3.3.13)
Sk P Joessr/n=1 Dpranjacms® o g
z B (r/n) /0 ¢ﬁ+4r]/ae’ms(z) -

for all 8 > 0, where we used Proposition 16.3.3 and x = e’”Sf*. Recall that ¥, was
defined in (3.3.11) and ¢, in (3.3.12). Pricing a finite maturity rebate involves two
numerical procedures: the integral needs to be evaluated, e.g. using the techniques
from Chap. 12, and consequently the Laplace transform needs to be inverted, e.g.
using the methodology from Sect. 13.5. For the numerical integration, performing a
change of variables, e™* > u allows us to write

_wﬁ+4n/ae*m Inu (x)

du forx <z
71///3+4q/ae_’7’ Inu ) -

1 1 -1
> 510 Jo (-

—lnu)’/”_l wdu for x > 7.

Lg(Rr-(1)) =
” X 1 1
z BT (r/n) fo ( gt an/ae— 1y @

In Fig. 3.3.12 we show the surface of the pricing function Rjg 50(-) for a rebate with
maturity 7 = 10 years and reference level z =50, « = 1, n = 0.05 and r = 0.04, as
a function of ¢ and Sf *.

We take the same approach to a barrier option as in Sect. 2.3 and recall
Lemma 2.1.9, which allows us to compute ¢, (-, -, -), the transition density of X
killed at z with respect to the speed measure. For barrier options under the MMM,
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Fig. 3.3.12 The rebate
pricing function Ry s50(-) as a
function of ¢ and Sf *

we find it useful to work with the Laplace transform Gfx (x,y), the Laplace trans-
form of ¢, (¢, x, y) with respect to time,

o0
Gitxi= [ e a oy dr
0
We point out that in Chap. 16, we provide explicit formulas for Gylx, y), which we
employ here, see Eq. (16.3.6) in Chap. 16. In particular, we focus on a European

call with strike K on an index, which is knocked out if the index breaches the same
deterministic barrier that was considered in the context of rebates.

A)
She

K +
Sf*E(L,WT_, (1 - —3> At)
Sbe

y exp{—rT}K +
= S;S E<lrz>(p,(T—t) (1 -
X (T—1)

(S — K)*

CP (1) = Sf*E(lH(,WT

)

5 o0 e—rTK . b
=Sz*/ 1- G0 (T — 1), e7"' 8, y)m(y) dy
e 'TK y

SS* 00
; / (v =Gz (0 (T — 1), x, y) dy,
K

where we used x = exp{—rt}Sts*, k =exp{—rT}K. In this computation, we used
the fact that the speed measure of a squared Bessel process of dimension four sat-
isfies m(y) = % We now compute the Laplace transform with respect to the trans-
formed time to maturity, which yields,
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00 Sd* 00 3
Lp(CFk (1) = /0 e”(é f <y—x)qz<u,x,y>dy)du (3.3.14)
ds

= ;/ (y_K)Lﬁ(qz(uvxvy))dy

5* o -
é/ (v —10)G5(x, y) dy, (3.3.15)
K

for all B > 0. As in Sect. 2.3, we find it convenient to analyze two cases separately:
the up-and-out call, where Sf * < Z; <= x <z and the down-and-out call, for
which S,‘S* 2~Z; <= x > z. It is clear from Eq. (16.3.6) in Chap. 16, that x < z
implies that G%(x, y) =0 for all y > z. Hence Eq. (3.3.14) yields

KVX
Lg(CP'k (D) = 8*/ (y—K)%ﬁﬁ(y)<¢ﬁ(X)— jﬂ(( ))w (x ))

Pp(2)
Vp(2)

if x < z. We point out that since wg = 1/2 for the squared Bessel process of di-
mension four, the factor 1/2 from (3.3.14) has disappeared. We now focus on the
down-and-out call,

¢p(2)

Lg(CP'k (1) = 8*/
Yp(2)

+s§*/ (y—x)(t/f,s(x)— e )¢ﬁ(x)>¢ﬁ(y)dy’

KVZ
e / (v — K)I/fﬁ(x)<¢ﬁ()’)

Vx

—Yp(y )) dy,

KVX

Vg (2)

(y—x) (W(y) ¢ﬂ()’)>¢f3 (x)dy

vz

for x > z. Again, the factor % disappears, due to the fact that wg = % for squared
Bessel processes of dimension four.

Finally, we point out that pricing the barrier option again involves two numer-
ical procedures: firstly, the integrals need to be computed numerically, e.g. using
the techniques from Chap. 12, and subsequently the Laplace transform needs to be
inverted, e.g. using the methods from Sect. 13.5.

3.3.4 Exchange Options

We now turn to exchange options, which entitle the owner to exchange one asset
for another. In particular, we extend the financial market discussed in this section,
which so far consists of the numéraire portfolio and the savings account, by adding
two risky securities, whose price processes are denoted by S¢ and S”. This problem
is interesting for two reasons: firstly because the dimensionality of the problem is
two and not one, as for the other contracts considered in this section, and secondly,
because the closed-form solution is expressed in terms of the so-called extended
doubly non-central beta distribution, see Sect. 13.3 in Chap. 13. Random variables
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following the doubly non-central beta distribution arise when one considers ratios
of two non-central Xz-distributed random variables. Moreover, in Hulley (2009)
the doubly non-central beta distribution was extended to also allow for one of the
non-central y2-distributed random variables to have zero degrees of freedom. This
extension is an important contribution, since non-central Xz-random variables with
zero degrees of freedom naturally arise in the context of the MMM.

In particular, for v > 0 and A1, A > 0, we define

X3 (A1)

XD+ x30)
where Bo,, (A1, A2) is an extended non-central beta distributed random variable with
degrees of freedom 0 and v and non-centrality parameters A and X,. Furthermore,
xf(k) denotes a non-central y2-distributed random variable with v > 0 degrees of
freedom and non-centrality parameter A. An algorithm to compute the extended non-
central beta distribution was presented in Hulley (2009) and is recalled in Sect. 13.4.

We now discuss the financial market in more detail. Having introduced the addi-
tional risky securities S¢ and S we recall that the market index is the numéraire
portfolio under the assumptions of the MMM. Hence the benchmarked prices
§a .= ga /8% and §b .= sb /8% of the two additional securities must be super-
martingales. From the pricing of the zero coupon bond performed in this section,
it is known that an inverted squared Bessel process of dimension four is a super-
martingale, hence we may model the benchmarked securities as follows:

1 A 1
Sq =7, and S§p:= =
X(pa wa

Bov(A1,A2) == (3.3.16)

~

where X¢ and X? are independent squared Bessel processes of dimension four,
which we assume to be given. We use deterministic time-transforms ¢, @”, which,
as in Hulley (2009), we do not specify further, and we refer to Platen and Heath
(2010), Sect. 14.4 for this approach to modeling the prices of two risky assets S¢
and S°.

The payoff of the exchange option is given by (S% — S};)“L. Consequently, the
real world pricing formula yields

sa Sb +
M(t):Sf*E<7( L ) A,).
S
We introduce some auxiliary notation,
s
S */Sa
Sx Pt t
Aa(t, 87, 87) = A (D)’
s 1 b
S*/S
S by ._ “t t
eSS0 =

where as before

Ay (1) :=@u(T) — @q (1),
Agp(t) = @p(T) — @p(1).
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We recall that x; 2 (%) denotes a non-central x2-distributed random variable with v
degrees of freedom and non-centrality parameter A and we use p(-, v, A) to de-
note the corresponding probability density function, and Bp (A1, A2) denotes the
extended doubly non-central beta distributed random variable with degrees of free-
dom 0 and v and non-centrality parameters A1 and A,. Now we price the exchange
option, where we closely follow Proposition 5.18 in Hulley (2009):

a _ ¢b\+
M(t):Sf*E(M A[>

Sy
= Sf*E(lsng? S | Ar)

T

- S;S*E(lsgzsg St | A)

A,)
Ab
A,)

b ST
_SIE 1Sa>Sb A

Sa

S‘S* 54
=S'E( 144 / A
0a ()= w,(T)X o (T)
3% 1 ob
S% /S
—SPE(1,4 —t A
d < Xuy =Xy XP !

op(T)
8« qa
—Sa (1 ra(t, SI,S) ’Az>

Aga()x3 (M, s SN <A@y (1) xF 57.8%)) 2()L (t, S , §9)

—Sf
dx  ob
A
xE(l b, 5. 57) ‘A,)

Aga (X2 (ha(t,57 SO <A@y (1) 3 (hp (8,57*,SP)) K2 (o, % sP))

o0
:Sf/o p(¢, 4,2 (1, 57", SP))

/A%mf Aa(t, S>, 59
« Aall, 575 5r)
0 &

% ), (t, 8%, SP)
—Sf’/o %p(g,axb(z,sf*,sf))

p(&. 4, 2a(r, SP*, S9)) d& d¢

Agp (1) ¢

x/OA“’”“) (£, 4, ha(t, S, 89)) dE d.

We now use (13.1.2) to obtain

M(t):S,“/O

Agp ()
Agq (1)

o]

P&, 0,0 (1, S0, S9) dE d¢

p(e st s) [

0
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Agp (1)

[’} A a(f)g
_S’b/o p(£,0, 15 (1, 8™, Sb))/o T pE A S ST)) g ds

=57 P(0< 057 50) = 20 3 on(0. 57 50)

a()
_stbp( 2(ra(t, S, 89)) < A%Et; Z(Ab(t’sts*’stb)))
a * a * A (t)
:S,P<0</30,4( ot 57" 57). 2(1. 5. 7)) < m)
" Apq(t
—Sf’P(ﬂoA()»b(f»Sf*’Szb)J‘a(t’Sf*’S’))>Acpa(t)+A)tph(t)>'

3.3.5 Transformed Constant Elasticity of Variance Model

In this subsection, we discuss the transformed constant elasticity of variance
(TCEV) model, which was introduced in Baldeaux et al. (2011c) as a generaliza-
tion of the MMM. The TCEV was motivated by the modified constant elasticity of
variance model, see Chap. 12 in Platen and Heath (2010), Heath and Platen (2002),
and also Cox (1996). In particular, on a filtered probability space (£2, A, A, P) with
the filtration A = (A;);>0 satisfying the usual conditions, see Karatzas and Shreve
(1991), we introduce a Brownian motion W = {W;, ¢t > 0}. The savings account
discounted GOP S“S* satisfies the following SDE:

A5 = () 2SN dr+ (o) TS aws, (3307

where S’g* > 0 is the initial value, and as for the MMM, af* satisfies

[
o =O‘o exp{nt},

where ag* > (0 and n > 0. We observe the following:

e for a = 1, we recover geometric Brownian motion;
o fora= % we recover the MMM.

The second observation motivates us to look for a connection between the TCEV
model and the squared Bessel process, which was also observed in Sect. 3.1 for the
CEV process. The advantage of such a link is that we can exploit the tractability of
the squared Bessel process. In the following, we focus on the case a € (0, 1), and
recall Proposition 8.1 from Baldeaux et al. (2011c).

Proposition 3.3.1 The process §% = {S’f *, t > 0} satisfies the following equality in
distribution:

2-2a 2a
S ti(t) >
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3—2a

=, and

where X is a squared Bessel process of dimension v =

(1 — a)(@))? 22 (expl2(1 — aynt} — 1)
2n ’

(1) =

In Baldeaux et al. (2011c), this model was parameterized via non-parametric
kernel based estimation techniques, see e.g. Florens-Zmirou (1993), Jacod (2000),
Soulier (1998). We now turn to derivatives pricing.

3.3.6 Standard European Options on the Index Under the TCEV
Model

In this subsection, we follow Baldeaux et al. (2011c) and price standard derivatives
on a market index, which we interpret as the GOP. As in the previous subsection,
we point out that even using a constant short rate process r = {ry, t > 0}, where
ry =ro, t >0, and rg is a fixed constant, zero coupon bonds are index derivatives
under the benchmark approach and typically stochastic. Furthermore, the price of a
zero coupon bond can be used to confirm if an equivalent martingale measure ex-
ists or not. Using a constant short rate, and setting S? = exp{rt}, we now compute
the price of a zero coupon bond. We alert the reader to Lemma 13.1.1, where use-
ful identities pertaining to the y2-distribution are presented. Using these relations,
tractable expressions for standard derivatives under the TCEV model are easily de-
rived, where we employ the notation
B (gf*)Z(lfa)

Apt)=¢(T) =),  A(t,5") = M)

(K /S92 =
S e
and use p(-, v, A) to denote the probability density function of a non-central x2-
distributed random variable with v degrees of freedom and non-centrality param-
eter & and ¥ (-, v, L) denotes the corresponding probability distribution function.
From the real world pricing formula (1.3.19), we have, where § = % denotes the
dimensionality of the squared Bessel process,

x(1)

1
PT(t)ZSIS*E(—B At>
Syt
5050 1
=2 e (o |4)
2-2a
T X
805 1

= 5 / ——p(y. v, A1, 57)) dy
St Jo (Ag(t)y)7=

- 1
S0 °°<k(t, Sf*)) =] s
=2t 2o v, A (2, %)) dy.
5 ; p(y, v, A(t, 8%)) dy
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We now use (13.1.8) to conclude,

S [ by
PT(I)=—0/ p(A(t, 57). v, y) dy

St Jo

0

!

S - 1

= Ju (3.5 12.0).

S7 1—a

where the last equality used (13.1.9). As in the previous subsection discussing the
MMM, the above calculation allows us to confirm that an equivalent martingale
measure does not exist for the TCEV model. The candidate Radon-Nikodym deriva-
tive process A = {A;, t > 0} is again given by

s

S %

At = _g
S

and we compute
=5,

SO
E(Ar | Ap) =E<-5*
ST

AO) = W()\.(l, S;S*), ﬁ,O) < 1.

This calculation allows us to conclude that an equivalent martingale measure does
not exist and that risk neutral pricing is not applicable. We hence continue to employ
real world pricing, now turning to call options.

The real world pricing formula (1.3.19) yields the following price for a call op-

tion:
A)

)

1

= Sf* /00(1 — <&) 22a)p(y, v, A(t, S';s*))dy
x(1) y

= 5P (1=w (x(0).v. (1. 577)))

1

— Sf* fOO (ﬁ)mp(y, v, A(t, S'f*))dy.

o\ Yy

Sy —K)*
cr k(1) = S;S*E<T75
S

We now compute,

1
00 )\ 2-2a _
S,‘S*/ <£> p(y,v,)»(t,S,‘S*))dy

®) y
- 1
KB, [ (it 5>\ s
B l/ ( t p(y.v. (. S;7)) dy
T Jx@) y
_ KB

@l/(z\(t,Sf*), %,x(t)>,

Bt
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where we used (13.1.8) and (13.1.10). Hence we arrive at
Ose GO KSto GO 1
cr k() =S (1 =¥ (x@), v, 2(1, 57))) — i A, S7), T x0).

T
A)
Sox
+
() |4)
b

O 7 x (1) b -
=s§*/0 (x—> (v (1, §5)) dy

y

s [ )
_s,*/o (. v 2 (1. 57)) dy

1 =5 1
5 x(1) )22a /‘x(t)()\(t’ St*))‘zza s
=% - L A p(y, v, A(t, %)) dy
’ <x(r,s;3*) 0 y ( (r:57))

5 [0 )
—St*/o p(y,v,)»(t,St*))dy

KS? < 1 5 !
5o L5 0) w5 )

T
— 7w (x (1), v, A (1, §)).
The computed prices of the zero coupon bond, the call option and the put option
satisfy the put-call parity,
pr.k(0) = ek (1) = S7* + K Pr (o).
We also look at binary call and put options. From the real world pricing formula
(1.3.19), we obtain the following price for a binary call option

‘We now price put options:

(K —s9)*

pri(t) = Sf*E(

1
B
BCr.x(t) =S, E(IS(;*>KE ./4[)

T

1

SO XZ—Za

=S_6E(1 . . ga(f) A;)
XS K/S 2-2a
T o) = /TX(;(;)

— 1
0 °°<m,sf*)>zza s
= — ply, v, A(t, 8))dy
o, (0. 4(1.57))

Sp [

SY Jeay

= exp{—r(T — t)}W(A(t, S'f*), ﬁ,x(r)),

p(k(t, S’f*), v, y) dy



94 3 Functionals of Squared Bessel Processes

where we used (13.1.8) and (13.1.10). Regarding binary put options, we compute

1
BPT,K(r)=s>;‘%5(1s§*skE At>
T
=
S0 o
= (L | 4)
X222 < g/s0 73
T o) = /TX(;(%)
- 1
S “”(x(t,S?*))w <
=— —_— ply,v,A(t, S;*))dy
() e st
SO x(t) _s
:—6 p(A(r, 87%), v, y)dy
St Jo

_5(y (1, 57%) L o)-w A(t, 57%) Lo
T A A '

We again confirm that
BCr k(1) + BPr x(t) = Pr(),

as should be expected.

3.3.7 Rebates and Barrier Options Under the TCEV Model

We now consider path-dependent options under the TCEV model, namely rebates
and barrier options. The aim of this subsection is to show that the link with the
squared Bessel process can again be exploited to price these options.

As in the preceding subsection, we recall that a rebate on a market index, inter-
preted as the GOP, pays one unit of the domestic currency as soon as the index hits
a certain level, should this occur before 7 > 0. The trigger is, as before, assumed to
be a deterministic barrier, Z; := zexp{rt}, z > 0. We, therefore, define two hitting
times:

Ozt = inf{u > 0: Sfj;u = ZH_,,}
and
7, =inf{u > 0: X, =z},

where §% denotes the GOP and X is a squared Bessel process of dimension § =
3=2a - A for the MMM, we find it convenient to introduce X as a squared Bessel

1—a
process of dimension 4§, started at X = x22a

, where x = exp{—rt}S,‘s*. Since

1
oOx i 2-2a
Stdu = X<Pr ()’
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we have
0z = inf{u > 0: Sfj;u = Zt+u}
= inf{pr(u) =7z},
where 7 = 72724 and
o) =p+1)— @)
_ (1 _ a)(ag*)2—2ac2

2 exp{Z(l — a)nt}(exp{Z(l — a)nu} — 1)

- j—g explit} (exp{ju} — 1),

where & and 7 are defined in the last equality and introduced for convenience. We
hence obtain

. -~ d 1 4n -
Ozt = inf{u > 0: X(p,(u) =7} = (2 (tz) = %ln &_0 exp{—ntjtz +1).
The real world pricing formula (1.3.19) yields
1
Rooz (1) = Sf*E(T At)
1
sl |4
! Zt+az,, '

t+o;;
Sf* exp{—rt}
=———FE(
z

exp{—roz+} | -At)

=

X E(expl e )] | 4)

4n —r/i
= —E(<~— exp{—nt}t; + 1)
ao

= ™

Z

)

r/;)f] 1;[/'4)7/510 exp{—it}s (%)

_ forx <7
Van/ag expl—iiths (2) orx=z

zFxT;) fooo exp{—s}s

r/ii—1 $an/ag exp(—iir}s () d

—~ds forx>7Z
Pan/ag exp(—it)s (2) Z%

TO Jo~ exp{—s}s
i

where we used Proposition 16.3.3, x = Sta* exp{—rt}, ¥ = x> = Xy, and 7 =
2—-2a
z .
We now study finite maturity rebates. From the real world pricing formula
(1.3.19) it follows
4)

3

= gE(lgme—t exp{—roz} | At)

1

S t4+0,:<T
Rro(t) = S,*E(—a* ’
t+oz.t

=S*E <4IGZ~’<T"
Zt—i—ﬂm
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X 4 . —r/i
= —E(l,qut(r_,) (1 + ~_’7 exp{—nt}rg) A,).
Z o0

We now compute the Laplace transform of the price, with respect to the transformed
time to maturity, where we employ (16.3.11) from Chap. 16:

X

= ~E(Lyer oxp{—ror ()} | A)

Lp(Rr.: (1)
_x %0gnt oygr/i—1 Vg et () - s
) #Bre/n f() exp{—s}s Y p-ran/ag expi—iit}s (2) s forx=z
T o % expf s )/ P ent i D) e
s o expl=sls Bpamagesl @ 45 T ¥ =72,

where x = exp{—rt}S,‘s* and ¥ = x>72 = X ).

Now we consider barrier options and recall that ¢, (-, -, -) denotes the transition
density of X killed at z with respect to the speed measure. The Laplace transform
of g, (t, x, y), with respect to ¢, is denoted by

o0
Gi(x.y) = /O expl—at)g.(t. x. y) dr.

We recall that explicit formulas for Gfx (x,y) are given in Chap. 16, see (16.3.6).

0y2(1—a)
Recalling that x () = K/$)=0

o (T=D where ¢, (T —t) = @(T) — ¢(t), we have

SO A’)

K +
= sf*zz(lgz,tﬂ_, (1 — —5> A,)
Sy

K/SO +
= S;S*E(lfz>¢r(T—t) (1 - 17T>

S
Sy —K)*t
CP(t)=SE (1,+gz’,>r =T

)

2—2a
X (T—1)
1
o0 x(t) 2=2a +~ ~
_ ;s*/()<1_<7> ) @z (@ (T — 1), %, y)m(y) dy,
x(r

where m(-) denotes the speed measure of X. For a squared Bessel process with
index v = % — 10, m(y) =y"/(2|v]). Hence, one has

o i qz T —t ) ~7
C%Lf;((t) _ Sf*/ (yﬁ _ (x(t))z,zf,)‘k((pt( )X, y)
x(0) 2v|

dy.

As before, we now compute the Laplace transform with respect to the transformed
time to maturity, which yields:

Lg(CF'% )

* Sf* R TN .
:f exp{—pBu} / (y=2 —x72(1))g:(u, %, y)dy | du
0 2| Jx
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e T -
= (y72 —x72% (1)) Lg(g:(u, X, y)) dy
2wl Jx
SEOL
= yFu —x 7% (1) Gy(X, y) dy, (3.3.18)
2|v] x(t)( ) P

for all B > 0. Again, we focus separately on up-and-out calls, where Sf " <Z
x <z <= X < Z and down-and-out calls, where S,‘S* >7 &= x> 7 <—
X > z.Itis clear from Eq. (16.3.6) in Chap. 16, that X < 7 implies that G% x,y)=0
for y > z. Hence

Lg(CF'k ()

x(H)vx 1 1 ~
s / (yE7 — T3 (0)) () (¢,3 ® - 29 oz)) dy
x(1) Vg (2)

xOve 1 . ¢s(2)
+S‘s*/ 2-2a — x2-2a ( _ 95 - )d
" s (v xT2% (1)) Y ()| pp(y) e Vs (y) | dy

if x < z. We note that wg = 1/2|v| for the squared Bessel process of index v =
% — 1 # 0. Hence the factor 1/2|v| from (3.3.18) disappeared. For the down-and-
out call, one has

Lg(CF'x (1)
x(t)vx . | B
- Sts*/ (y2 —xm(t))(llfﬁ(y) 1% ¢ﬂ(y)>¢ﬁ(i)dy
*(Nvz 9p(2)
Ss*foo s < ~ _W(?) ~) .
+ 5 x(t)v)z(yz 2 X 22 (t)) Yp(X) —¢ﬂ(Z)¢ﬂ(X) dp(y)dy

if x > z. Again, the factor 1/2|v| from (3.3.18) disappears, since wg = 1/2|v| for
the squared Bessel process of index v =4 — 1 0.

3.3.8 Exchange Options

In this subsection, we study exchange options, which entitle the owner to exchange
one asset for another. As before, we add to the financial market two risky securities,
whose price processes are denoted by S¢ and S”. We recall that the benchmarked
price processes §a = ga /8% and §b .= b /8% must be supermartingales. As dis-
cussed above, in the TCEV model, if Xga is a squared Bessel process of dimension

3—2c
T—er> then

5 = 31__2;1‘ ,and X Z;; is a squared Bessel process of dimension §, =

N 1 ~ 1
S¢ = - and S?:= —_—

(x5 (X},
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are supermartingales, where ¢ € (0, 1) and ¢, € (0, 1). Again, ¢ and (pb denote
deterministic time transforms, which we do not need to specify further, see Hulley
(2009).
The payoff of the exchange option is, as before, given by (S7 — S?)‘*, and the
real world pricing formula (1.3.19) yields:
At) .

b
(8§ —sp
_ (S;S*/Sta)Z—ch

Soe
)\,a ::)\,a(I,S;S*,Sta) = W,
a

(S;S* /Stb)2_2C2
Agp(t)

where Agi(t) = o (T) — @i (t), k € {a, b}, and we recall that Xf(k) denotes a
non-central y2-distributed random variable with v degrees of freedom and non-
centrality parameter A and ¥ (-,v,A) the corresponding probability distribution
function. Hence

A)

sa _Sh +
S;S*E(( T T)
1,

L
St

>Sh
a 72 7T
Xgu(r)) "

1
A)

Xy, )7
1
A 2-2¢;
= SaE<1Aa b (—a> At)
FUET o ()
1
Ab 22
i) 14
USRS G ()
A 2-2c¢
:S;‘E(l 2-2¢; ( P 2 ) I ‘A[)
AgaxF, )= (Bop 03, 00 772 \ X5, (ha)

A 2-2cp
— Sth<1 2-2¢) ( 3 b )
AgaOxE ) S(App O3, Go) T2 \ X5, (M)

272c1
(Apy()0) 2732
Boa)

M(t) = Sf*E(

We use the notation

Ab IZAb(I,Sf*,Stb) =

1
=S*E

)

—S*E

1
Aa\ T2
2-2¢
1 (Ag,00) 2722

b [ Ap\ 722 LY0)
_Sl/(; p(§7827)\'b) ? /(; P(é’al’)\a)dsdg

ZSf/ P(€,32,lb)/
0 0




3.3 Selected Applications to Finance 99

Regarding the first term, we have

2-2¢

(Ag,()0) 2722

Aga (1)

o0 PR
5¢ / (.82 00) / p(§,81,)»a)<—> dE dt
0 0 &

2-2¢;
2-2¢
a [ <Awbg3ﬁi)(f) -
=St 0 p(€a827)"b) 0 p()"a781aé)dgdg
2-2¢)
oo A t 2-2cy
0 A (1)
= - - < .
( (a1 =20 (X‘“< A¢a() )‘ ))
Regarding the second term, it follows using (13.1.8) and (13.1.10) that
2-2¢
oo 1\ 2 L <A<ﬂbg>r>(2;2“2
b 42 Ya
s? / PG, 52,?»17)(—) / P(E.51.0q) dE d
0 ¢ 0
2-2¢)
o <Awbg>;>(2)‘202
@a (t
=Stb/0 P(?»b,Sz,C)/O p(&,81,Ad)dEdL
o0 o0
=Sf’/ P&, 81, Aa) (Aw([)s)ijﬁﬁf p(hp, 82, 8)de dE
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o (Apq( )E)#
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=S”/ (£.81, 1 >Lv<xb,8z—2, —)ds
“Jo P ‘ Agp(1)
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(A@a () X5 (ha)) 1
=SbP(X2_ ( ‘ )5/\,,).
SN Agy (1)
Finally, we get
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5 22
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Chapter 4
Lie Symmetry Group Methods

A basis for the availability of explicit formulas for derivative prices under the Black-
Scholes Model (BSM) and the quadratic models, which we discussed in the previous
sections, is the explicitly available transition density for these models. Therefore, it
is important to find systematically further diffusion dynamics with explicit transi-
tion densities. In this chapter, we show how to obtain transforms, usually Laplace
and Fourier transforms, of transition densities of various diffusions beyond the ones
we have already studied. Our approach is based on Lie symmetry methods, and has
been developed by Craddock and collaborators, see Craddock and Platen (2004),
Craddock and Lennox (2007, 2009), Craddock (2009), and Craddock and Dooley
(2010). The following motivation follows closely Sect. 2 in Craddock and Lennox
(2007). All concepts referred to in this motivation are explained in Sect. 4.2 in more
detail. Readers interested in the technical details of Lie symmetry analysis are re-
ferred to Bluman and Kumei (1989), and Olver (1993).

4.1 Motivation for Lie Symmetry Methods for Diffusions

We consider the following partial differential equation (PDE), which for our pur-
poses will typically be the Kolmogorov forward or backward equation for a diffu-
sion, or a PDE resulting from the Feynman-Kac formula, see Sect. 15.8 in Chap. 15:

uy=P(x,u™) xefcHn 4.1.1)
Here P(-,-) is a differential operator, x and ¢ are independent variables, and u is
the dependent variable, and n denotes the number of derivatives ud @

in x, we typically have n = 2. Lie’s method, see e.g. Olver (1993), allows us to find
vector fields

v=E8(x,t,u)oy +T(x, 1, u)d +@(x,t,u)dy,

which generate one parameter Lie groups that preserve solutions of (4.1.1). It is
common in the area to denote the action of v on solutions u(x, t) of (4.1.1) by

p(exp{ev})u(x, ty=o(x,t; e)u(a1 (x,t;€),a(x,t; 6)) “4.1.2)
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for some functions o, aj, and a;, where € is the parameter of the group, o is referred
to as the multiplier, and a; and a; are changes of variables of the symmetry. For the
applications we have in mind, € and o are of crucial importance, € will play the role
of the transform parameter of the Fourier or Laplace transform and o will usually be
the Fourier or Laplace transform of the transition density. Following Craddock and
Lennox (2007) or Craddock et al. (2009), we assume that (4.1.1) has a fundamental
solution p(x, y, t). For this book, it suffices to recall that we can express a solution
u(x,t) of the PDE (4.1.1), subject to the initial condition u(x,0) = f(x), in the
form

u(x,r>=/9f(y>p(x,y,t)dy, .13

where p(x, y,t) is a fundamental solution of (4.1.1). The key idea of the transform
method is to connect (4.1.2) and (4.1.3). Now consider a stationary, i.e. a time-
independent solution, say ug(x). Of course, (4.1.2) yields

p(exp{ev})uo(x) =o(x,t; e)uo(al(x, t; 8)),

which also solves the initial value problem. We now set ¢t = 0 and use (4.1.2) and
(4.1.3) to obtain

fﬂo(y, 0; e)uo(al(y, 0; e))p(x, y,t)dy =o(x,t; e)uo(al(x, t; e)). (4.1.4)

Since o, ug, and a; are known functions, we have a family of integral equations for
p(x,y,t). In Sect. 4.3, we will discuss as an example the one-dimensional Black-
Scholes PDE, which can be reduced to the one-dimensional heat equation

1
U = Eazu“. (4.1.5)
We will show that if u(x, r) solves (4.1.5), then for € sufficiently small, so does
2

€

- €t
u(z,t) =exp{— — ;}u(z —te,t).

202
Taking ug =1, (4.1.4) gives

foo ye ( 0d €2t xe
eXpy——3 (P& ), =eXpP{=— — 5 (-
| PP Tz [Py Ddy=expi s 5 -

Setting a = — 5, we get

azazt

/ explaylp(x,y,t1)dy = eXp{

+ax } . 4.1.6)
—00
We recognize that (4.1.6) is the moment generating function of the Gaussian distri-
bution. So p(x, y, t) is the Gaussian density with mean x and variance o%r. We alert
the reader to the fact that € plays the role of the transform parameter and o (-, - ;-)
corresponds to the moment generating function. Finally, we recall a remark from
Craddock (2009), namely the fact that Laplace and Fourier transforms can be read-
ily obtained through Lie algebra computations, seems to suggest a relationship be-

tween Lie symmetry analysis and harmonic analysis. We refer the reader to Olver
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(1993), where this relationship is explored in more detail. It allows one to find tran-
sition densities for several other diffusions beyond those previously mentioned in
this book.

We now recall some concepts of Lie symmetry analysis, which shall allow the
reader to appreciate some of the ideas behind the results subsequently presented.
This listing of facts is not aimed at being a rigorous introduction to the topic. The
reader interested in studying this method in more detail is referred to Bluman and
Kumei (1989), and Olver (1993).

4.2 Some Basic Facts of Lie Symmetry Analysis

The structure of this section is as follows: in Sect. 4.2.1, we introduce symmetry
groups of PDEs, and in Sect. 4.2.2 we discuss Lie groups, their associated Lie al-
gebras, vector fields and finally Lie algebras of vector fields. Finally, in Sect. 4.2.3,
we discuss prolongations, which allow us to link the two concepts, i.e. they allow us
to determine when the Lie group generated by a particular vector field is the sym-
metry group of a PDE. This crucial link was originally established by Lie, see Lie
(1881). Finally, we point out that this section follows closely Chap. 1 of the book
manuscript (Craddock 2013).

4.2.1 Symmetry Groups of PDEs

In this chapter, we consider single differential equations of order n in m variables
on a simply connected subset £2 € %"™. We denote the PDE, as is common in the
literature on Lie symmetry analysis, by

P(x, D"‘u) =0,
where P is a differential operator on £2 x 3,
glel
D%u = 4 ) O’
axy' .. 09Xy,

o= (ai,...,0n),isamulti-index, o; € N, i €{1,...,m}and |e| =1+ +otp.
Definition 4.2.1 A symmetry group of a differential equation is a group of trans-
formations acting on the independent and dependent variables of the system such

that it maps solutions of the equation to other solutions. To be more precise, let H p
denote the space of all solutions of the PDE

P(x, D“u) =0.

A symmetry S is a mapping of Hp into itself, i.e. S: Hp — Hp. Thus if u € Hp,
then we must have Su € Hp.
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To give the reader a feel for symmetries, we present a trivial example.

Example 4.2.2 For the one-dimensional heat equation,
U = Uxy, “4.2.7)

it is well-known, that for an e sufficiently small, u(x + €,¢) and u(x,t + €)
are also solutions of (4.2.7). Hence the mappings p(e)u(x,t) = u(x + €,t) and
w(e)u(x,t) =u(x,t+ €) are symmetries.

The reason for introducing symmetry analysis is that some symmetry groups can
map trivial solutions, in some cases u = 1, to interesting solutions, such as the tran-
sition density of a Brownian motion with drift, as we will illustrate in Sect. 4.3. How
does one come up with these interesting symmetry groups? The answer will be given
in Sect. 4.2.3, where we present theorems due to Lie and Olver, which essentially
give us a mechanical procedure for calculating symmetry groups mapping trivial
solutions to interesting ones. The key observation, due to Lie, is that under certain
conditions, which he showed to be necessary and sufficient, see Theorem 4.2.11, an
analytical problem can be reduced to an algebraic problem. Calculation of symme-
try groups can be reduced to the problem of computing vector fields, see Sect. 4.2.3.
By exponentiating this vector field, see Sect. 4.3 for an illustration, one can com-
pute the symmetry groups of the PDE under consideration, as it is generated by the
given vector field. Next, we introduce Lie groups, Lie algebras, vector fields and Lie
algebras of vector fields, see Hall (2003).

4.2.2 Lie Groups

Many Lie groups, though not all, can be realized as matrix groups, which are closed
subgroups of the general linear group. We need the definition of matrix Lie groups
when introducing Lie algebras.

Definition 4.2.3 The general linear group GL(n, i) is the group of all n x n invert-
ible matrices with entries in %, and GL(n, C) is the group of all n x n invertible
matrices with entries in C.

We can now define a matrix Lie group. In the next definition, convergence of
matrices is understood componentwise, i.e. {4,};° | converges to A, if each entry
in A, converges to the corresponding entry of A, where convergence is understood

in the sense of convergence of sequences in ) or C.

Definition 4.2.4 A matrix Lie group of dimension n is a closed subgroup of the
general linear group GL(n, i) or GL(n, C).
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In this book, we restrict ourselves to matrix Lie groups. Next, we introduce Lie
algebras. In Definition 4.2.5, we will show how to associate a Lie algebra with a
given matrix Lie group. Consequently, analytical problems on the matrix Lie group
amount to algebraic problems on the associated Lie algebra. For the purpose of
this chapter, it is important to realize that when computing the symmetry group
of a PDE, we actually compute its Lie algebra. The latter can be achieved using a
mechanical procedure, due to Lie. We illustrate this in Sect. 4.3, but it should suffice
as a motivation for introducing Lie algebras. We now introduce Lie algebras and Lie
brackets.

Definition 4.2.5 For a given matrix Lie group G of dimension n, the Lie algebra of
G consists of the vector space of n x n matrices A, for which the matrix exponential

A? >, AK
exp{A}:I+A+7+...=I§FeG. (4.2.8)

In other words, the Lie algebra of G is defined to be
g :={AeM,: exp{A} € G},

recalling that M, is the space of n x n matrices. For A, B € g, the Lie bracket is
[A,B]:= AB — BA.

The commutator
[A,B]=AB — BA

of two square matrices A, B is known as the Lie bracket of A and B and plays a
central role in the theory of Lie algebras. For a proof of the following theorem we
refer to Hall (2003).

Theorem 4.2.6 The Lie algebra of a matrix Lie group is a vector space which is
closed under Lie brackets.

Every finite dimensional Lie algebra can be realized in terms of first order dif-
ferential operators. So far, we have considered Lie algebras which are vector spaces
of matrices. However, equivalently, one can also introduce Lie algebras as vector
spaces of first order differential operators,

m
v(f) = E(x.1)dy + (x, u)dy, (4.2.9)
k=1
where 9, denotes the partial derivative with respect to x. We now define a Lie alge-
bra of vector fields. We also include the closure under the Lie bracket as part of the
definition.

Definition 4.2.7 Consider a collection of n linearly independent vector fields V =
{v1, ..., v,}. Define the Lie bracket of v; and vy by

[vi, vel f = vi (v ) — ve(v; f).
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Suppose further that for any vectors v;, v;, 1 <i < j <n, we have

n
_ k
[vi,vj]= E Ci, jVks
k=1

for some constants cf i Denote the linear span of V by G. Then G is an n-

dimensional Lie algebra, with basis vectors {vy,...,v,}. The numbers cll.‘ . are

known as the structure constants of the Lie algebra. The Lie bracket of v and w
satisfies

[v,aw + bz] = al[v, w] + b[v, 2]
l[av+ bw, z] = alv, z] + b[w, z]
[v, w] = —[w, v]

[v.[w, z]] + [z, [v, w]] + [w, [z, v]] =0.

The last identity is referred to as Jacobi’s identity.

We mentioned earlier that instead of dealing with analytical problems on the Lie
group, we instead choose to deal with algebraic problems on the Lie algebra. Lie
algebras generate Lie groups via the exponential map. For the matrix Lie groups
we previously discussed, this exponential map is simply the matrix exponential, see
(4.2.8). For Lie algebras of vector fields, this exponential map is the Lie series,
which we now introduce.

Every vector field v, see (4.2.9), whose coefficients &, ¢ are sufficiently well-
behaved, generates a one-parameter Lie group. The local Lie group will be called
the flow of v, denoted exp{ev}, where € is the notation for the parameter of the
group. The notation exp{ev} is motivated by noting that the action generated by v
can be obtained by summing the so-called Lie series,

€2 >, en
f(explevix) = f(x) +ev(f) + 5aﬂ(f) o=y mv"(f), (4.2.10)

’ n=0 "
where v is tangent to a manifold M and f € C°°(M). Compared with the matrix
exponential, the map sending v to exp{v} can be understood as the exponential map
for vector fields. Of course, the issue of convergence of the series in (4.2.10) needs
to be addressed. In this chapter, we simply assume that it converges, at least for €

sufficiently small.

In principle, we could use the Lie series to determine how the group generated
by v acts on the function u. However, the Lie series does not turn out to be a useful
computational tool. Instead, we will use the following theorem, which appeared in
Olver (1993), Chap. 1, to determine how the group generated by v acts on u and the
independent variables x.

Theorem 4.2.8 Suppose that the vector field v is tangent to the smooth manifold
X x U CH" x N and takes the form (4.2.9). Let the group of transformations gen-
erated by v act on the point (x,u) € X x U. If we denote the transformed variables
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by (x, it), then the new variables satisfy the following system of ordinary differential
equations

D i), k=1,....m
de
di -
a :¢(x’u)v
with the initial data X, (0) = xx, k=1,...,m,and u(0) = u.

Intuitively, one can think of the group generated by v as acting on the graph
of u, denoted by (x, u), transforming it in some manner. The transformed graph is
obtained from Theorem 4.2.8, and hence we write

exp{ev}(x,u) = (x, ). (4.2.11)

Equation (4.2.11) describes how the one-parameter group generated by v acts on
solutions of the PDE. However, we are primarily interested in knowing when the
group generated by v is a symmetry group, i.e. when does it map solutions of (4.1.1)
to solutions of (4.1.1).

This question will be answered in the next subsection, the crucial ingredient be-
ing prolongations.

4.2.3 Lie’s Prolongation Algorithm

We remark that a detailed discussion of Lie symmetries requires substantial tech-
nical tools from areas such as differential geometry and the theory of jet bundles.
On the other hand, the computation of Lie symmetries is a mechanical procedure,
thanks to Theorem 4.2.11 presented in this subsection. Deliberately, we present the
computation of Lie symmetries as early as possible. Readers interested in the tech-
nical background are referred to Olver (1993).

Firstly, we need to understand how a symmetry group acts on the independent
variables x, the solution «, and the derivatives of u, since we deal with a PDE. For
concreteness, let X € N and U € N be smooth manifolds and consider a PDE

P(x, D) =0, (4.2.12)
where x € X and u € U. For a solution u of (4.2.12), we denote its graph by
Lo={(x,u(x)): x € X},

which is obtained from u as x takes values in X. We find it convenient to abbreviate
(x,u(x)) by (x,u). Clearly, when a symmetry group G of (4.2.12) acts on u, we
obtain a new solution i (X), the graph of which we denote by I'};. However, we also
need to understand how a symmetry group G affects the distribution of u. This is
where prolongations come into play: the n-th prolongation of G, pr" G, extends the
action of G to (x, u) and also all derivatives of u, up to order n, as the following
definition formally states.
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Definition 4.2.9 To determine pr”* G, let D" be the mapping
D" u) = (X, U Uy Uy xy) = (x, u(”)).
Then the n-th prolongation must satisfy
D'"oG=pr"GoD".

Intuitively speaking, Definition 4.2.9 says that applying the symmetry group G
to (x, u) and subsequently differentiating has the same effect as differentiating first
and acting on the derivatives with the prolongation of G. Finally, the n-th prolonga-
tion of the symmetry group G has an infinitesimal generator, pr” v. A geometrical

interpretation of pr” v can be found in Olver (1993). We are now in a position to
introduce the n-th prolongation of a vector field.

Definition 4.2.10 Given a vector field v with corresponding one-parameter group
exp{ev}, we define the n-th prolongation of v, pr” v, to be the infinitesimal generator
of the corresponding one-parameter group pr’ [exp{ev}],

d
L N [explev}] (x, ™).

The next result tells us when a one-parameter Lie group generated by v is a
symmetry group of a PDE, which is the central result of Lie symmetry analysis.
Theorem 4.2.11 (Lie) Let

P(x, D%u) =0, (4.2.13)

be an n-th order partial differential equation. Let v be a vector field of the form

p
v=> & (x,1)d +¢(x. u)d,.

i=1
Then v generates a one parameter group of symmetries of (4.2.13) if and only if
pr' o[ P(x, D*u)] =0 (4.2.14)

whenever P(x, D*u) =0.
Next, we give an explicit formula for pr” v, which is due to Olver (1993).

Theorem 4.2.12 (Olver) Let

P
v= Zgi(x, u)d,i + ¢ (x,u)d,

i=1
be a vector field defined on an open subset M C X x U. The n-th prolongation of v
is the vector field

prlv=v+ Zqﬁj(x, u(”))a,”
J
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defined on the corresponding jet space M™ C X x U™, the second summation be-

ing over all (unordered) multi-indices J = (j1, ..., ji),with1 < jy < p,1 <k <n.
The coefficient functions ¢7 of pr’ v are given by the following formula:

)4 P
o/ (x.u) = D, (¢ _ zsfui) P e,
i=1 i=1

duy
oxt’

where u; = %, anduy ;=

and Dy is the total differentiation operator.

We remark that vector fields satisfying (4.2.14) are referred to as infinitesimal
symmetries. The next theorem states that the set of all infinitesimal symmetries of a
PDE forms a Lie algebra.

Theorem 4.2.13 Let
P(x, D"‘u) =0, (4.2.15)

be an n-th order partial differential equation. Let the set of all infinitesimal genera-
tors of symmetries of (4.2.15) be g. Then g is a Lie algebra.

From a practical point of view, as we will illustrate in Sect. 4.3, we apply Theo-
rem 4.2.11 to a given PDE, utilizing the formula for pr” v given in Theorem 4.2.12.
The result is a set of determining equations for the coefficients £ and ¢ in (4.2.9).
These can often be solved by inspection. However, we also recall at this point our
earlier remark that the process of computing the infinitesimal symmetries is me-
chanical. This begs the question if software packages exist, which allow the user to
perform these calculations. This is in fact the case, and we refer the reader to Bau-
mann (1998) and Cantwell (2002). These packages could be, for instance, employed
to verify the results we present in the next section.

4.3 An Example: The One-Dimensional Black-Scholes PDE

In this section, we illustrate the computation of Lie symmetry groups using the
Black-Scholes PDE. However, we remark that via a well-known change of variables,
we essentially reduce the problem to the computation of symmetries of the heat
equation, the canonical example of Lie symmetry analysis, assuming the underlying
asset follows geometric Brownian motion.

It is well-known, see e.g. Black and Scholes (1973), Merton (1973), that for a
suitable payoff function H(.), the option pricing formula V' (.,.) satisfies the Black-
Scholes PDE

v, S aveE,s) 1 2V, S
( )+rS ( )+_0252 (t, )
ot aS 2 952

—rV(, S)=0, (4.3.16)
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fort € [0, T) and S € (0, 00), with terminal condition V (T, S) = H (S). We perform
the following change of variables: T = T — ¢, and obtain the PDE

AN 1 2Szazv s v o
- +z0 — +rS5— —rV =90,
dt 2 352 S

where, for convenience, we drop the explicit dependence of V on 7 and S. Conse-
quently, we set u = V exp(rt), which yields the PDE

du 1 5 0% du
I § S ey
or 7277 952 T 0%

and finally, we set

to yield

oy 122 4.3.17)
_— —0 —= = VU. .
ot 2 972

Equation (4.3.17) is of second order. Therefore, we employ the second prolonga-

tion, and we have p = 2, i.e. we deal with two independent parameters, z and t.
Theorem 4.2.11 yields that v generates symmetries of (4.3.17), if and only if

1
pr2 v|:—02uZZ — ur] =0
2
whenever u,; = %ozuu, where
v=g' L gl
- 0z at " ou’
From Theorem 4.2.12 we obtain the second prolongation

Pl o =04 ¢ 0. + ¢ . + ¢ . + 7 . + O B

and apply it to Eq. (4.3.17) to obtain

1 1
pr? v|:§02uu — u,] =—¢" + Eaqu“. (4.3.18)

Consequently, we need to compute ¢* and ¢**. From Theorem 4.2.12 we obtain
@' = Dr(¢ _‘51’41 _gzur) +‘§luzr +$2urr
=¢; + Py — %_fluz - s,}”z”r - g?”r - 53(141)27
and

¥ = Dzz(¢ _%'luz - 52“t) +§1“zzz +€2SZU‘
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Table 4.3.1 Coefficients for

the constant, u, and the Term LHS RHS
derivatives of u |
1 Lot iaz‘pzz
Uz _S-L! (Uzd)zu - %UZSZIZ)
g2 _hgly 1 242
U (bu —§&7) (du —28;) 70 &
Uzur —5,,] _SEul - Uzszzu
u? & &
u; 0 302 (buu — 261,
Uzr 0 _02%_52
UzlUzr 0 _‘72%_142
Mg 0 _%0.2%-”1”
Uit 0 —39 %

It can be shown that this equals

0% = e + (202 — £ uz + (Guu — 281,) (u2)?
+ (¢u - 252,1)”& - ngjuzuzz - Zéz,zu”z”r
— 282Uy — 2 usu s — Eaud — &L Uy — &, (1) Uy
— Euzuzzuf.

Equality (4.3.18) and replacing
2

Uzz = ;ur,
yields
¢r + Guur — %'rluz - Euluzur - szur - éf(ur)z

1
= 502[@2 + (200 — & Juz + (buu — 28,,) (2)’
+ (90 — 252)(%:‘—2’) - 3s;uz<26i;) — 265Uzt — 28]z
— 26Utz — Eg it — E2ur — & () ur — siiz(uaz].
o

Solving for & L & 2, ¢, we equate coefficients of the partial derivatives of u, which
results in the following table, where the coefficients of the terms in the first column
are shown in columns two and three, depending on whether they appear on the left
or right hand side of the equation.

As mentioned in Sect. 4.2.3, we now use Table 4.3.1 to obtain equations for the
coefficient functions £', £2 and ¢. From the terms u.; and u.u., we note that £2
only depends on 7, i.e. £2 = £2(7). Consequently, Szzu =0, and the term u u, yields
‘;‘ul =0, hence &! is a function of z and 7, i.e. £! = £'(z, v) and hence Szlu =0. We
make use of this conclusion when considering the coefficient of u% which gives
¢uu =0, hence

¢z, T, u) =a(z, Du + B(z, 1),
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where a(z, t) and B(z, T) are functions of z and t only, and we obtain

¢ =azu+p;
Gz = 0tzzu + B
G =0z
¢r =aru+ Br
$ru =0
From the u, term, we obtain
£ = %ozg;z — %P (4.3.19)
and the u, term yields
1_ 1o
& = Egr, (4.3.20)
as szzz = 0. We hence have
gl = %gfz—i-A(t), 4.3.21)

where A is a function of . We now use (4.3.19) to get
1 1
52531 + A, =¢l= EUZEZIZ —ola, = —02a,,

as Szlz =0, from (4.3.20). Hence, one has

o, = — ng2 ~Lla
. 2‘1’ S (4.3.22)
Oz = — pgrzr
and
| 1
o=—7 52 &7, — pzA, + B(1),
where B is a function of 7, and
ar = — 4i2 £ — %A” + B,. (4.3.23)
Regarding the constant term 1,
be = 202

yields

1
azu+ B = EUZ(O{ZZM + Bz2)
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and hence
1
Oy = 5020{“,
) (4.3.24)
Br = 502,311

Using (4.3.22), (4.3.23), and (4.3.24), we have

1 50 1 1, 1 1.
_40_—2Z srrr_ﬁZAfT—i_BT:EO Thg20TT Z_Zstt'
Comparing the coefficients of the function u and its derivatives, we obtain the fol-
lowing system of equations

gtzrt =0
Arr =0
1.,
B, = —Zén.
We now introduce the notation
£2.=Cy,
£2=Crt 4+ Cy,

52 = %Cll’z + Cat + C3,
where C1, C,, and C3 are constants. Similarly,
Arr =0,
and
A(t) = C4t + Cs,

where C4 and C5 are constants. Using

1, 1
BT = _Zé‘[‘[ = _ZC17

we get
1
B(r) = —chf + Cs,
where Cg is a constant. Recall that one has
z
gl =28 +AM,
and hence

1 1
£z, 1) = ECIZT + §C22+C4T+C5.
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Also, we have
p=au+p

2
_ = . ZAq
- <_40_2§‘[T - 0_2 +B(T))M +:3
2
Z T Cyz
=Ci|-——=-)——F+C .
( 1( 152 4> g + 6>u+ﬂ

2 L.
§(r)—2C1t + Crt + Cs.

Lastly, we get

Finally, we can obtain our vector fields from

v=£'9, +£%9; + pd,

1 1
= (Eclzr + ECQZ + Cyt + C5>BZ

1
+ (Eclﬂ + Cot + c3)af

2t z
+ 1| Ci 402 4 + Cy 2 + Co Ju+ B |0y
1 1, Fal
:Cl EZT82+§T Bf—i- _40'—2_Z Mau
1
+C2(§Z3Z+T3r>

Iu

+ C30; + C4 (Taz - _2814)
o

+ Cs9; + Coudy, + B0y.

Consequently, the resulting Lie algebra is spanned by the six vector fields:

v =0,
vy =0;
V3 = udy,
1
vy = Ezaz + 10,
V5 =710; — %8,,
o

1 I, 22 T
U6=§ZTBZ+ET Bf — m—i-— Mau
with

vﬂ Zﬂau,
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where vg is an infinite-dimensional sub-algebra. We now exponentiate vector field
v5. In particular, from Theorem 4.2.8, we need to solve the following system of
ODEs

< _; z(0)
— =T, =z,
Je z z
dt
— =0, 7(0) =T,
Te T0) =1
di Zil -
EZ—;, u(0) =u,
hence
T=r1,
7=Tte+z,
- €2 ze
U = ucx 5
P72 " 52
so that
~ 2 ~
. Te Z€ - . .
u= exp{ 297 ;}u(z —T€, 7). (4.3.25)

Recall that we write p (exp{ev})u(x, t) for the action of the symmetry group gener-
ated by v on a solution u. For example, for vs, we have

‘L'€2 Z€

202 o2
The interpretation, as mentioned before, is that if u(x, t) solves (4.3.17), then so
does

p(exp{evs}) = exp{ }u(z —T€,T). (4.3.26)

i(x,7) = p(explevs)),

at least for sufficiently small €.

We now illustrate how to obtain transforms of fundamental solutions for the case
of the Black-Scholes PDE. This approach was first introduced in Craddock and
Platen (2004), and subsequently developed in Craddock and Lennox (2007), Crad-
dock and Lennox (2009), and Craddock (2009). In general, we have

p(exp{ev})u(z, t)=o0(z,71; e)u(al(z, T;€),a2(z, T; e)), (4.3.27)

for a multiplier o (-, - ;-), where a; (-, - ;-) and a(-, - ;-) are the changes of vari-
ables of the symmetry. Suppose a fundamental solution p(z, y, T) has been obtained.
Clearly,

w0 = [ FOpEy o ds 4328)
solves the initial value problem with

u(z,0) = f(2).
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Following the transform approach, we aim to connect (4.3.27) and (4.3.28). Con-
sider a stationary solution u = u((z), then

p(exp{ev})uo(z) =0 (z, T; uo(ai(z, 7; €)),

which also solves the initial value problem. Set T = 0 and use Eq. (4.3.28) to obtain

/W{O(y, 0: ©)ug(ar(y,0;€))p(z,y, 1)dy =0 (z, T: €)ug(ai(z, 15 €)).  (4.3.29)

Consider (4.3.27) again, from Eq. (4.3.26) we consequently have
( ) te?  ze
o(z,T;€)=expy — — —
¢ P 202 o2

ai(z,t;€) =z — Te.

Clearly, u = 1 solves the PDE (4.3.17), so we have from Eq. (4.3.29)

/ ye ( Vd Te?  ze
expy —— Y, T =expy=—> — —5 ¢(-
. Y o2 P,y y Y 252 o2

Setting b = — 5, we get

h%02
. exp{yb}p(z,y,T)dy =exp

N

+ zb}. (4.3.30)

But (4.3.30) is clearly the moment generating function of a normal random variable
with mean z and variance o 27, so it follows that

1 1 5
p(z,y,7)= \/ﬁﬁp{_%—zr@ —2) }

Now changing variables back to Black-Scholes model parameters,

=T —1t,

1 2
z=InS+ V—ECT T,

1 { (y—(nS+(— %oz)(T—r)»Z}
—————exXp| — 5 .
V2moX(T —1t) 20%(T — 1)

Transforming variables y = Inx we obtain
(mx—ans+ou—§ﬂxT—o»2}

1
x/2no(T — 1) exp{ 20%(T —1)

which is the probability density function of a lognormal random variable.
To conclude the illustration, we price a call option, for which the payoff is

we get

p,S;T,y)=

pt,S;T,x)=

V(T,S)=H(S)=(S— K)",
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for K > 0. Recall that we set u = V exp{rt}, hence we have
Vi, S)=u(S, 1) exp{r(T — t)}
= /‘+ exp{—r(T —)}(x — K)" p(t, $; T, x)dx
= S?V(dl) — Kexp{—r(T =)} N(dy),

where
() + (4 30)(T —1)
1= odT 1 )
and
dy=d; —oNT —1,

which is the standard Black-Scholes option pricing formula.

Finally, we remark that from a financial modeling point of view, integrating the
payoff function against the probability density, the fundamental solution yields the
price of the option as expected. The above approach is very useful for financial ap-
plications, as for any payoff function, given the probability density, we have to solve
an integration problem. In this case, the transform was the moment generating func-
tion. We will subsequently also recover other transforms, however, if we can invert
the transform, if necessary numerically, we only have a one-dimensional integra-
tion problem to solve, which can be accomplished using methods to be presented in
Chap. 13. For additional examples demonstrating how Lie symmetry methods can
be used to solve option pricing problems, we also alert the reader to Caister et al.
(2010) and the references therein.

4.4 Results on Transforms of Fundamental Solutions
In this section, we discuss how to obtain transforms of fundamental solutions of the
equation
ur=0ox"uyy + f(Xuy —gx)u, x>0. (4.4.31)
We point out that the equation
U =0uyxy + f(Xuy —gx)u, xeN, (4.4.32)

is studied in Craddock and Lennox (2009), where we direct the interested reader.
It is straightforward to motivate the study of (4.4.31). For example, setting y = 1,

then
t
u(x,t) = E<eXp{—f g(Xs)dS}sD(Xz)>,
0

where u(x,0) = ¢(x) and
dX[ = f(Xt)dt =+ ZGXIth,
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by the Feynman-Kac formula, see Sect. 15.8 in Chap. 15. Consequently, obtaining
the fundamental solution of (4.4.31) means that we can compute important func-
tionals of corresponding diffusions.

We remark that the PDE (4.4.31), for y = 1, g(x) = 0, was studied in Crad-
dock and Platen (2004), with emphasis on obtaining transition densities of im-
portant stochastic processes, but also discovering transition densities of stochas-
tic processes that had not been studied before. In Craddock and Lennox (2007),
the case g(x) = ux" and an arbitrary y was considered. Furthermore, besides ob-
taining explicit transition densities, the authors also explicitly connected the funda-
mental solutions obtained to other important functionals, such as bond prices, see
also Sect. 5.5. This is interesting, as it means that integrals of fundamental solutions
have important applications, and not only the fundamental solutions when integrated
against a probability density. This line of research was continued in Craddock and
Lennox (2009), where Laplace transforms of joint densities of important functionals
of diffusions were obtained from (4.4.31). Finally, Craddock improved on the results
from Craddock and Lennox (2009) and also studied the PDE (4.4.32). In particular,
it has been shown how to obtain generalized Laplace transforms of the fundamen-
tal solutions of (4.4.31) and how to obtain Fourier transforms of the fundamental
solutions of (4.4.32).

The structure of the remainder of this chapter and the next chapter is as follows:
in Sect. 4.4.1, we collect theorems from Craddock (2009), giving the opportunity
to compute transforms of fundamental solutions. We illustrate the procedure via
examples in Chap. 5. The examples are grouped based on applications. In particular,
transition densities are derived, where we follow Craddock and Platen (2004), and
Laplace transforms of transition densities are obtained. For the convenience of the
reader, the results presented in this section, and additional results which can be
obtained via the same method are collected systematically in Sects. 5.3 and 5.4.

4.4.1 Transforms of One-Dimensional Solutions

In this subsection, we show how to obtain transforms of fundamental solutions of
Eq. (4.4.31).

As illustrated in Sect. 4.3, it is possible to construct fundamental solutions from
trivial solutions. In particular, these trivial solutions will typically be independent of
time, whereas fundamental solutions are not. Hence symmetries resulting in trivial
transformations in ¢ are not sufficient. Other trivial symmetries include scalings, i.e.
for a constant ¢, if u(x, t) solves (4.4.31), so does cu(x, t).

The next theorem, which is Proposition 2.1 in Craddock and Lennox (2009),
produces conditions on the drift f, under which (4.4.31) has nontrivial symmetries.
The result was, in slightly simpler form, established in Craddock and Platen (2004),
and our proof follows Craddock and Platen (2004).

Theorem 4.4.1 If y # 2, the PDE
ur=0x"uyy + f(Nuy —gx)u, x>0,0>0 (4.4.33)
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has a nontrivial Lie symmetry group if and only if h, which is given by h(x) =
x'77 £ (x), satisfies one of the following families of drift equations

1
oxh' —oh+ Eh2 +20x2 7V g(x) =20 Ax> + B, (4.4.34)
Ax*=2r Bx2~7
5+
22—y) 2—y
Ax*%r n Bx3_%y n Cx*v
22-y2 " 3-3y " 2-y

/ 1 2 2—y
oxh"—oh+ Eh +20xVgx)= +C, (4.4.35)

1
oxh' —oh+ Ehz +20x* Y g(x) = — K,

(4.4.36)
withk =% (y — 4)o2.

Proof 1. Since the PDE (4.4.33) is of second order, we use the second prolongation
of v,

0 d a0
prv_v+¢ +¢ +¢xx +¢xt +¢fl_.
Ol oy Uy Ouyy
Applying the second prolongatlon of v to (4.4.33), we obtain
pr2 v[ut —oxVuye — fu, + gu]
= El (_nyy_luxx — frux + gxu) +og—¢" f+ d’t — ¢ ox?.
Hence Theorem 4.2.11 yields that whenever u satisfies (4.4.33), we have
¢[ = gl(oyxy_luxx + faltx — gx”) —¢g+ ¢xf + ¢xxo,xy. (4.4.37)

We now compute ¢, ¢* and ¢~ using Theorem 4.2.12, where we note that £! and
£2 must be independent of u, & 2 must, furthermore, be independent of x, and ¢ must
be linear in u, see also the proof of Proposition 2.1 in Craddock and Lennox (2009).
Taking these considerations into account, we obtain

¢ =+ dutts — §lux — &us,
and
¢ = G + Puity — Eux
and finally
¢ = ux + 2uuttx + Putx — 26Uy — gt
Substituting the formulas for ¢', ¢*, ¢** into (4.4.37), we obtain

b+ Putts — Elux — Eluy
=& (oyx” iy + feux — go)
— ¢g + (¢x + Puttx — Elus) f
+ (brx + (2w — &L )utx + (0 — 28] Jurx)ox?,
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Table 4.4.2 Coefficients for the constant, u, and the derivatives of u

Term LHS RHS

1 fon —¢g + ¢xx0'xy + o f

u —(pu — g_-tZ)g _é:lgx

Uy _Sfl + (¢u _éftz)f Elfx'i‘(d)u _g)})f"‘(zd)xu —E)}X)UXV
Uy (Gu — EPox” Eloyx? ™! + (¢ — 250 x”

and replacing
uy = ox” ey + f(Oux — g,
we get
¢+ (bu = &) (07 s + fux — gu) = & ux
=& (oyx” upr + frttx — guut)
— 68 + (bx + Puttx — gux) f + drxox”
+ (2¢xu —g] oxVux + (¢ — 28, )uxxax”.

2. As in Sect. 4.3, we use Table 4.4.2 to obtain determining equations for &', &2
and ¢, which will be in terms of f and g.
The equation resulting from u,, yields the following ODE for £!:

—&lox” =gloyx? —2tlox?,

from which we obtain

gl= S’ + p()x"7?, (4.4.38)
-Y
where p(t) is a function of ¢ only. Consequently, one has
gl = Six + px?/? (4.4.39)
2—y
2
1_ 5 Y v 4.4.40
S S R (4.4.40)
1 _Y(Y 2-2
gl = 5 (5 - l)pxy/ ) (4.4.41)
Recalling that ¢ is linear in u, we obtain
¢ =a(x,Hu+ B(x,1), (4.4.42)
where o and 8 are functions of x and ¢ only, and hence
¢[ = + ﬂt (4443)
¢y = axu + By (4.4.44)
Gxx = xxlt + Bix (4.4.45)

by =q.
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We can now use the equation resulting from u to obtain

—ag=—t'g, — &g, (4.4.46)

and from the equation resulting from the constant term 1 we obtain, substituting
(4.4.43), (4.4.42), (4.4.45), and (4.4.44),

o+ B = —(au + B)g + (ctxxtt + Brx)oxV + (axu + By) f.
Equating the coefficients of the constant and u, we obtain
Q= —ag+aynox’ +ayf (4.4.47)
and
Br = —Bg + Bxxox” + By f. (4.4.48)

Regarding §, we can only say that it is an arbitrary solution of (4.4.33). Now, we
use the equation resulting from u,

—& =& f =& fo =& [+ (20x — &g )0
which yields, substituting (4.4.39), (4.4.40), and (4.4.41),

o — — %xl—y _ ptx_)//2 B Stz i(fxl_y)
* 2002—y) 20 202 —y)dx
— ﬁi(fx—y/z)Jer(y/z— Dx?/?72 (4.4.49)
20 dx 4 ’ o
and the second derivative with respect to x,
oy G =y poy/x g (Fx17)
- 2002 —7) 20 202 —y) dx?
—id—z(f)ﬂ/z)+Z (y/2=1)(y/2 —2)x7/>73 (4.4.50)
20 dx? 4P 4 ’ -
and also
a=— R _ pix! V2 _ & (fxl_y)
202-y)? o2-y) 20Q2-vy)
_ P ey L Y v ; 4451
5g XT75) + x4 (@), (4.4.51)
where 1(¢) is a function only depending on ¢ and lastly
o =— Enx> " _ pux' V2 _ & (fxl—y)
T 202-9)?2 oQ2-y) 202-y)
0, _ _
~ P %p;xy/z L. (4.4.52)

3. We now use (4.4.46), substitute (4.4.52), (4.4.50), and (4.4.49), and perform
the obvious cancellations to obtain
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22—y 1— 2
i X pux' v/

T 202-y)2 o(2-— y)
=_( étzx +pr/2>gx_§12 Ett(l Y)

2-y 22-y)
$t2x)/ d2 1y 0 d2 o
“ae—pae ) ga ()
_ Li A Y yav/2-2
202 —y) dx (Fx1)f 20 dx (x5 1+ 7 Pv/2=Dx f

+ %p(y/z — (/2 =2)x7/273,

Setting
1—y " 1—y
(™ x 7V f(x) xg (X)
b =ox <2o<z—y>> ”(x)(zo(z—y) Tty
and
—y/2 ” —y/2 /
Kf:ax”(%x”/z_l—%f(X)) +f< xv/27! %f) —x?%g,,

we obtain

Etttx :Ottxl v/2 _ ¢! y) .

4. We now proceed as follows: making an assumpt10n on Lf, which will be
(4.4.34), (4.4.35), or (4.4.36), we deduce properties of K f. Subsequently, as in
Sect. 4.3, we solve for & 1 & 2, and ¢, and confirm that we obtain nontrivial sym-
metries. We start with (4.4.34) and (4.4.35):

Lf =Ax*7" +B,

to facilitate the analysis, we employ the notation /(x) = x!~7 f(x), and conse-
quently obtain

Lf oxVh” N hx? 1y e g'x A 1 B (4.4.54)
= = X . ST
202—y) 22—y fT2y
Hence, we obtain
Vi / /22—
oxh" __ hh +gx1_y+M=Ax3_zy+Bx1-y
202-y) 20Q2-y) 2—y

and using integration by parts yields
h?
oxh' —oh+ — 3 +gx> 720 = Ax* o +20Bx>V 4+ C.

Using h(x) = x'77 f(x), we also obtain

y/2=1\" hx?/2=1\/
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which yields

Kf = Z-(r/2= D(y/2 =027

n 3y/2—1
— T — W2 -
_h(y/2-D(y/2- 2)x3V/273 " Z(V/Z — D/
2 4
B h/hx3y/2—2 B h2(y/2_ l)x3)//2—3 _x)//ng
20 20
Linking Lf to K f, we notice that
B3 2=l py3r/2=2
2 20
h// hh/
(o + )@
22-y) 202-y)
and also
—h'(y /2= Dx¥ 22 h(y )2 = 12
w2 DR
20
B2\ (=Dx¥/2 32 -1
_ (m/ it )( 23y 2 1)
2 o
and lastly

/x2—y
—x?g, = (gxl_y + %)(—1)(2 — )22

(=

+(ax2720) T2y 2
o

Consequently, one has

Kf =2 0r/2= Dy /2= a2
+ (A3 4+ Bx'TY) (= )2 — y)x /P2

(

+ (Ax* o +20Bx*" 4 C) 0) RSy )2 —

=/2- 1)(%()//2 -2)- §>x37/2‘3 +A®y/2—Dx'72,

(4.4.55)
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Table 4.4.3 Coefficients for

the constant, x, and powers Term LHS RHS
of x 1—y)
1 U —ahéh — BE
xivi =D 0
- &
XY T 202-y) 0 ,
G PG -G - -c)
We now substitute (4.4.54) and (4.4.55) into (4.4.53) to obtain
x27y 52 xlfy/2 N
20(2_7)2 ttt 0(2_)/):01: Nt
A=y) .o .2/, 2
=——— " &5 —E(Ax“V + B
2=yt S AT )
oy (y/2-1 _
+ p(T(y/z —D(y/2-2) - C——— X273
—i—A(% - l)xl_y/2p. (4.4.56)

5. As mentioned in Craddock and Platen (2004) and Craddock and Lennox
(2009), the cases A =0 and A # 0 should be treated separately, as they result in
different Lie algebras. We also alert the reader to the observation that A = 0 cor-
responds to the first Riccati equation (4.4.34), whereas A # 0 corresponds to the
second Riccati equation, (4.4.35). We firstly consider the case A =0, in which case
(4.4.56) collapses to

x> x!= 2ptt
Tt T aa—py T
-y

- 2(2_ )gtt BSI

- p<7(y/2 -D(y/2-2) - 2= D) 3v/273,
Also, recall that k = %(y —4)o2. Hence, if C = k, the coefficient of p is 0 for all p.
For now we consider the case C # « and discuss the case C = « below. We compare
coefficients of the powers of x and Table 4.4.3 produces the determining equations
for €', €2, and ¢.

From the x37/273 term, we obtain p = 0. Using the x>~7 term, we get that £2 is
a quadratic function in ¢, hence

1
g2 = ECltz + Cat + C3. (4.4.57)

Consequently, from the constant term 1, we obtain

1 1-y)C
n=—-C1Bt* + (—7
22-vy)

2 — CzB>t + Cy. (4.4.58)
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Substituting (4.4.57) and (4.4.58) into (4.4.51) , we get

Cix%v x-v
- . Cit+C
= T%map? wa_p! TP

1 2 (1—J/)Cl
+ <—§C13l + (—2(2—_)/) — CQB)Z‘ + C4)

Lastly, one obtains from Eq. (4.4.38)

Cixt Cox
— + .
2—y 2-vy

gl
We now recall that we are looking for vector fields of the form
0

9 3
Y A L
v=E oo+ oo

which upon substitution yields

Cyixt Cox \ 0 1 a
v:( =2 >—+<§C1t2+C2t+C3>5

2—y 2—y/)ox
x27Y x!=v x=rf
+<C1<_2o<2—y>2_20(2—y>tf)_czza<2—y)
—1(7113%24-(—;)/C1—CzB>t—|—C4>ui
2 20—7) ou
9
B

Hence a basis for the Lie algebra is
xt 0 1,0
= — 4 =t —
2—yox 2 0Ot
( x> x'=vtf B2 (1-— y)t) 9

v

T 20Q2-y)? 20Q2-y) 2 22-y)
x 9 B] ( x=vf ) 9
) +t —— + Bt Ju—

u
ou

22—)/5 at 2012—7v) ou
0

v3_5
0

v4—u£.

6. There are also vector fields of the form vg = ﬂ%, B being an arbitrary solu-
tion of (4.4.48), so the Lie algebra is infinite-dimensional. However, it is clear that
symmetries exist which transform solutions which are constant in ¢ to those that are
nonconstant in . The case where A =0, C = «, can be handled similarly to the
previous case.
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In particular, it can be checked that

1
£2=-Ci1t> + Cat + C3,

2
1— C,Bt?
=—gCt— 1 — C)Bt + Cy
22-vy) 2
p = Cst + Cg,
as we deduce from the x!~7/2 term that p can be at most linear in 7. Furthermore,
Cixt C
gl =2 2L 4 Csx?Pt+ Cex??,
2-y 2-vy
and
Cix%v Csx1—7v/2

T 2002-y)? o2-y)

x~V/2
+ (ny/z_l — Tf> (Cst + Cg)

4
xl=r (1—y)Cit
N el NN P dA L
20—y T 50,
CBt?
— 12 — CoBt + Cy4.

In this case, the vector field
]

A
T ax ar du

becomes

Cxt C
v:( e Cox

ad
CoxV/?t + Cex?/? ) —
2=y 2=y, + Csx + Cox 3

X

ot
C1x2—y C5xl_y/2
<_2o<2 —y)? a2-y)

1., 0
+ EC” + Cot +C3 | —

(Lo 2 Y et )
4 20

Clxlfy szlfy

— t
202—-7y) 202-y)
(1—y)Cit CBt?

22-vy) 2
0
— CyBt + C4>u—
ou
ad
+B—.

ou
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Table 4.4.4 Coefficients for

the constant, x and powers Term LHS RHS
of x (1=y) &2 B s2

1 n —aanti T ma b

xl-v/2 —_fu AG-D

a2-y) 22-y)%0
2—y & A 2
* prTpmmE oMt ,
_ (5—1)
X323 0 p(FE-D(E-2)-Cc+—)

This means that we obtain the infinitesimal symmetries

xt 0 1,0
v = — 4+ =
2—yodx 2 ot
xxv xl=7e 1—y) Bt? ad
_ - S o A=yt BT\ 9
2012 —7v) 202—-y) 22-—vy) 2 ou
x 9 9 (xl_Vf ) 9
v = — 4t — | =—————— 4+ Bt Ju—
2—yox ot 202 —vy) ou
0
V3= —
T
v ]
= U—
4 du
1—y/2 2—1 —y/2
v5=xy/2ti— x\-v/ B yx/ X vi2g tui
0x oc2—y) 4 20 u
=x7/?— — — 4.4.59
ve= 8x+< 4 20 )”au’ (44.59)

and there is an infinitesimal symmetry vg = f %, making the Lie algebra infinite-
dimensional.

7. We now consider the case A # 0, which corresponds to the second Riccati
equation, (4.4.35). For convenience, compare (4.4.34) and (4.4.35), we relabel the
constants, 0 A — ﬁ, 20B — ﬁ, which results in Table 4.4.4.

Now we assume that C = «, which is the more involved case, however, we re-
cover the C # k result by setting Cs = C¢ = 0 in the following. We obtain from the
X277 term

£2— Ciexp{~/At} _ C; exp{—~/At} n
VA VA

5,2 =C exp{\/Zt} +C exp{—\/Zt}

Etzt = C1«/Zexp{«/2t} - Czﬂexp{—\/zt}

C3

1=y B
- . VA
1 1( 22—-v) «/A2<7(2—y)>exp{ )
B (I—=y)
c — VA +C
* 2(«/A20(2—y) 2(2—y))eXp{ G
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A A
p=0Cs exp{\/T_t} + Cﬁexp{—gt

gl= ﬁ(cl exp{\/Zt} +C3 exp{—\/Zt})

A A
+xV/2(C5 exp{gt} + Cgexp —%t})

and
2—y
o= —m(clﬂeXP{ﬂt} — C2\/Zexp{_\/zt})
xR C VA L C VA VA
e Geal Foe )
-v/2 1 I
+ <£x7’/2] _ %) (Csexp{gt} +C6€Xp{—§t}>
1-y
_ #_wf(a exp{x/zt} + Czexp{—\/zz})
1=y B
- - A
" ]< 22—7y) \/Kzg(z_y))e"p{*/_f}
B 1-»
¢ - —vA Cy.
" z(ﬂZU(Z—V) 2(2_),)>CXP{ VAL +Cy

Finally, we look for symmetries of the form
v=g Lyl gy
© 7 ox ar " ou’

and obtain the following basis for the infinite-dimensional Lie algebra,

X 0 exp{\/Zt} 0
v = 2=y eXp{«/Z[}a + Tg
xzv x-r
- (20(2—y)2ﬂ+ 20@=p?!
B (1-y) ) J
A\ —
iy Faasy )oY ANG,
X d exp{—\/Zt} d
vy = o, exp{—ﬂt}a - 7& 7
\/sz_y xl_y
" (20(2— D ea-n’
B a-y) ) ]
_ VA u—
+ JA20(2 20— expf x/_t}uau
V3= —

ot
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v ]
= UuU—
4 ou
0
v5—x”/2exp{ t}—
ax
X1V JA yxv2T xov2p VA 9
— + - exXpy —*f(u—
202 —vy) 4 20 2 ou
VA 3
— A S v/2_2
Vg exp{ 7 }x ™
IV A yxy/2Tl xv2y VA 9
+ + — expy ———1I (u—
202—1y) 4 20 2 au

and, of course, vg = %, where B is an arbitrary function satisfying (4.4.48).

For the (4.4.36) case, we refer the reader to Craddock and Lennox (2009), Propo-
sition 2.1.

Finally, we consider the case where Lf satisfies neither (4.4.34), (4.4.35), nor
(4.4.36). In that case, it is clear from Eq. (4.4.53) that ?;f =0, hence &2 is a constant
function and we do not obtain a symmetry group transforming solutions which are
constant in time to solutions which are not. O

We now present symmetries for the Riccati equations (4.4.34), (4.4.35), and
(4.4.36). All of these symmetries will be generalized Laplace transforms. We need

the following lemma, which appeared as Lemma 1.1 in Craddock (2009).

Lemma 4.4.2 Suppose we have a linear PDE

P(x.D")u= Y ay(x)D%u, xeCHN", (4.4.60)
lec|<n
where o = (a1, ...,0p,), ¢ €N, |a| =ay + -+ + o, and D¥ = %. For
M

a continuous one parameter family of solutions U¢(x) of (4.4.60), for e € I C N,
where I is an interval containing 0, we have that for a function ¢ : I — N with
sufficiently rapid decay,

u(x) =/¢(€)Ue(X)d€
1

solves (4.4.60). If the PDE is time dependent and U (x, t) is the family of symmetry
solutions, then

u(x,t) =/<p(e)U€(x, t)de
I

and u(x,0) = [; ¢(€)Uc(x,0)de solve (4.4.60) and so does d"fi/;,,(x), for all
n=0,1,2,....

We now prove the following result, see Theorem 3.1 in Craddock and Lennox
(2009).
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Theorem 4.4.3 Suppose y # 2 and h(x) = x'=Y f(x) is a solution of the Riccati
equation

1
oxh’' —oh+ Ehz +20x>7Vg(x) =20 Ax*77 + B.
Then the PDE (4.4.31) has a symmetry of the form
— 1 { —4e(x¥Y + Ao (2 —y)%1?) }
ex

Ue(x,1) =
(1) PPN = 72— 7)2(1 + 4er)

xexp{ ( ( 5 >—F(X))}
(l—i—4et)2 v

i)

where F'(x) = f(x)/xY and u is a solution of the PDE (4.4.31). That is, for €
sufficiently small, U is a solution of (4.4.31) whenever u is. If u(x, t) = ug(x) with
uo an analytic, stationary solution, then there is a fundamental solution p(x,y,t)
of (4.4.31) such that

4.4.61)

o0
/ exp{—2y* 7 fuo(»)p(x,y, ) dy = Uy.(x, 1).
0
Here Uy (x,1) =U%U(27y)2)h(x, t). Further, if ug = 1, then fooo plx,y,t)dy =1.

Proof 1. We recall from the proof of Theorem 4.4.1, that there is a symmetry v,
obtained by multiplying the right hand side of Eq. (4.4.59) by 8,
8xt 0 50
- 4¢c —
2—yox ot
4x% ax'=ref
o2-y)? o2-vy)

+ Bt +4At2)u—

4(1

where we set § = V) . Exponentiating the symmetry we obtain

dx 8xf

Z ) q0)=x,

de 2-—y

dt -

Y42 o) =1, (4.4.62)
de

dii 4377 AxIVIF(R)
de _<a<2 —y? " e-y)
From this system of equations, we obtain
t
1 —det’
o
1+ ded”

+ ﬁf+4Af2)zz, i(0)=u.

Fe
(4.4.63)
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and

2
—x(1 —det) 7
*(1—der)y- (4.4.64)

2
x=x(1 —4det)>7.

Substituting (4.4.63) and (4.4.64) into (4.4.62), we obtain

dii __(4x2—y(1 —4et)2
i o(2—y)?
4x1 Y (1 — 4et) =5 tf(x(1 —4et)T7 v)

oc2-vy)

+ Bt(1 —der) ™' +4A7%(1 — 4€t)_2> de

and hence
. X277 (1 — der) !
1HM=——
6(2—V)2t
/”(1 4er) 75 1f (x(1 — der) T ) de
— 4et v tf(x(1l —4er
0(2 V)
tIn(1 — 4et 1 —4er)~!
J Bt —der) oA —den™ o
4¢ t
Regarding the integral

+3y 2

=7 (1 — 4er) =" tf (x(1 —4det) 77
T o2- )/)/ ( 7)de

we use the change of variables, z = x (1 — 4€t) 2_—_1', to obtain
Y (1 = der) T 1 (x(1 — 4et) T7)d

— 4et vt — 4et
S )/ (1 —4et) f(x(1 —4er) 77)de

= —/zf”f(z)dz
20

1
=—F s
20 @

where we recalled that F'(z) = % Consequently,

~ =y
“ Zexp{_o(z — )2 (1 — 4er) }

X exp{—%F(x(l —4et)2’2V)}

x (1 —4et)’3/4exp{— }exp{C}.

t
1 —4det
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Also, setting € = 0 we have
X2

1
m } exp{—gF(x)} exp{—At}exp{C},

u :exp{—

which yields

u=

X2V (1 —4en)~1 = 1)
”exp{_ o2 —7)t

-2
{ (F(x(1 —4en)>7) — F(x)) }
X expy —
20
x exp{—At((1 —4en)™ —1)}(1 — den)P/*.
Finally, changing back to the new parameters X, 7, we obtain
TV (1 +4el) e
o(2—y)?

1 X -
<ol (F(ammn) 7o)

4Aei? -
_ 2R 4 den) P
xexp{ ]+4et}(+6)

ﬁ:uexp{

and, recalling 8 = 49:}3/) , yields

P X t 1
u(x,t):u< ] 4;) —i
(1 +4enzr T4 (1 4 4efyr=

—4e oy -
{0(2 AT (¥ + Af*o (2 - J/)z)}

1 X -
§ exp{%<F<(1 +4ef)2/<2—y>) B Fm) }

Of course, the distinction between old and new parameters now becomes redundant,
and so we have
1

(1 4+ 4et)=1)/2=y)

—4e 2y 2 _m N2
XeXp{G(Z—V)2(1+4et)(x Ao y))}

1 X
X exp{§<F<—(l +4€t)2/(2)/)) — F(x))}

Crrwmeate=r)
X U , .
(1 +denyry L T4t

We now use the notation

Uc(x,t) =

Up(x, 1) = U(1/4)g(2_},)2)\()€, 1).
This completes the first part of the proof.
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2. We now prove that if u(x, ) = ug(x) with u¢ an analytic, stationary solution,
then there is a fundamental solution p(x, y, t) of (4.4.31) so that

/0 exp{—2y* " Yuo(»p(x,y, ) dy = Us(x, 1),

recalling that Uy (x,1) = U<1 /4o (2—y)2. (X, 1). If p is a fundamental solution of
(4.4.31), then we have

o0
Us(x.) = /0 Us (v, 0)p(x, v, 1) dy.
However, from (4.4.61), we have
Uy (x,0) = exp{—Ax2_V}u(x, 0),

hence
o
_ 2—y
Uy (x, 1) = / exp|—2y> " Juo(y) p(x, v, 1) dy,
0

for a stationary solution u(y). Changing variables, i.e. setting z = y>~7, we obtain

o0 1 1 a4 1
Up(x, 1) = / exp{—22)uo(z*7 ) p(x, 237, 1)e7 T ——dz, (4465
0 -V

and hence it is shown that U, (x, t) should be the Laplace transform of the distribu-
tion given in (4.4.65). This follows from the forthcoming Proposition 4.4.4. We now

show that p is a fundamental solution. We note that if U, is a solution of (4.4.31),
then, by Lemma 4.4.2, so is

u(x,t)= / Uy(x,)p(A) dA,
0

provided that the test function ¢ decays sufficiently rapidly against U, . Setting
t=0,

u(x,0)= /OO U, (x,0)p(A)dA
0
:/Ooexp{—)\xz_y}uo(x)(p()»)d)»
0

=up(x) /00 exp{—kxz_y }go(k) dx
0
=uo(x)P(x),

where @ (x) denotes the generalized Laplace transform of ¢. We now integrate
uo(y)®(y) against p(x,y,t) to confirm that p(x, y, ) is a fundamental solution.
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In particular, it follows from Fubini’s theorem that

fo uo(y)cb(y)p(x,y,t)dy—/ uo(y)f exp{—Ay* " Jo(W) dap(x, y. 1) dy

/ / uo(y)exp{—Ay> " Vo) p(x. y. 1) dy di
=/0 w(k)/o uo(y) exp{—1y>77 } p(x, y, 1) dy d

= /Oo(p()\)U;L(x, t)dir
0
=u(x,t).

But u(x,t) solves Eq. (4.4.31), hence we have shown that integrating initial data
uo(y)®@(y) against p(x,y,t) produces a solution of the PDE, with initial data
uo(y)®@(y). This establishes that p is a fundamental solution of (4.4.31), completing
the second part of the proof.

Regarding the final part of the proof, if uo(x) = 1, then

Uo(x,1) =1,
but
oo
Uo(x,1) = f plx,y, t)dy,
0
which completes the third part of the proof. g

Finally, we present the following proposition, which was employed in the proof
of Theorem 4.4.3, see Proposition 3.2 in Craddock and Lennox (2009).

Proposition 4.4.4 The solution U, (x, t) in Theorem 4.4.3 is the Laplace transform
of a distribution.

The symmetries of the Riccati equations (4.4.35) and (4.4.36) can be obtained
using similar arguments. We present the following result, which corresponds to
(4.4.35). For the case of (4.4.36), we refer the reader to Theorem 2.8 in Craddock
(2009).

Theorem 4.4.5 Consider the PDE
ur=0ox"uyy + f(uy —gxu, y#£2, x>0 (4.4.66)
and suppose that g and h(x) = x'~7 f(x) satisfy

1 A B
oxh' —oh+ Ehz +20x* 7V g(x) = 2(ny)zx“_zy + ﬁxz_y +C,
(4.4.67)

where A > 0, B and C are arbitrary constants. Let uy be a stationary, analytic
solution of (4.4.66).
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Then (4.4.66) has a solution of the form

Ue(x,1)

X
=u
<(1 + 24/ A€ sinh(V/At) + 2A€2(cosh(v/Ar) — 1)) = )
—Aex*Y < cosh(v/At) + +/Ae sinh(v/At) ) }

X exp

(2 —y)?\ 1 4+ 2/ A€ sinh(v/At) + 2A€2(cosh(v/Ar) — 1)
Bt } cosh(YAL) 4 (1 + 2/Ae) sinh(Y2L) | mvia)
X eXpy —
202 =)}l cosh(YAL) — (1 — 2/Ae) sinh (Y2

X exp : F( : )
ol —
20 (14 2A€2(cosh(v/At) — 1) + 24/ Ae SiIlh(\/Zl))ﬁ
F(x)

o

} (14 2+v/Ae sinh(v/Ar) + 24> (cosh(V/Ar) — 1))*5, (4.4.68)

where F'(x) = % and ¢ = % Furthermore, there exists a fundamental solu-
tion p(x,y,t) of (4.4.66) such that

/0 exp{—kyzfy}uo(y)p(x, v, )dy =U,(x,1), (4.4.69)

where U; (x,1) = U 5,2, (x,1).

2@
Proof 1. The proof follows that of Theorem 2.5 in Craddock (2009). In the proof of
Theorem 4.4.1, we found the following infinitesimal symmetries

A
v = 2\/_x exp{\/Zt}ax +exp{\/Zt}8,
14

< Ax2Y JAx1TY

2w0@—72 2@ —p W +0‘> exp{v/At}ud,

—VAx exp{—v/At}d; + exp{—/At}d;

Uy =
2—y
Ax>7Y VAx!-Y
a <20(2 2 202-y) fO)+ /3) exp{—v/Ar}ud,
v3 =0,
V4 = uau’

_ l—y B _ -y B :
where o = —Z(H)ﬂ + oy B= —2(2_V)\/Z + 2505+ We now combine
these symmetries as follows

B
v=v+v)—203+ ——y4,

2-y)o
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which yields

2«/_)/ smh(\/_t)a +2(cosh(\/—t)— 1)

2 -
— (% cosh(~/At) + \/?2 smh(\/_t) + v/ Acsinh(vVAr)

+ L_y)(cosh(«/it) - 1)>u8u

o2
2«/_y sinh(v/A1)d, + 2(cosh(v/Ar) — 1)3, — §u8u,
where
2—
Gt = 27 osh(VAD + VAT f () sinh(v/Ar) + v/Aco sinh(v/At)
2—y)? 2-v)
+ (2fy) (cosh(v/Ar) — 1)
and ¢ = ;:—y

Y
2. We solve the following ODEs

di  2JAR i
N Gnh(VAD), ®(0)=x
de 2—y

dt ~ ~
- =2(cosh(v A7) —1), (0)=t¢
€
dii g(X,0) .
i _ %D o i) =u
de o
First, we solve the ODE
dr

= 2(cosh(v/AD) — 1), (0)=t,

to yield

A

_ VAt | At
_ 1, (‘/ZG VAeet te ) (4.4.70)

= Og
VA 1+ /Ae — /AeeVAt
Consequently, we solve

di _ 2/A% sinh(vVA7), (0) =,
%

de  2-—

to yield

7 =x(VAeYMe(—1 +VAe) + VAee VA (1 +VAe) + (1 — 2Ae2))*ﬁ.
4.4.71)
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Finally, we solve

dii . y
Tu =a1%>7Y cosh(vAf) de + a» (cosh(«/zt) - 1) de
u
+ a3 sinh(vVADZ' ™Y f (%) de + agsinh(v/AD) de,  ii(0) =u,
(4.4.72)
where
B A B B
YTTe—yr T T ee—yy
A
wee YA e VA
oc2-vy)

We integrate the expression on the right hand side of Eq. (4.4.72) term-by-term to
yield

aI/iz_y cosh(v/Af) de

_ ale“/z’(l 42 Ae 4 eVAr ZJKee‘/Zt)xz_”
2VA(=1 + VA (—1 — JAe + /AceVA) (/A — eVAT 1 JAceVAT)

also

ar /(cosh(ﬂf) —1)de= a—;f

) o <\/Ke—«/Zee*/K’+e‘/K’>
- 2JA g 1 4+ /Ae — V/AeceVA

regarding the third term

. ol pm C=y) . .
a3 | sinh(vVADZ'"Y f(&)de =a F(X)
3/ S 3 /A
and lastly
a4/sinh(«/zt~) de
ag ﬂt >
= % 2 10gee) + XL
Zﬂ( J/)( 2(x) =y
. log(\/Ze A2 4 VA _2A2VA _ eV 4 Aezezﬁ’)
2/A
and hence
log(u)
=C+a

y VA1 42/ Ae + VAT — 2/ AceV A2y
2VA(—-1+ eﬂ’)(—l —JVAe + \/Zee*/zf)(—\/ze —eVAr 4 \/Zeeﬂf)
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a_ («/Ze — \/Kee‘/gt + eﬂ’)

+ og
2VA 1+ /Ae — /AceVAt
QC-y)_ .
+a Fx)
>2J/A
log(v/Ae + Ae? + VA _ A2V A AV A 4 Aezez‘/z’)
— a4 .

2JA

From the initial condition, we get

a(1 —l—eﬂ’)xz_y

log(u) =C +
£ 2JA(—1 + eVAr)
VAt
as oY 2-y) ag log(e¥ ")
+ log(e +a F(x)— ———.
N R SV, Sl R
Consequently, we obtain the following solution for i,
log(ii)
log(u) + 45—
=log(u

£ 2VA

( VA (1 £ 2/ Ae + VAT — 2/ AceVA)
X

-1+ e*/Z’)(—l —JAe+ \/Zee\/gt)(—\/ze —eVAr 4 «/Keeﬂ’)
JAe—A VAt | VAL

4V ) a2 (“’g( e e e ;)

(—1 4 eVAry 2 VA

az2—vy), . . a,
+ NI (F&) — F(x)) + 3

( log(v/Ae + Ae? + VAL _ g A2eVAL _ «/Zeez‘/X’ + Aezez‘/z’) t
X —_ .

VA

3. We now express ¢ and x in terms of the new parameters 7 and ¥,

, 1 <«/Ze —(1+ \/Ke)e‘/zf)
= ——10 — ,
s —VAeceVAT 4 JAe — 1

also

X
(1 + 24/ A€ sinh(+/Af) + 2A€2(cosh(+/Af) — 1))ﬁ '
Substituting, we get for the first term
a5, (1 + VAT VAe(—1+ ezﬂf))
2 (14 VAe(—1 + eVAD)) (VAT — \/Ae + /AceVAT)
2y cosh(+v/A7) + +/Ae sinh(+/ A7)
1 + 2/ A€ sinh(v/A7) 4+ 2A€2(cosh(vAT) — 1)

X

=aqex
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for the second term

()
t —log ~
2\/— —1 — VAe(—1 + eVAD)
_@l @ (Cosh(@)+(l+2fe)sinh(ﬂ))
2 2J4 COSh(ft) 2\/—6)smh(“/—’)

for the third term

az(2 w(F(x)—F( X ))
2VA (1 + 2+/Ae sinh(v/AT) + 242 (cosh(v/AT) — 1)) 77

and for the fourth term

2J— log (¢4 (1 4+ VAe(=1 +¢/4)) (V4 + VAe(= 1+ ¥))
= 2& log(l + 2+/Ae sinh(V/AT) + 2A62(Cosh(ﬂf) _ 1))

Hence, substituting ag, az, a3, and a4, and no longer emphasizing the difference
between new and old variables, one has

Uec(x,1)

X
=u
((1 + 2/ Ae sinh(v/Ar) + 2A€2(cosh(v/Ar) — 1))ﬁ )
Aex>7 ( cosh(v/At) + +/Ae sinh(v/At) > }

X exp

02— )2\ 1 + 24/ Ae sinh(v/Ar) + 2A€2(cosh(v/Ar) — 1)
cexpl B } cosh(¥A) 4 (1 + 2/Ae) sinh(Y2L) | za=yva
202 =7) Jlcosh(¥YAL) — (1 — 24/Ae) sinh(Y2L)

X exp L<F< * ; >
20 (1 + 24/ Ae sinh(V A1) + 2Ae2(cosh(vAt) — 1)) 7

- F(x)) } (1 + 24/ Ae sinh(v/Ar) + 2A€> (cosh(\/zt) - 1))_7.

(7(2—)/)2A

We change parameters, setting € — and set

U)\,(-x t)_ a(2— )/)2)L (-x t)

and find that, for a stationary, analytic solution, say ug(x),

Aexz v 2 2-y
Uy (x,0) = ug(x)e 7@ =ug(x)e ™*

Similar to the proof of Theorem 4.4.3, we have

oo Loy
e ug(Y)px,y,t)dy = Uy (x, 1),
0
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for a fundamental solution p, so U, (x,t) is the generalized Laplace transform of
uo p. For the proof of this fact, we refer to the proof of Theorem 2.5 in Craddock
(2009). g
We now recall Corollary 2.6 from Craddock (2009).
Corollary 4.4.6 Under the assumptions of Theorem 4.4.5, suppose that we have
a stationary solution uy(x) = 1. Then the resulting fundamental solution has the
property that
o
/ p(x,y, t)dy =1.
0

Proof From Theorem 4.4.5, we have that

© oy
Uk(x’t):/ e P(x’)’st)d)’-
0

But
cosh(YAL) + sinh(YA1) | v _ s
Ug(x,t) = e WP =1,
Cosh(@) — sinh(@)
which concludes the proof. g

For the case A < 0, we direct the reader to Craddock (2009), see Remark 2.7.

Concluding this chapter, we remark that in Sects. 5.3 and 5.4 the results presented
in this section, and additional results which can be obtained via the same method,
are collected.



Chapter 5
Transition Densities via Lie Symmetry Methods

In this chapter, we discuss how to obtain explicit transition densities and Laplace
transforms of joint transition densities for various diffusions using Lie symmetry
methods. We begin with a motivating example, and subsequently present two cau-
tionary examples. The chapter continues with transition densities, which could have
useful applications in finance or other areas of application, but are new and have
therefore not received so far much attention in the literature. It is hoped that this
chapter encourages readers to construct their own examples and apply them to prob-
lems they encounter. Subsequently, we present Laplace transforms of joint transition
densities in Sect. 5.4. Section 5.5 illustrates how Lie symmetry methods can be pow-
erfully combined with probability theory to enlarge the scope of results that can be
obtained.

5.1 A Motivating Example

In this section, we firstly present an example, which exemplifies how explicit transi-
tion densities can be found via Lie symmetry methods. The squared Bessel process
sits at the heart of the developments in Chap. 3, and our motivating example is
also based on this process. Consequently, we consider a squared Bessel process of
dimension §, § > 2,

dX,=8dt +2/X;dW;,

where Xo = x > 0, whose transition density satisfies the Kolmogorov backward
equation

Uy = 2XUxy + Sy
Hence in Eq. (4.4.1),weseto =2, f =6,g=0,and y = 1, and in Eq. (4.4.34), we

seth=8,A=0, B=-25+ % Now, we employ Theorem 4.4.3 with u(x,t) =1
and F'(x) = éInx to obtain

Te(x.1) 1 yaent (5.1.1)
xX,1) =exp} ——— €t) o, 1.

¢ P\ "o +4en)
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where o = 2. Setting € = ”T)‘ in Eq. (5.1.1), we obtain the Laplace transform

Ux(x,t)=/0 exp{—Ay}p(t, x,y)dy

Sl RINP YRS
=exp] — ,
P 14 2At

which is easily inverted to yield

p(t,x,y)=%<f)jlv(@) exp{—m}, (5.1.2)

y 2t

where v = % — 1 denotes the index of the squared Bessel process. Of course,
Eq. (5.1.2) shows the transition density of a squared Bessel process started at time 0
in x for being at time ¢ in y. Recall that I, denotes the modified Bessel function of
the first kind, and that we plotted this transition density in Fig. 3.1.1. We also show
it in Fig. 5.3.1.

5.2 Two Cautionary Examples

The previous example begs the question whether a fundamental solution is neces-
sarily a transition density. Fundamental solutions are known not to be unique, and
the following example, which is again based on a squared Bessel process and taken
from Craddock and Lennox (2009), shows that a fundamental solution is not neces-
sarily a transition density.

Example 5.2.1 Consider a squared Bessel process of dimension three, § = 3, the
transition density of which satisfies the Kolmogorov backward equation
Uy =2xuyy + 3uy, 5.2.3)

a stationary solution of which is u1(x) = 1/4/x. Again, we employ Theorem 4.4.3,
to obtain

/Ooo%exp{_)"y}p(t’x’ y)dy

1 4o al
=exp] — ull ——
P\l 152 AGEE
XA _3(1+2xrr)
= - 1422227
P\ T [T T
-t
=C —_ —,
1 120 Jx
so that we have
exp{—m}cosh(@)
pt,x,y)= 2 .

V2t x
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* . V2t X Jx
/0 p(t,x,y)dy = ﬁexp{—z—t} +erf<ﬁ).

This fundamental solution does not integrate to 1, and hence is not a transition
probability density.

We note that

We conclude that not all fundamental solutions are transition probability densi-
ties. From Example 5.2.1, it is tempting to deduce that fundamental solutions inte-
grating to 1 are transition probability densities. The next example, which stems from
Craddock (2009), see Proposition 2.10, shows that also this conjecture is false. As
the preceding two examples, it is again based on a squared Bessel process. The ex-
ample makes use of the following proposition, Proposition 2.4 in Craddock (2009),
which shows how to invert a Laplace transform when studying squared Bessel pro-
cesses.

Proposition 5.2.2 For a nonnegative integer n, the following equality holds,
n+1
k "kl K\ %
LY (amexpl =4 ) =" —=6" "0+ (=) L1 @Vky).
) A = Al y
where L, is the Laplace transform, 6(y) is the Dirac delta function and 1, is a
modified Bessel function of the first kind with index n.

We now present the example.
Example 5.2.3 Consider a squared Bessel process of dimension 25. The transition
density satisfies the Kolmogorov backward equation

Uy =2XUyy + 20Uy (5.24)

It is easily verified that the stationary solutions ug(x) = 1 and u1(x) = x1=8 satisfy
(5.2.4). In Sect. 5.1, it was shown that the stationary solution uo(x) = 1 produces
the correct transition density. We will now investigate the fundamental solution pro-
duced by u1(x) = x'%. Applying Theorem 4.4.3 with A =0, we obtain

U,\(x,t):xl‘sexp{— }(l+2)»t)‘32,

AX
(142xt)
i.e.

L= fo expl—Av}u1 ()4t x, ) dy

) _
= eXp{ 1 4 21t

We now invert the Laplace transform, which yields

— X + o _ k
ui(»q(t,x,y) =x' ‘SeXP{—Ty}(zz)‘s 2Ly1(,\5 zexp{xD,

}(1 +2x1)072.
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X _

where k = R

We now apply Proposition 5.2.2 to yield

8—1

at.x,y) = 207! (f) N eXp{— Shal }15_1 (@)

2t
5—1 =2,
2y (x+y) k" 5 o
+ (21)° 2(;) exp{— > }[E:O FS‘S 2 l(y).

‘We have

00 5—1 52 I
_ +y X o
21)5-2 Yy X 562Dy dy =0,
/0 (21) (x) exp{ 2 ;_0: (21‘)21” () dy

since the Dirac delta function and their derivatives select the value of the test func-
tion y5~! and its derivatives at zero. Also, we recognize that

5—1
(21‘)1<X) ’ exp{—(x—i_y)}lg_](m)
X 2t t

is the transition density of a squared Bessel process of dimension 24, cf. (3.1.4), and
hence

51

/w(zz)—l (X) i exp{— x+) }13_1 (@) dy=1.
0 X 2t t

Finally, we observe that Up(x, ) = u1(x) and

o0
Ux(x,t)=f exp{—Ay}ur(y)q(t, x,y)dy,
0
which yields
o
/ ur(y)q(, x,y)dy =u(x),
0
and hence ¢ (¢, x, y) is not the transition density.
However, in Craddock (2009), the following useful check for processes satisfying
t t
X :X0+/ f(Xs)ds +/ V20 XsdWs
0 0
was presented, see Proposition 2.11 in Craddock (2009), which we now recall.

Proposition 5.2.4 Let X = {X;, t > 0} be an Ité diffusion which is the unique strong
solution of

t T
X,=X0+/ f(Xs)ds—i—/ V20 X, dW,
0 0

where W = {W;,t > 0} is a standard Wiener process and Xo = x > 0. Suppose
further that f is measurable and there exist constants K > 0, a > 0 such that
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|l f )| < Kexp{ax} for all x. Then there exists a T > 0 such that u(x,t,1) =
E (exp{—AX;}) is the unique strong solution of the first order PDE
ou

9
o +/\20£ +AE(f (X)) exp{—AX,}) =0, (5.2.5)

subject to u(x,0, 1) =exp{—Ax},for0<t <T,A>a.

Finally, we show that Proposition 5.2.4 can be used to confirm that the fundamen-
tal solution ug(x) = 1 produces the correct fundamental solution, see Example 2.3
in Craddock (2009).

Example 5.2.5 For the squared Bessel process X = {X;,t >0} of dimension §
given by the SDE
dXt == (Sdt +2\/ X[dW[,

where Xo = x > 0, Eq. (5.2.5) yields that E(exp{—AX;}) is the unique solution of
the PDE

Us +2k2uk + Aéu =0,

where u(x, 0, 1) = exp{—Ax}. It can be confirmed that

u(x,t A)—E(exp{ A X })—;exp{ hx }

o Y o I+22 )
satisfies the PDE and boundary conditions, and coincides with the result produced
by the fundamental solution corresponding to uo(x) = 1 in Example 5.2.3.

The above examples indicate that one has to be careful when deciding which
fundamental solution yields the desired transition probability density.

5.3 One-Dimensional Examples

In this section, we aim to illustrate how to derive one-dimensional transition den-
sities using the results from Chap. 4. We emphasize that the process of deriving
transition densities is mechanical and easily applied to the study of novel stochas-
tic processes. In this regard, we recall examples of transition densities studied in
Craddock and Platen (2004) and provide the reader with additional references. It is
intended that this section encourages readers to study stochastic processes that are
tractable and potentially more suitable to their applications than those processes that
have been employed in the past mainly because they were considered to be tractable
from a conventional perspective.

We illustrate the derivation of the transition density of the square-root process,
where we follow the presentation in Craddock (2009). In particular, we assume that

dX, = (a —bX,)dt + /20 X; dW;, (5.3.6)

where Xo =x > 0 and a, b, and o are assumed to be positive and g > 1.
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Proposition 5.3.1 The transition density of the process X as specified in the SDE
(5.3.6) started in x at time O being in y at time t is given by the explicit formula

bexp{bt (£ + 1)) <y>% {—b(x +exp{br}y>}
oexplbti —1) \x) TP o(expibr} — 1)
X Iu(ﬂ), 5.3.7)

o sinh( %’)

plx,t,y)=

wherev:(%—lzo.

Proof We note that the transition density of X satisfies the Kolmogorov backward
equation

Uy = 0xuyy + (a — bx)
and that Eq. (4.4.67) is satisfied with
h(x) = (a — bx), g=0, y=1.

Hence we employ Theorem 4.4.5 with y =1, ugp=1, A = b2, B=—ab, C =

%az —ao,and F(x) =aln(x) — bx to obtain

— —b%ex cosh(bt) + be sinh(bt)
Ue(x,1) =exp .
o 1 4 2be sinh(bt) + 2b%e2(cosh(bt) — 1)
{ tab }
x expy —

—ab
20cb

cosh(%) + (1 + 2be) sinh(%)
20 J|cosh(%) — (1 —2be) sinh(%)

1 X F(x)
x expy —F . —
{ 20 <(1 +2b2€2(cosh(bt) — 1) + 2be smh(bt))) 20 }

bt . bt . bt
=exp1q b(at — 2bex) cosh > + at sinh > + 2abet sinh >

. (bt bt bt
+ 2bex smh(;) } <cosh(?> + (1 4 2be) s1nh<5)> ,

where the last equality can be shown using MATHEMATICA. We have

h bt 1 4 2b¢) sinh b\ e
(cos <?)+( + 2be€) sin <3>>

= exp{ % } (exp{bt} + be(exp{bt} — 1))

Also, it follows that
bt bt bt
exp{b(at — 2bex) cosh<5> + at sinh(;) + 2abet sinh(;)

bt
+ 2bex sinh(;) }

_ abt blex
- CXP{E}eXF’{_a(exp{bt} ¥ be(explbt) — 1)) }

_a
o
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Now, one obtains

Uc(x,1) =exp c;—l: (exp{bt} + be(exp{bt} — 1))_%
abt b*ex
X expy — ¢ expy —
{ 20 } { o (exp{bt} + be(exp{bt} — 1)) }
=exp abt (exp{bt} + be (exp{bt} - 1))_%
o
_ b*ex
X exp o (exp{bt} + be(exp{bt} — 1))

Substituting € = 2—‘2’, we get
ve(-xv t) = U)\(xs t)

o0
=/0 exp{—Ay}p(t, x,y)dy

= exp{ %bt}(b exp{bt} + Ao (exp{bt} — 1))—31,%

{ bix }
x exp{ — .
(bexp{bt} + Lo (exp{bt} — 1))

This Laplace transform can be easily inverted to yield (5.3.7). It can be confirmed
via Proposition 5.2.4 that the density in (5.3.7) is the correct transition probability
density. O

In Fig. 3.1.2, a plot of the transition density of a square-root process was shown.
We now recall some results from Craddock and Platen (2004). In particular, we
study generalizations of the squared Bessel process. We focus on the process X =
{X;, t = 0}, given by the SDE

dX; =a(Xy)dt +2X; dW;, (5.3.8)

for t > 0 with Xo > 0. Then, following Craddock and Platen (2004), Platen and
Heath (2010), and Platen and Bruti-Liberati (2010), by applying the results of
Chap. 4, we distinguish ten cases:

(i) for the constant drift function
ax)=a >0,

we recover the squared Bessel process of dimension § = 2« with transition

density
1—a
1/x\ 2 2. /x X+
o= (5) (5 e )

t t

Here 1,_; is again the modified Bessel function of the first kind with index
o — 1, see also Eq. (3.1.4) and Fig. 3.1.1
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Fig. 5.3.3 Transition density
for case (iii)
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(iii) the drift function

1+3x
2(14+x)'

alx)=

results in the transition density
2./xv
cosh(%)

Iyl + /x)
Gty
1

pO,x;t,y) = 1 + /y tanh

2 /Xy
t

X exp

In Fig. 5.3.3 we display the corresponding transition density for x =1
(iv) studying the drift function

1
a(x) =14 ptanh| u+ Euln(x)

for u = % %, we obtain the transition density
I
x\? 2% 2./x
pOxit )= 2) | ) ey, (222
y t t
exp{—*}

U +explulemt’

149

(5.3.9)

The shape of the density (5.3.9) for x = 1 looks quite similar to that in

Fig. 5.3.3
(v) given the drift function

a(x) = % + Vx,
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(vi)

(vii)

(viii)

(ix)

5 Transition Densities via Lie Symmetry Methods

we obtain the transition density

(230 5 exp(—/F)
pO,x;t,y)= cosh( ; ) Neaii

xexp{—@ — %} (5.3.10)

Also the transition density (5.3.10) for x = 1 shows a lot of similarity with
that in Fig. 5.3.3
the drift function

a(x)= % + +/x tanh(y/x),

results in the transition density

p(0,x;1,y) = cosh(=2) cosh(/¥) {_ (x+)

ex
JTyE  cosh(y/x) P t
The above transition density (5.3.11) for x = 1 has also a similar shape as that

in Fig. 5.3.3
when the drift function satisfies

! 5.3.11
_Z}' (5.3.11)

a(x) = % + /x coth(v/x)

the process has the transition density

P((”x;t,y):smh(zix_y) D) {_(x+y) ’}

JTyt  sinh(y/x) exp 4

t 4
This transition density has for x = 1 some similarity with that shown in
Fig.5.3.1
using the drift function

alx)=1+ cot(ln(ﬁ))

for x € (exp{—2m}, 1), then we obtain the real valued transition density

o exp=Ry 2 ay\ L (2%
ot =5 0 (5) - (5)

(5.3.12)

where 1 denotes the imaginary unit. We plot in Fig. 5.3.4 the transition density
(5.3.12) for x = % Note that the process X lives on the bounded interval
(exp{—27}, 1)

choosing the drift function

— x coth( 2
a(x) =x co (5),
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Fig. 5.3.4 Transition density
for case (viii)
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then we obtain the transition density
sinh(2)
() P i
(3) 2 tanh(%)
expli) [X, ( JFT
explt] — 1V y ! sinh(%) oW

p0,x;1,)

where §(-) i i i
(+) is again the Dirac delta function. Figure 5.3.1 displayed a transi
3. ransition

density of similar shape
(x) lastly, setting the drift function to

a(x) = x tanh al
2
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we obtain the transition density

cosh(3) { (x+y) }
expy —————
cosh(%) 2 tanh(%)

expld) X, [ S5V }
) [exp{z}— 1 \fyh(sinh(g)) oW |-

We plot in Fig. 5.3.5 the transition density for x = 1.

p0,x;1,y)=

Many of the above diffusion processes are very recent in the literature and essen-
tially discovered in Craddock and Platen (2004). They offer new dynamics ready to
be employed in modeling, for instance, in finance.

5.4 Laplace Transforms of Joint Transition Densities

In this section, we present Laplace transforms of the type

t td
E(exp{—kX,—u/o Xsds—y/O X—SD (5.4.13)
N

for suitable stochastic processes X = {X;, ¢t > 0}. These Laplace transforms have
important applications. For example, if X is the independent short rate process and
A=y =0 and u =1, then Eq. (5.4.13) contributes to the price of a zero coupon
bond, see also Sect. 5.5. However, there are many applications beyond interest rate
modeling. For instance, in Chap. 6 we will design exact Monte Carlo schemes for
stochastic volatility models based on results from this section. In Sect. 8.5.2, we will
focus on exact and quasi-Monte Carlo methods for realized variance derivatives, to
illustrate further possible applications of the results presented in this section. At the
heart of such applications sits the observation that for some tasks, the fundamental
solution is sometimes more interesting than its Laplace transform, see Sect. 8.5.2
and Chap. 6. Hence even though we might not always be able to integrate the fun-
damental solution to calculate the Laplace transform, we may be nevertheless able
to calculate and subsequently use the fundamental solution.

We illustrate this type of technique in the following result, see Craddock and
Lennox (2009).

Proposition 5.4.1 Let X = {X;, t > 0} be a squared Bessel process,
dX[ = 8dt + 2\/ XtdW[,

where § > 2 and Xy = x > 0. Then the function u(x, t) given by

N=E AX Hds
ur.t) = (exp{— t—ufo 7})

x \¢ I'(@) Fi(a, B, x/(2t + 4121))
=exp{—x/2t}<5> T "
(B)(1 +2A1)
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where 1Fi(a,b,z) is Kummer’s confluent hypergeometric function, satisfies the
PDE

Uy = 2XUxy + Ouy — %u,

whose fundamental solution is given by

1 (x\22 N3] (x+Y)
t,x,y)=—|— I - -, 54.14
pt,x,y) 2t<y> 2d+8/2 1( ; )exp{ o } ( )

whered =32 -8+ /(8 —22+8u),a =d+ 5, and p=2d + 5.

Proof The drift function f(x) = ¢ satisfies the first Ricatti equation (4.4.34), where

oc=2,y=1,gx)= %, and A = 0. Choosing the stationary solution ug(x) = x4,

where d = %(2 — 8+ /(8 —2)2 4+ 81), we obtain from Theorem 4.4.3
dex } x4
2(1 + 4et) (l+46t)2d+%'

Uc(x,t) = exp{—

Next, we set € = % = % to obtain

o
Ue(x,t) =Un(x,1) =/O yip(t, x, y)exp{—ry}dy

x4 { Ax }
= —F€CXpPy\——FT7 " (-
(1+2)\t)%+2d P (14 2A1)

Inverting this Laplace transform, we obtain the fundamental solution

1-8/2
1 x+y)l/x\ 2 JXxy
P(I,X,Y)Zz—texp{— o }(;) I%+2d—1<7 .
‘We obtain

00 3 F(O{) x d . X B
Ay = - % F IS g I, PPARC
/0 e Ppt,x,y)dy F(ﬁ)(zt) e 7 Fi|a B, 2 T (1+2xa)7°,

by integrating the modified Bessel function of the first kind term-by-term. d

We now recall results from Craddock and Lennox (2009), where Eq. (4.4.35)
was handled via group invariant solutions. In particular, this approach produced
Whittaker transforms of fundamental solutions. Although such integral transforms
have known inversion integrals, explicit inversion is usually not possible, as few of
these transforms have been computed and tabulated. However, in Craddock (2009),
Egs. (4.4.35) and (4.4.36) were handled via symmetry methods, namely by using
the full group of symmetries, see also the proof of Theorem 4.4.5. This approach
produces generalized Laplace transforms of the fundamental solutions.

As fundamental solutions will play an important role in Chap. 6, we present both,
Laplace transforms and fundamental solutions themselves.
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Theorem 5.4.2 Let X = {X;, t > 0} be a squared Bessel process where
dXt == (Sdt + 2\/ Xt th,
for § =2 and Xog = x > 0. Then the function u(x, t) given by

b2 t
u(x,t) = E(exp{—AX, — —/ X dS})
2 Jo
_exp{—(xb/2)(1 + 24b~" coth(br))/(coth(br) +21b ")}
- (cosh(br) + 21b~" sinh(br))3/2 ’
satisfies the PDE
2
Uy =2Xuyy + Sy — EXM,

whose fundamental solution is given by

b y 8/4=1/2 b(x+y) b /xy
r,x, =5 ...\ - 15— TN B
P 3) = 5 hon <x> exP{ 2tanh(bt)} ¢ 2)/2<smh(bt)>

We have the following result pertaining to square-root processes satisfying the
SDE,
dX,=(a—-bX;)dt++/20X,dW;, (5.4.15)

where Xy =x > 0.

Proposition 5.4.3 Let X = {X,, t > 0} be a square-root process of dimension
§ = 4—g > 2, whose dynamics satisfy the SDE (5.4.15). Then the function u(x,t)
is given by

x,t)=E —AX; — /tﬁ
sy e{oaft—i [

:F(k+v/2+I/Z)ﬂx_kexp{i<m+x_ X >}
'(v+1) 20 tanh(bt/2)
P/

X

’32
“Bak Mk,v/Z(;):

where v = % (a—0)+4po, k=5 a= %(1 +Coth(%)) +A, 8= bV

20 sinh(%)’
and M ,(z) denotes the Whittaker function of the first kind. Furthermore, u(x,t)
satisfies the PDE

Uy =0Xuyy + (a — bx)u, — ﬁu,
X

whose fundamental solution is given by

(t ) b y a/(o)—1/2 b t+( ) X +y
s Ay =5 - i1 € A _ - TN
PRy = inh(bt/2) \ x P12 \ T T T G 2)

byxy
) I”(W(m/z))' (5.4.16)
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Finally, we present the Laplace transform of the joint density for

t t ds
<Xta/ Xsds,\/\ —>
0 0 X

In particular, we consider the function

13 tds
u(x,t):E(exp{—AXt—(bZ/z)/ Xsds—v/ X—}),
0 0 K

where Xo > 0. We have the following result.

Proposition 5.4.4 Let X = {X;, t > 0} be a squared Bessel process of dimension
8§ >2.Then

t tds
u(x,t):E(exp{—AXt—(bz/z)/ Xsds—v/ X_})
0 0 s

I (a) b*?(x exp{bt}) (exp{2bt} — 1)V

:exp{—bx/(Ztanh(bt))}[‘(IB) (cosh(bt) + (21 /b) sinh(bt))?

b2x csch(bt)
x 1Fi| e, B, - ,
2b cosh(bt) + 4 sinh(bt)

wherea=/(§ —2)2+8v,8=12+a+8),y =12 +a—8).,a=1a+5+2),
B= # and 1 Fy(a, b, 7) is Kummer’s confluent hypergeometric function and csch
denotes the hyperbolic cosecant, csch(x) = efpe{);%. Furthermore, u(x, t) satisfies
the PDE

2 u

U =2XUyy + 08Uy — —xu —v—,
2 X

whose fundamental solution is given by

y (5-2)/4
p(t, X, y) = xp(—b(x + y)/(2tanh(bt)))<;)

; b /xy
67802\ sinh(br) )

b (&
2 sinh(bt)

This result provides important access to functionals of squared Bessel processes
that have explicit formulas. We point out that Proposition 5.4.4 will be applied in
Sects. 5.5, 6.3, and 6.4.

5.5 Bond Pricing in Quadratic Models

So far in this chapter, we have illustrated how Lie symmetry methods can be used to
obtain transition densities and Laplace transforms of joint transition densities. This
section illustrates that by combining results obtained via Lie symmetry methods
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with probability theory, the scope of results that can be obtained is increased. We
illustrate this using two examples. Firstly, we use Proposition 5.4.4, which provides
the Laplace transform of joint transition densities of the squared Bessel process with
the change of law result from Pitman and Yor (1982), see Proposition 3.1.6, which
connects squared Bessel and square-root processes, to price zero coupon bonds in
the Cox, Ingersoll, Ross (CIR) model introduced in Cox et al. (1985). Secondly, we
recall from Sect. 3.1, that a 3/2 process is simply the inverse of a squared Bessel
process, and use this observation and Proposition 5.4.3, which deals with square-
root processes, to price zero coupon bonds under a 3/2 process for the short-rate.

We begin with the pricing of a zero coupon bond in the CIR model. Recall that
in the CIR model, the short rate is modeled using a square-root process,

dri =k(0 —r)dt + o/ dW;, (5.5.17)

where ro > 0 and ‘g‘—f > 2. Consequently, we are interested in computing

E<p{_/ as]

where we use A; to denote A; = o{ry, s < t}. We find it convenient to reduce the
pricing problem to the study of Laplace transforms of squared Bessel processes. As
discussed in Sect. 3.1, we recall that there are at least two methods for reducing the
study of square-root processes to the study of squared Bessel processes. These are
transformation of space-time and the change of law, see Propositions 3.1.5 and 3.1.6.
As discussed in Sect. 3.1, using the standard change of time technique, we transform
(5.5.17) into a square-root process with volatility coefficient 2: we introduce the
process p = {p;, t > 0} via p; = ra, and obtain the following SDE for p;:

At), (5.5.18)

dp: = (2jpr + 8)dt +2./p; AW, (5.5.19)
where W = {W,, t > 0} is a standard Brownian motion, j = —%, and § = %9. We

use / P;}O to denote the law of p, and set F; = o {py, s < t}. Due to the functional de-
pendence of r and p, we have A 4 = Fi, t > 0. By Proposition 3.1.6, the following

absolute continuity relationship between square-root and squared Bessel processes
holds:

(5.5.20)

s ] j2 t s
P |}.t=exp{§(pt—po—8t)—7/0 ,osds}PpO .
t

We now use Eq. (5.5.20) to change the pricing problem (5.5.18) into one that can
be solved using the Laplace transforms of densities of squared Bessel processes
from Sect. 5.4. We point out that this technique will also be used in Chap. 6. The
next theorem shows how to derive the well-known bond pricing formula in the CIR
model by combining the results from Sect. 5.4, in particular Proposition 5.4.4, with
the change of law formula from Pitman and Yor (1982).
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Theorem 5.5.1 Assume that the dynamics of r; are given by (5.5.17) and 4%9 >2.
Then we have the following formula for a zero coupon price at time t with maturity

date T > t:
T
E(exp{—/ Ty ds} .At> =A@, T) exp{—B(t, T)rt},
t
where
2%0
AT = ( 2hexp((k + h)(T —1)/2) ) -
2h + (k+ h)(exp(h(T —1)) — 1)
BG.T) = 2(exp((T —t)h) — 1)
2h + (k+ h)(exp((T —t)h) — 1)
h=+vk%>+202.
Proof Setting 7 : 102 and T := , we employ Eq. (5.5.20) to obtain

Il
Ry

T
(exp —/ 03562 ds}
t 4
4 (T
E<exp ——2/ deSH]:>
o= Jr

joodoped=b (AN T
(‘”‘P it T it / pdsp| i)

where we use E to denote the expectation with respect to / P’S and E to denote the

I
ol

expectation with respect to Pgo. Also, we recall that § = 4]‘9 and j=—5.Now we
define

b? _] n 4

2 2 o2
to obtain

2 5 2
:—2 k2+20'2:—2h
o o

and we also set A = —% It now follows from Theorem 5.4.2 that

- j jogsd—=n ([ 4N\ [T
E(“P{Epf—zpf—f—<7+g /t psds | Fi

kK20(T — 1) k
= exp T —i—rt;
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h(1+421

coth(b(T—)a? )
24/ k2 +2r7

—r

o2
o2
(u)lh(b(T )+2 )
2 o2
ex «/l\2+2
coth(b(T —1))+2x /e
+

* (cosh(b(T — 7)) + 2xb—V sinh(b(T — 7)))9/2"

It can be checked that
exp{k 0(T t)}

T
(cosh(b(T — 1)) + 2Ab Usinh(b(F — D)2 A ).

Finally,

h (14 % coth(b(T — f))) k )}
i i A BT
eXp{ < ( coth(b(T — 1)) + % o2 eXP{ rB(t )}

is completing the proof. g

Next, we discuss zero coupon bond pricing in the 3/2 model. However, we point
out that these techniques are also useful when studying volatility derivatives, see
e.g. Carr and Sun (2007). We recall the 3/2 process from Sect. 3.1, which is given

by
dri =kri (0 —r;)dt —l—ar, th,

where ro > 0. Consequently, we are interested in computing
T
E<exp{—/ r ds} A;),
t
where A; = o {ry, s <t}. Now, we define v, = l, and obtain by Itd’s formula

dv; = (k + o — KOv;)dt — o /v, dW;.
Since v; = rl_,’ we have

o[ 4) ool 2]])

‘We now simply use Proposition 5.4.3 to yield

T
E(exp{—/ rxds} .At)
t
Tk+5+3) !

T T T+ —To+D e XP{ (‘”J” tanh(br/2))}

exp{ﬁ /(205)} B>
T M_g )2 - )
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where v = 2\ /(e +02 = 512 4202, k = S€ o = L1 + coth(4)), § =

02’216:;1[(“‘” Sa=k+ o2, and b = k6. This result can be shown to match Theorem 3
in Carr and Sun (2007).

Note that similar calculations yield corresponding results for other diffusion pro-
cesses captured in Chap. 4.



Chapter 6
Exact and Almost Exact Simulation

The aim of this chapter is to discuss the simulation of tractable models, illustrated
in the context of stochastic volatility models. For two popular stochastic volatility
models, the Heston model, see Heston (1993), and the 3 /2 model, see Heston (1997)
and Lewis (2000), we present exact simulation algorithms, where we use results
from Sect. 5.4. These techniques are based on the inverse transform method, which
we firstly recall. Moving to higher dimensions, it seems more difficult to generalize
these techniques except for the trivial dependence structure, the independent case.
Consequently, we recall almost exact simulation schemes from Platen and Bruti-
Liberati (2010), which are applicable in the multidimensional case. Finally, we point
out that in Chap. 11 we will discuss advanced multidimensional stochastic volatility
models based on the Wishart process, which have been successfully applied to the
modeling of stochastic volatility.

We introduce these simulation methods in an equity context, in particular, we
concentrate on modeling stocks and stock indices. However, these methods are
also applicable in other areas, for example in interest rate modeling: the stochastic
volatility Brace-Ggtarek-Musiela model introduces stochastic volatility processes in
the context of the LIBOR market model. The techniques discussed in this chapter are
also applicable in such a context, see e.g. Chap. 16 in Brace (2008), in particular,
Sect. 16.4, which deals with simulation.

6.1 Sampling by Inverse Transform Methods

Conceptually, we simulate the given models, one- and multidimensional models, us-
ing the inverse transform method, which was discussed e.g. in Chap. 2 in Platen and
Bruti-Liberati (2010). The forthcoming brief description of the inverse transform
method follows this discussion closely.

The well-known inverse transform method can be applied for the generation of a
continuous random variable Y with given probability distribution function Fy. From

J. Baldeaux, E. Platen, Functionals of Multidimensional Diffusions with Applications 161
to Finance, Bocconi & Springer Series 5, DOI 10.1007/978-3-319-00747-2_6,
© Springer International Publishing Switzerland 2013
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a uniformly distributed random variable 0 < U < 1, we obtain an Fy distributed
random variable y(U) by realizing that

U = Fy(y(U)), 6.1.1)
so that
y(U) =Fy'(U). (6.12)
Here Fy ! denotes the inverse function of F: Y. More generally, one can still set
y(U) =inf{y: U < Fr(y)} (6.1.3)

in the case when Fy is no longer continuous, where inf{y: U < Fy(y)} denotes the
lower limit of the set {y: U < Fy(y)}. If U is a U (0, 1) uniformly distributed ran-
dom variable, then the random variable y(U) in (6.1.2) will be Fy-distributed. The
above calculation in (6.1.2) may need to apply a root finding method, for instance,
a Newton method, see Press et al. (2002). Obviously, given an explicit transition
distribution function for the solution of a one-dimensional SDE we can sample a
trajectory directly from this transition law at given time instants. One simply starts
with the initial value, generates the first increment and sequentially the subsequent
random increments of the simulated trajectory, using the inverse transform method
for the respective transition distributions that emerge.

Also in the case of a two-dimensional SDE we can simulate by sampling from
the bivariate transition distribution. We first identify the marginal transition dis-
tribution function Fy, of the first component. Then we use the inverse transform
method, as above, for the exact simulation of an outcome of the first component of
the two-dimensional random variable based on its marginal distribution function.
Afterwards, we exploit the conditional transition distribution function Fy,|y, of the
second component Y7, given the simulated first component Y7, and use again the
inverse transform method to simulate also the second component of the considered
SDE. This simulation method is exact as long as the root finding procedure involved
can be interpreted as being exact. It exploits a well-known basic result on multivari-
ate distribution functions, see for instance Rao (1973).

It is obvious that this simulation technique can be generalized to the exact sim-
ulation of increments of solutions of some d-dimensional SDEs. Based on a given
d-variate transition distribution function one needs to find the marginal distribution
Fy, and the conditional distributions Fy,|y,, Fy;|y;,v;- - - -» Fy,|v;.12,....Y,_; - Then the
inverse transform method can be applied to each conditional transition distribution
function one after the other. This also shows that it is sufficient to characterize ex-
plicitly in a model just the marginal and conditional transition distribution functions.

Note also that nonparametrically described transition distribution functions are
sufficient for application of the inverse transform method. Of course, explicitly
known parametric distributions are preferable for a number of practical reasons.
They certainly reduce the complexity of the problem itself by splitting it into a se-
quence of problems. Finally, we recall that explicit transition densities have already
been presented in Chaps. 2, 3, and 5.
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Regarding the simulation of stochastic volatility models describing the evolution
of a stock or index price, we proceed as follows, assuming a price process with
SDE

dS; = Sy dt +/V, S, dW,,

where V = {V;, t > 0} is a square-root process, see Sect. 3.1, if we deal with the
Heston model; or a 3/2 process, see Sect. 3.1, if we deal with the 3/2 model. For
both models, to obtain a realization of S;, we firstly simulate V;, subsequently we
simulate fé Vs ds conditional on V;, and lastly S;, which, conditional on V; and
fé Vi ds, follows a conditional Gaussian distribution. As discussed in Chap. 3, the
distribution of V; is known for the square-root and the 3/2 process, see Sect. 3.1.
Regarding the conditional distribution of fot Vs ds, we compute the Laplace trans-
form of fot Vi ds, conditional on V;. Subsequently, the probability distribution is
easily recovered by an approach due to Feller, see Feller (1971). Having obtained
the conditional probability distribution, the inversion method is applicable. To com-
pute the Laplace transform of fot Vids conditional on V;, we rely on the results
from Sect. 5.4, especially the fundamental solutions. We compute the relevant con-
ditional Laplace transforms in Sect. 6.2, and also compute additional conditional
Laplace transforms, such as the Hartman-Watson law for squared Bessel processes.
Subsequently, in Sects. 6.3 and 6.4, we show how to apply the results from Sect. 6.2
to the Heston and the 3/2 model.

6.2 Computing Conditional Laplace Transforms

In this section, we discuss how Laplace transforms of the form

b2 t t ds
E| exp -5 A Xsds —v A X X ), 6.2.4)
N

where X = {X;, t > 0} is a one-dimensional diffusion process to be specified be-
low, can be computed using the results from Sect. 5.4. Such Laplace transforms turn
out to play important roles in the design of exact simulation methods for stochastic
volatility models, as we will show in Sects. 6.3 and 6.4. We point out when comput-
ing conditional Laplace transforms of the above form that Lie symmetry methods
turn out to be crucial.

Formally, we consider the computation of the functional

b2 t tds
,HD=E A X — = X,ds — —1 ),
u(x,t) (exp{ ! 2/0 sds v/o Xs})

where X = {X,, t > 0} is such that its drift f satisfies one of the Ricatti equations
(4.4.34), (4.4.35), or (4.4.36), and Xy = x. We identify the corresponding PDE for
u and denote the fundamental solution by p(x, y, t).
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However,

b2 t tds
)=EFE X, — — X,ds — —
ws-efon]on-5 [ e 2]
o0 b2 t tds
:/ exp{—Ay}E| exp ——/ Xsds—v/ — 1 Xi=y
0 2 Jo 0o Xs

xq(x,y,t)dy,

where ¢ (x, y, t) denotes the transition density of X = {X,, ¢ > 0}. Since p(x, y, 1)
is a fundamental solution of the associated PDE we immediately have

b2 t td t,x,
E(exp ——/ Xsds—v/—s X;=y =M.
2 Jo 0o X q(t,x,y)

Assuming the fundamental solution p(x, y,t) and the transition density ¢ (x, y,t)
are available in closed-form, the simple steps presented above outline a systematic
approach to computing conditional Laplace transforms. As an illustration, we com-
pute the Hartman-Watson law for squared Bessel processes, see also Jeanblanc et al.
(2009), Proposition 6.5.1.1.

Proposition 6.2.1 Assume that § > 2, and that X = {X;, t > 0} is given by the SDE
dXt = (Sdl + 2\/ Xttha
where Xo=x > 0. Then

E( { b? /, ds } ‘ X > ! WX/

expi—— | — =y)|=—"

P 2 Jo X (=Y I, ((/xy/t)

where v =4/2 — 1.

Proof The proof follows immediately from Proposition 5.4.1, where the fundamen-
tal solution of the PDE

b u
U =2XUxy + Uy — ——
2 x
is given by
1 (x\22 V5 (x+y)
P(X,y,t)=2—t<;> 12d+§—1<7> CXP{—T},

where d = %(2 — 8+ /(8 —2)2 4+ 4b?) and the transition density of the squared
Bessel process is of the form

1 X (1*8/2)/2 Xy (x+y)
=== Isp | X2 =2
q(x,y,1) 2t<y> 5/2 1( ; )exp{ o }

Lastly, note that

2d~|—%—1=\/b2+v2,
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where v = % — 1 is the index of the squared Bessel process, which finishes the
proof. g

The next result is due to Pitman and Yor (1982). However, we present an alter-
native proof which employs Lie symmetry methods.
Proposition 6.2.2 Assume § > 2, and that X = {X;, t > 0} is given by
dX;=38dt+2/ X, dW;,
Xo=x>0.Then

b2 t
E(exp{—?/o XsdsHX,=y>

bt x+y
p

v ( smh(bt) )
=— ex
sinh(bt) 2t

L&)

(1—bt coth(bt))}

Proof The proof follows along the lines of the proof of Proposition 6.2.1. From
Proposition 5.4.2, we have that the fundamental solution of the PDE

b2 u

Uy =2XUyy + Sy — >3

is given by
5/2—1

B b v\ 2 _bx+y) by/xy
px,y, 1) = 2sinh(bt) (x) eXp{ 2 tanh(br) }](H)/ 2<Sinh(bt)>'

Recalling the transition density of the squared Bessel process, the result follows. [

Proposition 6.2.2 plays a crucial role in the Broadie-Kaya exact simulation
scheme for the Heston model, see Broadie and Kaya (2006). Consequently, the fun-
damental solutions presented in Chap. 5 can be used for this stochastic volatility
model.

Finally, the following result can be used in the design of an exact simulation
scheme for the 3/2 model, which is another stochastic volatility model.

Proposition 6.2.3 Let X = {X,, t > 0} be a squared Bessel process of dimension §,
where § > 2. Then

b2 t tds
E exXp —7/(‘) Xst—M'/(; ? thy
N

_ bt (x+y) «/v2+2u(§mh(bt)
= SohGD exp{ > (1 — tbcoth(bt))} U(f£) .
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Proof From Proposition 5.4.4, we have that the fundamental solution of

b’x
U = 2XUyy + Sy — T+_ u

is

82
b b(x+y) |(y)* b/xy
Y )=————expi———— | = 1 — .
P D = S o) p{ 2tanh(br) [\x) '~/ \ sinh(br)

Recalling the transition density of the squared Bessel process, the result follows. [

We remind the reader that the fundamental solutions obtained via Lie symmetry
methods sit at the heart of the computations of the results, not the Laplace transform
of the solutions.

These conditional Laplace transforms are now applied to two stochastic volatility
models, the Heston and the 3/2 model.

6.3 Exact Simulation of the Heston Model

In this section, we present the approach proposed by Broadie and Kaya (2006) to
simulate the stock price under the Heston model exactly. We recall that the dynamics
of the stock price and squared volatility under the Heston model satisfy the SDE,

dS; = uS;dt + py/ViSidB, + /1 — p2\/V,S, dW,, (6.3.5)
dV, =0 — V,)dt + o/ V,dB, (6.3.6)

respectively, where W = {W,, t > 0} and B = {B,, t > 0} are independent Brown-
ian motions. Integrating the stock price, we have

1/t t t
StZSOeXp{:th_E/ Vsd5+10/ \/Vsst‘F\/l—sz \/Vdev}-
0 0 0

We now integrate the squared volatility or the variance process

t t
V,=V0+/<0t—/c/ Vsds+o/ v/ Vs dBg.
0 0

Hence one obtains

t Vi — Vo — k0t +« [ Vid
f\/vsst: (= VoKt ic )y Vsds 6.3.7)
0

o

Consequently, it follows

1 t t
StzSoexp{/u——/ VSdS+£<Vt—V0—K9l+Kf Vsds>
2 0 o 0

n/qfotﬁsdws}.

We now present the exact simulation algorithm, and subsequently explain the indi-
vidual steps in detail.
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Algorithm 6.1 Exact simulation for the Heston model
1: Generate a sample of V; given Vj
2: Generate a sample of fé Vs ds given V,

3: Compute fé +/Vy d By from (6.3.7) given V; and fé V, ds
4: Generate a sample from S;, given f(; /Vid By and f(; V, ds

6.3.1 Simulating V;

In Sect. 5.3, the transition density of the square-root process of dimension § was
derived, see also Sect. 3.1, from which we can obtain the following equality in
distribution

Vioz(l—exp{—xt}) 2( 4 exp{—«t} )
e 4k X o2(1 —exp{—«t}) )’

where § = %‘ and ng()») denotes a non-central x2 random variable with § degrees

of freedom and non-centrality parameter A. One way of sampling non-central y?2
random variables, which was also used in Broadie and Kaya (2006), proceeds as
follows: from Johnson et al. (1995), it is known that for § > 1,

XE) = xF ) + X2,
and hence
XN = (Z+VW)+ X3,

where Z is a standard normal random variable independent of XSZ_]. Furthermore,
for § > 0, we have the following equality in distribution:

d
X3 = xiians

where N is a Poisson random variable with mean % Since a y2-distributed ran-

dom variable is a special case of a gamma random variable, we can use algorithms
to sample from the gamma distribution. Lastly, we remark that in Sect. 13.2, we
will present an algorithm to compute the cumulative distribution function of a non-
central Xz random variable with § > 0 degrees of freedom, and hence we can also
sample by inverting the cumulative distribution function as discussed in Sect. 6.1.

6.3.2 Simulating fot Vi ds Given V;

We point out that the challenging step in Algorithm 6.1 is the simulation of the inte-
grated variance, fé Vs ds, conditional on the end point of the integral, V;. This prob-
lem is solved by computing the Laplace transform of fot Vs ds, conditional on V;, by
combining a probabilistic result with a result from Sect. 5.4.
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The method illustrates that results obtained via Lie symmetry analysis can be
powerfully combined with results from probability theory, see also Sect. 5.5 for
additional examples. Having obtained the Laplace transform, we use it to compute
the characteristic function, which in turn can be used to compute the probability
distribution function.

In fact, the approach is similar to the approach presented in Sect. 5.5. We in-
troduce a time-change, i.e. we set p; = V% to obtain the following SDE for

p=1{p:, t =0},

dp, = (2jp; + 8)dt +2./p; dB;, (6.3.8)
where B = {E,, t > 0} is a standard Brownian motion, j = —i—’;, and § = ‘t’:—f. We

now recall formula (6.d) from Pitman and Yor (1982), which reads

_2
ipie = ORI o prds) o 63.9)

po—>y’

8.1
Ppo—y

using / Pg(;; y to denote the bridge for {p;, 0 < <t} obtained by conditioning / Pgo
on p; =y, where / Pgo denotes the law of p = {p;, t > 0} started at pg. Equation
(6.3.9) is the analogue of Proposition 3.1.6, but for bridge constructions. We are
now in a position to prove the following theorem.

Theorem 6.3.1 Let V ={V;, t > 0} be given by Eq. (6.3.6). Then

E(exp{—a/ot Vsds} Vt>

_ y(@exp(— ) (1 — exp{—«t))
B (1 —exp{—y (@)t}

o expl Yo Ve (kA +exp{—kt}) y(a){d+exp{—y(@)})
P17 o2 T —expi—rr) 1 — expl—y (@)1}
1 (Ar@yY, exp{— 1§}
%—1( o2 (—exp{—y @i}

X

exp{—%
1%71(4,(4/\/0\/, p{—% )

o2 (1—exp{—«t})

where y (a) = vVk? +202a.

Proof The steps of the proof are as follows: in fact, they are similar to the proof of
Theorem 5.5.1. We firstly change the volatility coefficient of V; from o to 2, using
the well-known time-change discussed above. Subsequently, we apply the bridge
construction from Eq. (6.3.9), which is analogous to Eq. (5.5.20), to reduce the
problem to the computation of conditional Laplace transforms involving a squared
Bessel process, which we derived in Sect. 6.2.

As in Sect. 5.5, we set p; = V4_; to obtain the SDE (6.3.8) for p = {p;, t > 0}.
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)

Recalling Eq. (6.3.9), we compute

t

E(exp{—a/ Vsds}
0
t

(eXp{ P o2 ds} ‘ pgz,>

4 &
(eXp{ —i/ psds} paz,>

4

Elexp( -5 + )1y puds) [ 0.2)

)

=F

E

o2

Eexp{-5 o™ psds)|p,2)

where we use E to denote the expectation with respect to / Pp(;l_> y» and E the expec-

tation with respect to Pg(;t_) y. Applying Proposition 6.2.2 to both, the numerator and

the denominator, and recalling that p >, = V; and j = — =5, the result follows. [J
T

As described in Broadie and Kaya (2006), we now obtain the characteristic func-
tion @ (b) by setting a = —1b,

@(b):E(exp{zbft Vsds} ‘ V,).
0

The probability distribution function can be obtained by Fourier inversion methods,

see Feller (1971):
1 [ sin(ux)
Vi|=— D(u)du

t
P</ Vids <x
0 T J_x u

2 (i
_= / S g @) du, (63.10)
0 u
where R (@ (1)) denotes the real part of @ (u).

b4
The final integral in Eq. (6.3.10) can be computed numerically and one can then
sample by inversion.

6.3.3 Generating S;

We recall that in Step 3 of Algorithm 6.1, we computed fot /' Vs dBy in terms of V;
and f(; Vs ds. Due to the independence of V = {V;, ¢t > 0} and W = {W;, ¢t > 0},
it is clear that fé V' Vs dW given fé V; ds follows a normal distribution with mean

0 and variance fOt Vs ds. Hence log(S;) follows a conditionally normal distribution
with mean

1 t t
log(So) + ut — —/ Vsds~|—£<V, - Vo—/c9t+/</ Vsds>
2 Jo o 0
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and random variance

t
(l — ,02)/ Vids.
0

In this way, we can obtain samples of S; satisfying the dynamics (6.3.5).

6.4 Exact Simulation of the 3/2 Model

It is very useful to have exact simulation algorithms for important models. In this
section, we closely follow the approach from Baldeaux (2012a) to simulate exactly
the stock price or index under the 3/2 model, see e.g. Carr and Sun (2007), Heston
(1997), Itkin and Carr (2010), and Lewis (2000). We remark that this approach is
similar to the approach from Broadie and Kaya (2006), which we discussed in the
previous section.

The dynamics of the stock price under the 3/2 model are described by the system
of SDEs,

dS; =uS;dt + p/ViSidB; ++/1— p2/V,S; dW,, 6.4.11)
dV, =«kV,(0 — V) dt +o(V,)**dB,, (6.4.12)
where B = {B;, t > 0} and W = {W,, r > 0} are independent Brownian motions.

The key observation, as already discussed in Sects. 3.1 and 5.5, is that V; is the

inverse of a square-root process. Defining X; = %, we obtain

dX; = (k + 0> —k0X;)dt —o/X,dB;. (6.4.13)

Expressing the stock price in terms of the process X = {X;, t > 0}, we obtain

1 t _ t _
S,:Soexp{,ut—i/(; (Xs) 1ds+p/0 (VX;)"'dB;

t
+,/1—p2f (\/XT)—ldWS}. (6.4.14)
0

It is useful to study log(X;), for which we obtain the following SDE

K+ o
dlog(X;) = ( X 2 _ K9) dt —o (/X)) dB,.
t
Hence

0,2 tds t .
log(X;) =log(Xo) + ( x + — / ——KQI—U/ (v Xs)™  dBy,
2 0 X 0

or equivalently

! _ 1 Xo o? "ds
1 — - _
/o (VXs) dBg= (log( t) + (K + 2 ) /0 : K@t). (6.4.15)

Algorithm 6.2 describes how to simulate the stock price given by (6.4.11) exactly.
We now discuss the individual steps of the algorithm. Clearly, Steps (1), (3), and
(4) are very similar to steps (1), (3), and (4) of Algorithm 6.1.
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Algorithm 6.2 Exact simulation for the 3/2 model
1: Generate a sample of X, given X
2: Generate a sample of fé gl(—i given X,

3: Compute [ (+/X;)~" dBy from (6.4.15) given X, and [j ¢
4: Generate a sample from Sy, given [j(v/X;) ™' d B, and [, (X,)~'ds

6.4.1 Simulating X;

Since X = {X;, t > 0} is a square-root process, see Eq. (6.4.13), we can immedi-
ately apply the methodology from Sect. 6.3.

6.4.2 Simulating fot ;’(—SS Given X;

We approach Step (2) of Algorithm 6.2 in the same manner as Step (2) of Algo-
rithm 6.1. However, we end up having to compute a different conditional Laplace
transform. Fortunately, the relevant Laplace transform can be computed as shown
in Sect. 6.2 using Lie symmetry methods. As before, we change the volatility coef-
ficient of X from o to 2, using the standard time change, which was also used in
Sect. 6.3: we define p; = X o to obtain the SDE

dp; = (2jp: + 8)dt +2./p; d By,

where
4(k +02)
d=—75—
o
and j = —2;‘—29 and B = {ét, t > 0} is a standard Brownian motion. Now we use for-

mula (6.3.9) again, but this time to obtain a different conditional Laplace transform
in the numerator.

Efe /t s ||y
X —d _—
p ) X, t
' ds
expy —a P02
0 Po2 7

_ 2o
E| exp —7/ psds} ‘PJZ,), (6.4.16)
0
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where we use E to denote the expectation with respect to / Pg(;'_> y» and E denotes

the expectation with respect to Pg&; y» see Eq. (6.3.9).
Computing the numerator in (6.4.16) using Proposition 6.2.3 and the denomina-
tor using Proposition 6.2.2 yields the following result.

Theorem 6.4.1 Let X be given by (6.4.13). Then
2K9«/X,X0 )

E /l ds x I\/v2+8a/02 (_ o2 sinh(—“§")
€x —d —_— = ,
P o Xs ! I, (_ 2x0./X; Xg )

o2 sinh(— ")

2
where8=4('(+—z°)andv=%—l.
o

Consequently, we can proceed as in Sect. 6.3: we compute the Laplace transform
using Theorem 6.4.1, compute the probability distribution of fol ?(—‘z conditional on

X, and sample by inversion.

6.4.3 Simulating S;

As in Sect. 6.3, in Step 3) of Algorithm 6.2, we compute fot («/XS)’] d B, in terms of
X, and f(; f(—i Due to the independence of X = {X;, t > 0} and W = {W;, t > 0}, it
follows that fot (VX)) dW; given fé (X5)~"ds follows a normal distribution with

mean 0 and variance fO’ (X5)~'ds. Hence log(S;) follows a normal distribution with
mean

1 t t
1Og(S0)+/'Lt_ 5/ (Xs)_ldS+P/ (V XS)_lst
0 0

and variance

t
(1—,02)/0 (X,) "' ds.

6.5 Stochastic Volatility Models with Jumps in the Stock Price

In this section, we extend the model to the case where the stock price process is
also subjected to jumps. We follow the presentation in Broadie and Kaya (2006),
see also Korn et al. (2010), Sect. 7.2.3, and deal with the Heston model. However,
the argument does not rely on the specification of the volatility process, but tells
us how to modify the approach from Sects. 6.3 and 6.4 to allow for jumps. Hence
the discussion presented in this section also applies to the 3/2 model. The following
model was presented in Bates (1996), we also refer the reader to Chap. 5 in Gatheral
(2006), where it is referred to as the SVJ model,
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dS; = S—((r —=ap)dt +/Vi(pdB; +/1 = p2dW,;) + (Y, — 1)dN,),
(6.5.17)
th ZK(G - Vt)dt “+ 0/ thBt,

where N = {NV;, t > 0} is a Poisson process with constant intensity A. The processes
B ={B;, t >0} and W = {W;, t > 0} are independent Brownian motions and inde-
pendent of the Poisson process, and the jump variables ¥ = {Y;, ¢ > 0} are a family
of independent random variables all having the same lognormal distribution with
mean ug and variance 0‘3. Furthermore,

E(Y, -1 =g,
and hence

_ 1
s =log(1 + /1) = 507,

Integrating the SDE for the stock price (6.5.17), we obtain
Ni
S=8 ] (6.5.18)
j=1
where
. 1 t t
Sy = Soexp{(r — At — 5/ Vsds +,0/ v/ Vs dBg
0 0

t
+\/1_:02/0 \/vdes},

and ?j, j=1,..., N;, denotes the size of the j-th jump. As discussed in Broadie
and Kaya (2006), Korn et al. (2010), Eq. (6.5.18) motivates the simulation algo-
rithm for the SVJ model: we firstly simulate the diffusion part as in Sect. 6.3 and
consequently take care of the jump part, ]_[7;1 Y ;. Algorithm 6.3 is the analogue of
Algorithm 6.1 and also appeared in Broadie and Kaya (2006) and in similar form in
Korn et al. (2010).

Algorithm 6.3 Exact Simulation Algorithm for the SVJ model

1: Generate a sample of V; given Vj
Generate a sample from the distribution of fot Vi ds given V; and Vj
Recover f(; Vs d By from (6.3.6) given V;, Vj and f(; Vs ds
Generate S’,
Generate N; B
Generate ]_[?’;1 Y;, given N;

AN S




174 6 Exact and Almost Exact Simulation

Since the Y i» J=1,..., Ny, are mutually independent and each follows a log-
normal distribution with mean g and variance 052, it is clear that

Ni
> log(F)IN; ~ N(Nips. Ni2).
j=1

There are alternative approaches to simulating 1_[7;1 17 j:in Sect. 3.5 in Glasserman
(2004), it was shown how to simulate N; by simulating the jump times of the Poisson
process. Furthermore, as discussed in Broadie and Kaya (2006), given N;, one can
simulate the jump sizes 17-, j=1,..., Ny, individually. However, Algorithm 6.3
results in a problem that is of fixed dimension. More precisely, the dimension of
the problem in Algorithm 6.3 is five, i.e. five random numbers are used to obtain
a realization of S;. Having a problem of fixed dimensionality is important when
applying quasi-Monte Carlo methods, permitting an effective way of tackling mul-
tidimensional problems, see Chap. 12, hence we choose the formulation presented
in Algorithm 6.3.

6.6 Stochastic Volatility Models with Simultaneous Jumps in the
Volatility Process and the Stock Price

In this section, we briefly extend the SVJ model from Sect. 6.5 to allow for simulta-
neous jumps in the stock price and the volatility process, the SVCJ model. As argued
in Gatheral (2000), it is unrealistic to assume that the instantaneous volatility would
not jump if the stock price did. Hence the following model, introduced in Duffie
et al. (2000), allows for simultaneous jumps in the stock price and the volatility,

dS; = Si—((r = Ay dt +/Vi (0 dB; ++/1 = p2dW,) + (Y —1)dN,),
dV,=k(® — V,)dt +o+/V,dB, + Y'dN,,

where N = {N;, t > 0} is again a Poisson process with constant intensity A, Y5 =
{YS, t > 0} is the relative jump size of the stock price, and Y" = {Y, t > 0} is
the jump size of the variance. The magnitudes of the jumps in the stock price and
variance processes are dependent, via the parameter py, in the following way: the
distribution of Y} is exponential with mean u, and given Y, Y* is lognormally
distributed with mean u; + p;Y" and variance GSZ. The parameters us and i are
related via

_ 1,
s =log((1 + @) (1 — pspv)) — 505

hence only one needs to be specified. Due to the occurrence of jumps in the volatil-
ity, we have to modify the previous procedure. Essentially, we simulate the variance
and the stock price process at each jump time. Algorithm 6.4 is the analogue of Al-
gorithms 6.1 and 6.3 and we point out that this algorithm also appeared in Broadie
and Kaya (2006), see Sect. 6.2.
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Algorithm 6.4 Exact Simulation Algorithm for the SVCJ model
1: Simulate the arrival time of the next jump, 7;.

if 7; > T then

Sett; —> T
end if
Simulate Vr; and ST;, using the time step At — 7; — t*
if 7; = T then '

Go to Step 13
else

Generate YV from an exponential distribution with mean ., and set

R A A o

Ve, — Vrj— +7Y".

10: end if
11: Generate Y* by sampling from a lognormal distribution with mean (us + p;Y*)
and variance o2. Set Sz, = S,-Y°.
J
12: Set S — Sr;, Vix — Vi, t* — 7; and go to Step 1
13: Set ST — §,-
J

6.7 Multidimensional Stochastic Volatility Models

In this section, we discuss the extension of the methodology presented in Sects. 6.3
and 6.4 to the multidimensional case. We firstly explain why a generalization of
this methodology is not straightforward, which motivates us to consider almost ex-
act simulation schemes, see Platen and Bruti-Liberati (2010), Chap. 2, for more
information on this topic. Furthermore, in Chap. 11 we study advanced stochastic
volatility models based on Wishart processes.

Consider the following simple case, with SDEs

ds} =pu's}dt+,/v'saw}, (6.7.19)
dS? = u>S*dt +/V2S>dW?, (6.7.20)

where the two Brownian motions W! = {th, t >0} and W2 = {Wtz, t > 0} co-
vary, say d[W'!, W?], = pdt. The volatility processes, V' and V2, which can be
square-root or 3/2 processes, see Sect. 3.1, are here driven by Brownian motions
independent of W' and W2. Of course, S' and S? can be simulated as discussed
in Sects. 6.3 and 6.4, however, S! and $2 are not independent. In particular, given

V,j, f()' Vsj ds, j = 1,2, we have that, for j =1, 2,
log(S/) ~ N(ij, o7),

with

. ro
W =log(Sé) — %/0 Vi ds
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o
01-2:/ V! ds.
0

Here the conditional covariance is given by

,ofot \/VTI\/VTzds, (6.7.21)

where we recall that p denotes the correlation between W' and W2. The computa-
tion of the integral in Eq. (6.7.21) does not follow immediately from the methods
discussed in Sect. 5.4. We hence recall the almost exact simulation methodology
from Platen and Bruti-Liberati (2010).

and

6.7.1 Matrix Square-Root Processes via Time-Changed Wishart
Processes

In this subsection, we briefly recall from Platen and Bruti-Liberati (2010) how to
obtain a matrix square-root process from a time-changed Wishart process. The di-
agonal elements of this process will play the role of V! and V? in Egs. (6.7.19) and
(6.7.20). We point out that this discussion is based on the simple Wishart process
from Sect. 3.2. Once we fully develop the theory of Wishart processes in Chap. 11,
we can employ more advanced stochastic volatility models, as in Da Fonseca et al.
(2008c¢).

Recall from Sect. 3.2 that square-root processes can be obtained by time-
changing a squared Bessel process. As in Platen and Bruti-Liberati (2010), we con-
sider the function

s; = so exp{ct},

where sg > 0 and consider the transformed time

t 12

0 Su

and compute

b2
(1) = ¢(0) + H(l — exp{—ct}).

Let X = {X;, t > 0} denote a squared Bessel process of dimension § > 0, then
we obtain a square-root process Y = {Y;, t > 0} of the same dimension 6 > 0 as
follows: setting

Yi =5:Xo0),

we obtain the following dynamics for Y,

8
dy, = <§b2 + cY,) dt +by/Y, dU;,
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where

4St
dUt == ﬁthp([),

and since
" 4s,
Ul = —d =1,
(U1, /0 > dy(@)

U = {U;, t = 0} is a Brownian motion, by Levy’s characterization theorem, see
Sect. 15.3. This procedure is easily generalized. Recall the Wishart process from
Sect. 3.2, so W, is an n X p matrix, whose elements are independent scalar Brown-
ian motions and Wy = C is the initial state matrix. We set

X, =W'w,, Xo=cC'cC,

so X = {X,, t > 0} is a Wishart process WIS, (Xo,n,0, I ;). Following Platen and
Bruti-Liberati (2010), we generalize the idea of time-changing a squared Bessel
process to time-changing a Wishart process and set

X, = StX(p(t)»
to obtain the SDE

dX, = (%bzl + cz,) dr + g(,/zt dU,+dU]J%,), (6.7.22)

for t >0, ¥o =s50Xy(0), and dU; = %’dW(p(t) is the differential of a matrix
1

Wiener process.

6.7.2 Multidimensional Heston Model with Independent Prices

We firstly focus on the case where the volatility process and the Brownian motion
driving the stock price are independent. We study the following model

dSt =At(rdt =+ v/ BtdWl‘)v

where § = {S; = (S,l, S,z, ...,S,d)T, t > 0} is a vector process and A = {A; =

[Aﬁ’j ];’l =1 t > 0} is a diagonal matrix process with elements
. i .
AR = { § fori=j (6.7.23)
0  otherwise.
Additionally, r = (rl,rz,...,rd)T is a d-dimensional vector and W = {W, =
W w2, ..., WdT, t >0} is a d-dimensional vector of correlated Wiener pro-
cesses. Moreover, B = {B; = [B,Z’J]l‘.ljzl, t > 0} is a matrix process with elements

. ii .
B = { L fori=j (6.7.24)
0 otherwise.
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Note that B is the generalization of V in the one-dimensional case. Here, the matrix

process ¥ = {¥; = [Z‘[”]]ldj:l, t > 0} is a matrix square-root process given by

the SDE (6.7.22). Therefore, B t can be constructed from the diagonal elements of
Y ;. Recall that these elements Z‘ 22 2, e Etd 4 form square-root processes and
that, for simplicity, we assumed that B is independent of W.

We illustrate the simulation in a two-dimensional example. The corresponding
two-dimensional SDE for the two prices can be represented as

ds! =Slrydi+ 8\ = aw],

dS? = SPrydt + S £ [0d W + /1 — 02d W],

where 7 > 0. Here, yhl and 22 are diagonal elements of the 2 x 2 matrix given
by (6.7.22) and W' and W? are independent Wiener processes. The logarithmic
transformation X, = log(S;) yields the following SDE

1
dx) = <r1 - 52}'1) di++/ = aw),
1 - -
dx? = <r2 - 52}2) dt +/ =2 [0dW} + /1 - 02dW?],
for ¢ > 0. This results in the following representations:

fit1

I 1 L[y el L1 1
X _X;l.+rl(li+l_ti)_§ Eu’ du + X qu,
1 t;

X2

iyl

5 1 [ti+l 29 fit1 22 51
=X; +r2(t,~+1 —t) — —/ zr du-l—.Q[ z;odw,
1 1

L1
+4/1— f A

We approximate the integral ff_’“ E,f Jd u, j =1, 2, using e.g. the trapezoidal rule.
Consequently, we can simulate the model, noting that conditional on flt_’*] >0 du

and X ,Jl , j =1,2, we obtain that X ,]l " follows a normal distribution with mean

. | R
XD (gt — 1) — 5/ SHau, =12,
4]

fit1 ..
/ Z‘,ﬁ’] du.
t

and X ,zm have the conditional covariance

Liy1
Q/ VEY Z du,
ti

which we approximate, for example, using the trapezoidal rule and the trajectories
of 1! and ¥?2.

and variance

Furthermore, th "
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6.7.3 Multidimensional Heston Model with Correlated Prices

‘We now consider a multidimensional version of the Heston model, which allows
for correlation of the volatility vector ¥ with the vector asset price process S. We
define the generalization by the system of SDEs
dS, = A,(rdt +/B,(CdW} + DdW?)),
d¥,=(a—EX,)dt+ F\/B;dW},
fort > 0. Here, S = {S; = (S}, $?,..., 8N T, t >0} and r = (r1,72,...,74) . The
matrix A, = [Ay7],_, is given by (6.7.23) and B, = [B;”I{ ,_, is a matrix with

elements as in (6.7.24). Additionally, C = [CJ ]f'l, i=1 is a diagonal matrix with ele-
ments '

Ci oi fori=j
0 otherwise,

and D = [D"J ]d _; is a diagonal matrix with elements

{ 1—Ql-2 fori=j
otherwise,
where o; € [—1,1], i € {1,2,...,d}. Moreover, ¥ = {¥, = (x"!, 22, .

T, 1 €[0,00)} and @ = (a1, az, ..., ag)". The matrix E = [E™]¢_ | is a
diagonal matrix with elements

Eid — bi fori=j

0 otherwise,
and F = [F'/ ]? =1 is a diagonal matrix with elements

o; fori=j

Fii =
0  otherwise.
Furthermore, W! = {W1 (Wl ! W1 2 )T t > 0} is a vector of inde-
pendent Wiener processes and w2 = {W2 = (W W ,2’d)T, t>0}isa

vector of correlated Wiener processes which are 1ndependent of W!. In two dimen-
sions, the model looks as follows:

dz = (a1 = b1 2 dt + oy 2 aw

dZP? = (a2 — by ZPP) dt + 00y EF7 AW,

for t > 0. The two-dimensional asset price process is given by

ds! =nSs}de+ S} 5 (erdw! + 1= gFaw ),

ds? =raS7dr+ S} 57 (02d W +[1 - 03aw;?),
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for # > 0. Hence we can simulate X'!:! and 22 via the non-central Xz-distribution,
see Sect. 3.1, or the elements of a matrix square-root process. We can now generate
samples of the logarithm of the stock price, X; = log(S;), using the representation

01
th+1 —X,II. +ri(tie1 — ) + 0_1( t,+1 - Et, 'yt — 1))
1b1 1 fit1 tit1
+<—QU —5>/ Z‘;’ldu—l—,/l—g%f sotaw?!,
1 ti t
02
Xp,, =Xp 4y —6)+ 0—2( 2= —ax(ti — 1))

b 1 tit1 Lyl
(222 / 22dqu+ /1 —g%f s22aw?.
02 2 t ti

Hence we approximate f:“ Z’,{ J du, j = 1,2, using e.g. the trapezoidal rule. We
recall that given

Lty

tipl .. .
s >:f J / it du, X], j=1,2,
t
the random variables X £+|’ Jj =1, 2, are conditionally Gaussian with mean

X +riltiv1 — 1) + (EJ J Et{/ —aj(tiy1 — t,'))

fit1

b 1 t:+| ..
+ (—Qj ! —)/ 23 du
gj 2 i

fit1 .
(l — Q?)/ ) du.
1

Lastly, if d[w1, Wz,z]t p dt, then the covariance between Xt " and th Lp» con-
ditional on X"/ E] j ti’“ EL{ ]du, X,’i, j=1,2is

liy1°
/ 5/ S5 [ 1.1 /w22
o1 —o7y/1—035 Yy Y du.
t

Concluding the chapter we mention that in Chap. 11 we will introduce another He-
ston model based on the Wishart process.

and variance



Chapter 7
Affine Diffusion Processes on the Euclidean
Space

Affine processes have been applied to problems in finance due to their ability to cap-
ture some stylized facts of financial time series, but also due to their computational
tractability. They are characterized by the fact that their associated characteristic
function is exponentially affine in the state variables. Consequently, this character-
istic function is also referred to as the affine transform.

In this book, we present two approaches to affine processes: the first, presented in
this chapter, is concerned with admissibility, which studies whether the affine trans-
form is well-defined. References dealing with this question include Duffie and Kan
(1996), Duffie et al. (2003), Filipovi¢ and Mayerhofer (2009), and Cuchiero et al.
(2011). The second approach is referred to as the Grasselli-Tebaldi approach, see
Grasselli and Tebaldi (2008). It studies the question of solvability, i.e. whether the
affine transform is analytically tractable. Of course, solvability is a stronger condi-
tion than admissibility, since in order to compute the affine transform, it has to exist.
We emphasize that the question of solvability is closer related to the spirit of this
book than admissibility. However, for completeness, we discuss both approaches.

We alert the reader to the fact that traditionally, affine processes were studied on
the Euclidean state space and positive factors take values in (R#1)™, see e.g. Fil-
ipovi¢ and Mayerhofer (2009). In Gouriéroux and Sufana (2004b), it was noted that
when studying matrix-valued processes, positive factors can take values as elements
in positive semidefinite matrices. This allows one to model more general depen-
dence structures, which we will explore in Chap. 11. Finally, we remark that the
domain where factors take values was generalized to symmetric cones in Grasselli
and Tebaldi (2008).

We proceed as follows: in the current chapter and Chap. 8, we discuss admissibil-
ity and in Chap. 9 the solvability of affine processes, taking values in the Euclidean
state space. Later in Chap. 11, we will discuss the solvability of certain matrix-
valued processes, the Wishart processes.

In the first, more theoretical part of the current chapter, we provide the definition
of affine processes on the Euclidean space and discuss the admissibility of affine
processes, i.e. their existence and uniqueness. In particular, we discuss necessary
and sufficient conditions to guarantee the existence of the affine transform. Given
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this theoretical background, we will then apply affine processes to problems arising
in mathematical finance. In Sect. 7.2, we present recipes, which can be used to arrive
at a pricing formula in the classical risk-neutral setting. Finally, in Sect. 7.3, we
discuss pricing using affine diffusions under the benchmark approach. In Chap. 8,
the recipes presented in this chapter, for the classical risk-neutral setting and the
benchmark approach, are applied to concrete examples from finance.

7.1 Theoretical Background on Affine Diffusions

In this section, we recall parts of the theory of affine processes. The discussion is
based on Filipovi¢ and Mayerhofer (2009). For further details, the interested reader
is referred also to Filipovi¢ (2009).

7.1.1 Definition of Affine Processes

We start our discussion of affine processes on a general Euclidean state space and
subsequently consider a specific state space, referred to as canonical state space
in Filipovi¢ and Mayerhofer (2009). For a given dimension d > 1 and a closed
state space X C 9t with non-empty interior, we consider for a process X = X* =
{X,, t €[0, T]} the following SDE

dX; =b(X,)dt + p(X;)dW,, (7.1.1)

Xo=x,where b: X — M9 is assumed to be continuous. Here, p: X —> gdxd g
assumed to be measurable so that the diffusion matrix

a(x)=p@x)px)" (7.1.2)

is continuous in x € X. Furthermore, W denotes a d-dimensional Brownian motion
defined on a filtered probability space (£2, A, A, P), and we assume throughout this
chapter that for each x € X, there exists a unique solution X = X* to (7.1.1). We
denote by C the set of complex numbers and by : the imaginary unit.

We now define an affine process.

Definition 7.1.1 The process X is affine, if the .4;-conditional characteristic func-
tion of X7 is exponential affine in X/, for all # < T'. This means that there exist C-
and C?-valued functions ¢ (z, u) and ¥ (, u), respectively, with jointly continuous
t-derivatives such that X = X* satisfies the conditional characteristic function

E(e X7 | Ay) = Tty Tt TXs (7.1.3)

forallu e M9, t <T and x € X.
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The functions ¢ and ¥ will play a crucial role in the further discussion. For now,
we remind the reader that since E (e“TX T | A;) is bounded by one, for u € 1R,
the real part of the exponent ¢(T — t,u) + ¥ (T — ¢, )" X, in (7.1.3) has to be
negative. We remark that ¢ (¢, u) and ¥ (¢,u) for t > 0 and u € 1R are uniquely
determined by (7.1.3), and satisfy, in particular, the initial conditions ¢ (0, u) = 0
and ¥ (0, u) = u. In the next theorem, we present necessary and sufficient conditions
on the diffusion matrix a(x) and the drift b(x) for X to be affine. We refer the reader
for the proof to Theorem 2.2 in Filipovi¢ and Mayerhofer (2009).

Theorem 7.1.2 Suppose X is affine. Then the diffusion matrix a(x) and drift b(x)
are affine in x, i.e.

d
alx)=a+ Zx,ui
i=1
d
b(x)=b+» xiB;=b+ Bx

i=1

(7.1.4)

for some d x d-matrices a and a;, and d-vectors b and B;, where we denote by

B=(By,....Ba)
the d x d-matrix with i-th column vector B;, 1 <i <d. Moreover, ¢ and ¥ =
(W1, ..., ¥q) " solve the system of Riccati equations

hp 0 = 29w e )+ BT w)

¢0,u)=0
| (7.1.5)
0y, w) = ¥, w) ayt,u)+ B Ytu), 1<i<d
v (0,u)=u.

In particular, ¢ is determined by ¥ via simple integration:

t
o(t,u) = f (%w/r(s,ufmﬁ(s,u) +bT¢<s,u)> ds.
0

Conversely, suppose the diffusion matrix a(x) and drift b(x) are affine of the form
(7.1.4) and suppose there exists a solution (¢, ¥) of the Riccati equations (7.1.5)
such that ¢(t,u) + ¥ (t,u) " x has negative real part for all t >0, u € 1R and
x € X. Then X is affine with conditional characteristic function (7.1.3).

As mentioned above, the functions ¢ and ¥ play a crucial role in the study
of affine processes. To improve our understanding of them, we provide the fol-
lowing lemma, see also Filipovi¢ (2009), Lemma 10.1. However, as we subse-
quently fix a state space, its statement can be sharpened, see the forthcoming Theo-
rem 7.1.5.
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Lemma 7.1.3 Let a and a; be real d x d-matrices, and b and B; be real d-vectors,
1 <i <d. The letter K can represent either )t or C.

e Foreveryu € K 4 there exists some t+(m) € (0, oo] such that there exists a unique
solution (¢ (., u), ¥ (., u)):[0,t4(u)) > K x K4 of the Riccati equations (7.1.5).
In particular, t4(0) = oo.

o The domain

Dg ={(t.w) e Rt x K |t <t (w)}

is open in Wt x K9 and maximal in the sense that for all u € K< either t, (u) =
00 or limy s, ) | (¢, w)|l = 00, respectively.
o Foreveryt € W, the t-section

Dk (t) ={ue K| (t,u) e D}

is an open neighborhood of 0 in K. Moreover, Dk 0) = K4 and Dy () 2
Dk (1) for0 <1t <t.

o ¢ and ¥ are analytic functions on Dk .

e Dy =Dc NRT x NR9).

We shall call Dk the maximal domain for the Riccati equation.
Regarding the conditions in Theorem 7.1.2, we note the following interplay be-
tween the parameters a, «;, b, 8; in (7.1.4) and the state space X

e a,o;,b, B; must be such that X does not leave the set X', and

e a,o; must be such that a + Zf x;joe; is symmetric and positive semi-definite for
allx e X.

Following Filipovi¢ and Mayerhofer (2009), we now assume that the state space
under consideration is of the form

X =m")" xa (7.1.6)

for some integers m,n > 0 with m 4+ n = d. This type of state space is sufficient
for the applications we discuss in this chapter and the following chapter. For a dis-
cussion on this issue and references to other state spaces, we refer the reader to
Remark 3.1 in Filipovi¢ and Mayerhofer (2009) and Chaps. 10 and 11 of this book.

For the state space given in (7.1.6), we now present necessary and sufficient
conditions on the functions a(x) and b(x) for X to be affine. Following Filipovi¢
and Mayerhofer (2009), we find the following notation helpful: we consider the
index sets:

I={1,...,m} and J={m+1,...,m+n}.
For any vector u, matrix v, and index sets M, N, we define by
s = (Widiem, vun = (Vij)ieM,jeN

the respective sub-vector and sub-matrix. The following result represents Theo-
rem 3.2 in Filipovi¢ and Mayerhofer (2009).
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Theorem 7.1.4 The process X on the canonical state space (RT)™ x K" is affine if
and only if a(x) and b(x) are of the form (7.1.4) for parameters a, o;, b, B;, which
are admissible in the following sense:
a,a; are symmetric positive semidefinite,
ajr;=0 (and thusajjy = aL = 0),
a;=0 foralljelJ,

aip=oik=0 forkel\{i}, foralll <i,l <d, (7.1.7)
be (RH)" x n,
B, =0,

B has nonnegative off-diagonal elements.

In this case, the corresponding system of Riccati equations (7.1.5) simplifies to

1
09t w) =, w'la v,tu)+b" ¥, u),
¢(0,u) =0,
it u) = %w, w 'y, u)+ B v@u), iel,

WV, (t,u)=B ¥t u),
¥ (0,u)=u,

and there exists a unique global solution (¢ (., u), ¥ (., u)) : Rt — C~ x (CT)" x
1R" for all initial values u € (C™)™ x 1", In particular, the equation for ¥ ; forms

an autonomous linear system with unique global solution ¥ ; (¢, u) = exp{B; stlug
foralluy e C".

(7.1.8)

We point out that the admissibility conditions (7.1.7) are well illustrated in Fil-
ipovi¢ and Mayerhofer (2009). We now go back to Definition 7.1.1 and examine it
in the light of the canonical state space. In particular, we wish to extend both, the
definition of the functions ¢ and ¥ beyond u € :%¢, but also the validity of the
affine transform. The next result, Theorem 3.3 in Filipovi¢ and Mayerhofer (2009),
shows that this is possible.

Theorem 7.1.5 Suppose X is affine with admissible parameters as given in (7.1.7).
Let t > 0. Then:

o S(Dy(t)) C Dc(r);
o Dy (1) = M(t) where

Mx)={ue nd | E(e”TXx(T)) < oo forall x € (W)™ x %'}

o Dy (1) and Dy, are convex sets; moreover, for all 0 <t < T and x € (RT)™ x K",
o (7.1.3) holds for all u € S(Dy (T —1));

e (7.1.3) holds for allu € (C™)™ x 1R";

o M(t) D M(T).



186 7 Affine Diffusion Processes on the Euclidean Space

It is clear that extending the validity of the affine transform is a crucial result
for applications, in particular, for option pricing. Before discussing applications, we
finally address the following technical issue: we concentrate on an affine process X
on the canonical state space M) x R with admissible parameters a, «;, b, and
B, which means that for any x € (W)™ x R", the process X = X* satisfies

dX, = b+ BX,)dt + p(X,)dW,, (7.1.9)

Xo=x and p(x)p(x)T =a+ Zie, x;ae;. So far, the entire discussion in this chap-
ter was based on the premise that there exists a unique solution X = X* to (7.1.9).
However, if a(x) = p(x) ,o(x)T is affine, then p(x) cannot be Lipschitz continu-
ous in x, in general, which means that the existence and uniqueness of a solution to
(7.1.9) has to be investigated. Following Sect. 8 in Filipovi¢ and Mayerhofer (2009),
we show how X can always be realized as a unique solution of the SDE (7.1.9) on
the canonical state space X = ()" x R and for particular choices of p(x).

We now proceed as follows: we illustrate that even though the law of an affine
process is uniquely determined by its characteristics, it can be realized by infinitely
many variants of the SDE, by replacing p(x) in (7.1.9) by p(x)D, for any orthog-
onal matrix D. Consequently, we present an algorithm, which produces a canonical
choice of p(x), and establishes that the resulting SDE admits a unique solution, the
law of which is uniquely determined by a, «;, b, f;, but is independent of the choice
of p.

Firstly, we show that the law of an SDE is uniquely determined by a, «;,
b, B;, but can be realized via an infinite number of SDEs. Firstly, note that for
any orthogonal d x d-matrix D, the function p(x)D results in the same diffu-
sion matrix as p(x), since p(x)DD " p(x)" = p(x)p(x)". However, from Theo-
rem 7.1.4, it is known that given admissible parameters a, o;,b, B;, the functions
@G, w), ¥, ) : Rt — C x (C)™ x 1R" are uniquely determined as solu-
tions of the Riccati equations (7.1.8), for all u € (C™)™ x :R". These, in turn,
uniquely determine the law of the process X. Indeed, for any 0 < #; < 1, and
up, up € (CH)"™ x 1N", we iterate the affine transform (7.1.3) to obtain

E(euTX,1+u;X12)

— P (2=t u2)+d (tr,u 1+ (2 —11,u2))+Y (w1 +¥ (12 -1 ’uz))Tx_

We conclude that the joint distribution of (X;,, X;,) is uniquely determined by
the functions ¢ and ¢. Iterating this argument, one concludes that every finite-
dimensional distribution, and thus the law of X, is uniquely determined by the
parameters a, o;, b, and B;. Consequently, the law of an affine process X, while
uniquely determined by its characteristics (7.1.4), can be realized by infinitely many
variants of the SDE (7.1.9), by replacing p(x) by p(x)D, for an orthogonal d x d
matrix D. We now recall the canonical choice of p(x) presented in Filipovi¢ and
Mayerhofer (2009):

e from Lemma 7.1 in Filipovi¢ and Mayerhofer (2009), it follows that every affine
process X on (RT)™ x R" can be written as X = A~'Y for some invertible
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d x d matrix A and some affine process ¥ on (R1)" x %" with block-diagonal
diffusion matrix. Hence one can focus on p(x) for which

diag(xy,...,x4,0,...,0) 0
0 a+ i Xidi g

for some integer 0 < g <m. Since 0 < g <m, p(x) = p(x) is a function of x;
only.
e setp;;(x)=0,p;;,(x)=0,and

prr(xp) =diag(V/xq, ..., /x4,0,...,0).

Choose for p;;(x ) any measurable n x n-matrix-valued function satisfying

p(x)p(x)" =

PPy ) =a+) xiei g,
iel
see Sect. 8 in Filipovi¢ and Mayerhofer (2009) for a discussion on how to choose
such a function.
e consequently, the SDE (7.1.9) now reads

dX; =0+ B Xpdt+p;(X1)dwy,
dX;=b;+B X +BXp)dt+p,;,(X)dWy,
X():x.

Lemma 8.2 in Filipovi¢ and Mayerhofer (2009) asserts the existence and unique-
ness of an (N1)" x N"-valued weak solution X = X* for any x € (RH)™ x R".

We conclude this theoretical part with the following result, which presents Theo-
rem 8.1 in Filipovi¢ and Mayerhofer (2009).

Theorem 7.1.6 Let a, «;, b, B; be admissible parameters. Then there exists a mea-
surable function p : (R x R — R with p(x)p(x)T =a + Y e Xi®i, and
such that, for any x € (W)™ x R", there exists a unique (RT)" x R*-valued solu-
tion X = X* of (7.1.9). Moreover, the law of X is uniquely determined by a, o;, b,
B; and does not depend on the particular choice of p.

Finally, we remark that the above discussion is similar to the forthcoming dis-
cussion in Sect. 9.3, which will show how to represent in normal form the affine
processes discussed in Dai and Singleton (2000).

7.2 Pricing Using Affine Diffusions

In this section, we present classical approaches to pricing in affine models, following
Filipovi¢ and Mayerhofer (2009). Here the expectation can be interpreted as being
taken under some assumed risk neutral probability measure.
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7.2.1 Classical Approaches to Pricing in Affine Models

We firstly present, following Filipovi¢ and Mayerhofer (2009), two classical ap-

proaches to pricing in affine models. The following assumption sits at the heart of

the classical approach.

Assumption 7.2.1 The process (r;);>0 is an affine transform of (X;)>0,
rn=c+y 1D.¢ t

where X is affine on the canonical state space (RT)™ x K" with admissible param-

etersa,o;, b, B;, wherei €{1,...,d}, givenin Eq. (71.1.7)and ce N, y € R,

We are interested in computing expectations of the form

T
7 (0)=E(e™ ¥ f(Xr) | A,
where we assume that f is such that

E(e*f()r rydy

f(X7)]) < oo

Both classical approaches are based on the following result, see Theorem 4.1 in
Filipovi¢ and Mayerhofer (2009).

Theorem 7.2.2 Let T > 0. The following statements are equivalent:

. E(e’for 14y < 0o for all x € (RTY™ x W, where X = x.
e There exists a unique solution (® (-, u), ¥ (-,u)) : [0, 7] — C x C¢ of

1
0P (1) =W, (1, w)la; ;W (t,u)+b"¥(t,u)—c,

@ (0,u) =0,

1
o) = W0 W )+ BT ) — i, el (7.2.1)

W (t,u)y=B) W, (t,u)—y,,
v0,u)=u,
foru=0.

In either case, there exists an open convex neighborhood U of 0 in R¢ such that
the system of Riccati equations (7.2.1) admits a unique solution (P (-,u), ¥ (-, u)) :
[0,7] = C x Cdfor all u € S(U), and we have

T
E(e*ft rxdseuTXT |Az) :ecD(Tft,u)+!Il(Tft,u)TX,’

forallue S(U),t <T <t+tandx € NT)" x K",

For the remainder of this section, we assume that one of the conditions of Theo-
rem 7.2.2 is satisfied. In practice, given an affine process, we would firstly have to
solve the Riccati equations to make use of Theorem 7.2.2. There are two approaches
we can pursue:
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7.2.2 Forward-Measure Approach

We define the Radon-Nikodym derivative
dpT 1

A ==,
TP T P )s)

T
where Pp(t) = E(e’fr rsds | A,) and S9 = exp{fOT rsds}. Here P is interpreted
as the assumed risk neutral probability measure and P” as the T-forward measure
with the zero coupon bond Pr(#) as numéraire. We also set

a

dP
Afp(t) = P y =E(Ar|A)

and note that A (¢) is a strictly positive (A, P)-martingale. From Bayes’s Theorem,
see Sect. 15.8, one has

E X —ftTrsds A
EPT (f(XT) | A[) — (f( T);T(t) | t).

T
Up to normalization with E (e Jr rsds | A;), calculating

a6y =E(e~ 45 f(X1) | A)

amounts to computing Epr (f(X71) | As). The following result, Corollary 4.2 in
Filipovi¢ and Mayerhofer (2009), is used to compute the characteristic function of
X7 under PT.

Corollary 7.2.3 For any maturity T < t, the T -zero coupon bond price att < T is
given as

Pr(r) = e—A(T—t)—B(T—t)TX,’
where we denote
A(t)=—D(,0), B(t)=—-¥(t,0).

Morveover, fort < T < S < t, the A;-conditional characteristic function of Xt un-
der the S-forward measure P is given by

e—A(S—T)+(P(T—t,u—B(S—T))-HI’(T—t,u—B(S—T))TX,

Pg (1)

forallu € S(U + B(S — T)), where U is the neighborhood of 0 in %¢ from Theo-
rem 7.2.2.

Eps(e" X7 | A) = . (122)

Consequently, using (7.2.2), we either recognize the characteristic function, or
we invert it numerically. The resulting distribution is denoted by ¢ (¢, T', dx) and we
can finally compute

m(t) = Pr(t) fx)q @, T,dx).

OH)ym xfn
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7.2.3 Applying the Fubini Theorem

For this second approach, we assume that the payoff function f admits the repre-
sentation

f(x) = ‘K;td e(u+ly)Txf(y) dy, (723)

for some integrable function f : ¢ — C and some constant u € U. Then we may
be able to apply Fubini’s theorem to change the order of integration, which gives

a6y =E(e~ W 4 f(X7) | A)
_ E(e—ftTrsds/ e("""y)TXTf(y)dy ‘ At)
nd
:/ E(e—flTrSdS'f'(u"rly)TX’r |At)f(y)dy
Rnd

_ /deqb(T—z,quzy)+-11(T—z,u+zy)TX,f(y) dy, (7.2.4)
%

where we used Theorem 7.2.2 to arrive at (7.2.4). The next lemma, Lemma 4.3 in
Filipovi¢ and Mayerhofer (2009), shows that f can be found by Fourier transforma-
tion.

Lemma 7.2.4 Let f :R¢ — C be a measurable function and u € R¢ be such that
the function h(x) = eu'x f(x) and its Fourier transform

h(y) = / h(x)e ™ * dx
Nl
are integrable on K. Then (7.2.3) holds for almost all x € R¢ for
~ 1
T = Gy

Moreover, the right-hand side of (7.2.3) is continuous in x. Hence, if f is continuous
then (7.2.3) holds for all x € R¢.

h(x).

Finally, we summarize the classical approach to pricing in affine models, where
we are interested in computing
E(e—f[T XD £x ) | A)
under an assumed risk neutral probability measure:
1. postulate that g(x) is an affine function of x,
gx)=c+y'x;

2. solve the system of Riccati equations, (7.2.1);
3. e identify the law of X7 under the forward measure, either by inspection or
numerical inversion;
e represent f asin (7.2.3);
4. compute the resulting integral numerically.
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7.3 Pricing Using Affine Diffusions Under the Benchmark
Approach

The aim of this section is to demonstrate how to modify the classical approaches
to pricing in affine models presented in Sects. 7.2.2 and 7.2.3, to be applicable
under the benchmark approach. Recall that under the forward-measure approach,
Sect. 7.2.2, the distribution of the state variables under the forward measure played
the key role. Under the benchmark approach, we can price under the real world
probability measure, but replace the distribution with suitable fundamental solu-
tions, see also Chap. 5. As this approach was developed in Craddock and Platen
(2004, 2009), and Craddock and Lennox (2009), we refer to it as the Craddock-
Lennox-Platen approach. Regarding the approach from Sect. 7.2.3, we point out
that explicit formulas for the affine transform sit at the heart of this approach. When
dealing with the benchmark approach, we find that benchmarked Laplace trans-
forms naturally arise. Furthermore, using recent results from Chan and Platen (2011)
and Lennox (2011), for the models employed under the benchmark approach, these
benchmarked Laplace transforms are often available in closed-form. We conclude
this chapter by discussing how to employ forward measures under the benchmark
approach.

7.3.1 Craddock-Lennox-Platen Approach to the One-Dimensional
Problem

We now place ourselves in a one-dimensional setup and rely on results presented in
Craddock and Lennox (2009). We are interested in computing

E(e™ I 8% (x7),

where X is a one-dimensional affine process started at x, and P is interpreted as the
real world probability measure. Essentially, we wish to address two questions in this
subsection:

(i) is there a more general approach to the formulated problem than the steps out-
lined above, in particular, having to solve a different set of Riccati equations for
every affine process?

(i) can we choose functions which are more general than the affine functions pre-
sented under Assumption 7.2.1?

It is clear that both approaches presented in the previous section require us to solve
the Riccati equations. Therefore, the classical approach cannot be used to obtain an
affirmative answer to (i). Regarding (ii), it is clear that both classical approaches
crucially relied on Theorem 7.2.2, which presented a closed form solution for

E(e_'/bT rs dseuTXT).

This result exploited the fact that the process r is an affine transform of X.
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We now show how to obtain an affirmative answer to the questions (i) and (ii) by
using the Craddock-Lennox-Platen approach, see e.g. Craddock and Platen (2004,
2009), Craddock and Lennox (2009). For the remainder of this subsection, we set
m =1, n =0, and hence d = 1. We have the following corollary to Theorem 7.1.4.

Corollary 7.3.1 The process X on \T is affine if and only if a(x) and b(x) are
affine of the form given in Theorem 7.1.4 for parameters a, o, b, B, which are ad-
missible in the sense that

hence a(x) =ax,x e R, beRt,

b(x)=b+ Bx.

We now introduce the functional
u(x,t) = E(e_ff; g(X‘Y)de(Xt)),
where X = x and use the Feynman-Kac formula, see Sect. 15.8, to obtain the fol-
lowing Cauchy problem:
ur = (b+ Bx)ux + %axuxx —g(xX)u,
u(x,0) = f(x).

The following result is from Craddock and Lennox (2009), see Theorem 4.4.1 in
Chap. 4 of this book.

(7.3.5)

Corollary 7.3.2 The PDE (7.3.5) has a non-trivial Lie symmetry group if and only
if g is a solution of one of the following families of drift equations

Lf = Ax + B, (7.3.6)
or
Lf=Ax+ Bx'/? - §<la)2, (7.3.7)
8\ 2
where
Lf = %ﬂ +g(x) +xg' (x). (7.3.8)

In this section, we focus on Eq. (7.3.6). We remark that it is trivial to solve (7.3.6)
and (7.3.7) for g.

Corollary 7.3.3 Ifg(x) = Ax+ B+ g then (7.3.6) is satisfied. Similarly, if g(x) =
Ax + Bx'/% 4+ (—%(%01)2 — I;—ﬁ) + %, then (7.3.7) is satisfied.
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Proof Substituting b(x) = b + Bx, we have

b | Bx
—+—+g(X)+Xg(x) Ax+ B, forx>0,

and we recognize the first-order ordinary differential equation

g(x) B> bp
o £ (o £) (1= )

The integrating factor is simply x, and we obtain
(A-L£) bB
x(A = B
g(X)=f+<B——>+—

The second part of the proof can be completed analogously. O

We conclude that using the Craddock-Lennox-Platen approach we can handle a
function g(x) of the form

. . C
g(x):Ax—}—B—i—;.

Next, we address part (i). In particular, we point out that for the cases

gx)=xpu, (7.3.9)
g(x)= % (7.3.10)
gx) = ; + ux, (7.3.11)

fundamental solutions to the Cauchy problem are given in Craddock and Lennox
(2009), which we will recall below. Consequently, for g given by (7.3.9), (7.3.10),
or (7.3.11), computing

E(g—.be g(XA')de(XT))

amounts to computing the following one-dimensional integral numerically

/O fOMpx,y, T)dy,

where p(x, vy, T) denotes the fundamental solution of (7.3.5), and x is the starting
point of the affine process. We now recall these fundamental solutions.

Corollary 7.3.4 Let g(x) = ux, where u > 0, then there is a fundamental solution
of the PDE (7.3.5) of the form

JAxye~ F@=F()/@0) ex{ Bt VAG +y) }
20 sinh(v/At/2) 20 20 tanh(v/At/2)

VA ) ( VAyx ))
C I | ————— C Iy ————F——— ’
X( 1) (asinh(ﬂz/z) +G0) o sinh(v/ At /2)

px,y, )=
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where v = Y212 +2C , Fl(x) = , and we interpret 1_, to be K, (2) if v is an
integer, where o = 2 ,A= ,82 + Z(xM, B =bp, and C = (b> — ab).

The following results were also covered by our Propositions 5.4.3 and 5.4.4.

Corollary 7.3.5 Suppose g(x) = % where [t > 0, then there is a fundamental so-
lution to the PDE (7.3.5) of the form

JALFO=F)/Q0) [x { Bt VAG+y) }

pix.y.0)= 20 sinh(VAr/2) 5 Tl 20 20 tanh(vA?/2)

- ) ( A\/xy ))
C I| ————— C Iy ————— ’
X( 1) (asinh(ﬂz/z) +G0) o sinh(v/ At /2)

in which F'(x) = b(x)/x and v = Y2CH#o+0>

o

Ky (2) if v is an integer,0 = 5, A = B%, B="bp, and C = _“h

, and we interpret 1_,(z) to be

Let us provide for this case an example.

Example 7.3.6 Setting b =ay, B = —ay, « = 20 in Corollary 7.3.5, we obtain the
square-root process

dX[ = (a[ _a2X[)dt + YV 2UX[dW[,

started at x. Using the fundamental solution p(x, y, ), we can compute

E(eh % £(Xp)) =/0 FOpGx,y, T)dy,

which usually has to be evaluated numerically. However, for the case f(x) =e™**,

we obtain the explicit formula

E( aX— Mffds) r'k+v/24+1/2)
rwv+1)

a2< ; X )
XX o \ MY T (@ 2)

1 2 ,82
B~/ (2a)
X e M_ ,
/3 3 k,u/2( )

px*

where M; ,(z) is the Whittaker function of the first kind, v = g,/ (a1 —o0)2+4uo,
k=2, o =2 (1+coth(%)) + 1, and f = 23

— 20’ — 20 sinh(at/2) "
Finally, we consider the case g(x) = % + ux, where > 0, v > 0.

Corollary 7.3.7 Suppose g(x) = ¢ +ux, i > 0,v > 0, then there is a fundamental
solution to the PDE (7.3.5) of the form
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Axy o~ (Bi+VA(+y) coth(VAL2)+F (x)=F () /(20)

Py =2 sinh(v/A7/2)

Ci)I o

X ( 1(») ¢02+2C/0<a sinh(ﬂf/z))
VAxy

+ M e, (a sinh(+v/At/2) >)

As usual, F'(x) = b(x)/x, 1-,(z) = K,(z) if v is an integer, A = B> + 2apu,
B=0bB,C= %(b2 —ab+2av),and o = 3.

Following the discussion in Craddock and Lennox (2009), we usually have to
consider the case C; =1, C, =0.

In conclusion, we have the following procedure for calculating the above type of
functional for a one-dimensional affine process using the Craddock-Lennox-Platen
approach:

1. postulate that g(x) is given by
c
gx)y=ax+b+ ;;

2. compute numerically the one-dimensional integral

/0 fOMpx,y, T)dy,

using the fundamental solution p(x, y, T) identified in Corollaries 7.3.4, 7.3.5,
and 7.3.7.

7.3.2 Benchmarked Laplace Transforms

In this subsection, we discuss benchmarked Laplace transforms. These functionals
arise naturally in the context of the benchmark approach when applying the real
world pricing formula, as we illustrate using a simple example. For more advanced
examples, we refer the reader to Sect. 8.5.

As already discussed in Sect. 7.2.1, affine models have been applied to interest
rate modeling. We place ourselves in the stylized MMM, see Sect. 3.3, and assume
the following basic model for the short rate:

_c
=y
for + > 0, where ¢ > 0 and Y = {Y;, t > 0} denotes the normalized GOP, see
Eq. (3.3.9). Though very simple, the diffusion coefficient of the interest rate has

the power %, which is also a feature of the interest rate models discussed in Ahn and
Gao (1999), and Platen (1999). The real world pricing formula (1.3.19) yields the

(7.3.12)

It
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following expression for the time ¢ = 0 zero coupon bond price:
T ds }

1 8% rexp{—c
PrO)=S"E( —)="2F i )
0 8 8
Sy o Yr

Due to the presence of Y7 in the denominator, we refer to
T ds }

E(M) (7.3.13)
Yr

as a benchmarked Laplace transform. The following result, see Proposition 8.1 in
Chan and Platen (2011) and Proposition 2.0.41 in Lennox (2011), gives us access to
many useful benchmarked Laplace transforms. We choose to present this result in
generality, and employ the notation from Lennox (2011). We introduce the square-
root process X = {X;, t > 0}, where

dX; = (a—bX,)dt + 20 X, dW,, (7.3.14)

and Xo=x > 0.
Proposition 7.3.8 Assume that X = {X;, t > 0} is given by (7.3.14) and that

27“22. Let,B:l—i—m—a—i—%,m:%(g—l), andv:%x/(a—a)2+4/u7.

Thenifm>a—%—1,
E|ex /l ds xX“
py—H e '
1 bx + bt bexp{bt} —mta—j
= expi — _—
2o P U g @ = T (@ — o

vx  \"? e bx
) (aZSth(%)) r'(1+v) 1F1(’3’1+"’ m)

Settinga=1,b=mn,and o = %, we can now compute (7.3.13). In Sect. 8.5, we
present further examples, which can be calculated using Proposition 7.3.8.
Finally, we present Proposition 2.0.42 from Lennox (2011).

Proposition 7.3.9 Assume that X = {X;, t > 0} is given by Eq. (7 3.14) and that
%“leeﬁneA:bz+4,ua,m— ~J(@a—-0)4+4dov, = and k =

/A+b tanh( @)
20 tanh(Y2L)

tds t
E(Xt_“exp{—v/. ——u/ Xsds})
0

fxz % ( )mexp{b(x—i-at)—«/choth(@)}k_(H%Jr%Jr%_a)
20s1nh(“/_’) 20
XF(1+§+§+%—O€) 1F1<1 a 1 m ,32>

_ i+
r(+m) o taty ity

o sinh( ‘/—t)

.Thenifa > Qa —3)o, for u > 0,v >0,




7.3 Pricing Using Affine Diffusions Under the Benchmark Approach 197

7.3.3 Forward Measures Under the Benchmark Approach

In this subsection, we discuss how to employ the concept of a forward measure
under the benchmark approach. Recall from Sect. 3.3, that under the stylized MMM,
the benchmarked savings account

g

e
So

could not be used as a Radon-Nikodym derivative to introduce an equivalent risk
neutral probability measure, as this process is a strict supermartingale. However,
under the benchmark approach, benchmarked derivative prices are martingales, see
Chap. 1. Hence, the benchmarked zero coupon bond, Pr(t), appears as a candi-
date to define an equivalent probability measure. We introduce the Radon-Nikodym
process A = {A;, t € [0, T},

_ Pr(n
t— "~
Pr(0)

where Pr(t) = £ ST‘S(*I) denotes the price of a benchmarked zero coupon bond, and

Pr(t) denotes the time 7 price of a zero coupon bond maturing at 7. Clearly, since
Pr(t) forms a martingale A = {A;, t € [0, T']} is a martingale, where Ao = 1. Con-
sequently, we can use the Radon-Nikodym derivative

1 1

T =" oy 1Y’
St E(ST*)
T
to define a new probability measure, the 7 -forward measure PT via

dPT 1 1
T oo 1y
dpP Sy E(g)

Note that P is here interpreted as the real world probability measure. We hence
obtain the following pricing rule for a nonnegative Ay -measurable payoff Hr sat-

isfying
H
E( 5T> < 0.
Sr

Proposition 7.3.10 The real world forward price at time t of an Ar-measurable
payoff Hr to be paid at T, where E(gTZ) < 00, is given by
T

E(gE [ A)

O
ST

EPT(HTIAt)z ~
Pr (1)
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Proof The proof follows immediately from the real world pricing formula and the
Bayes rule, see Sect. 15.8,

E(HrAr | A)
E(Ar | A
=E(Ar A7 Hy | Ay)

Hy 1
—E( 2|4 )—.
( ’) Pr(1) -

o

In the case when an equivalent risk neutral probability measure exists, the for-
ward price derived in Sect. 7.2.2 under the classical approach can be shown to co-
incide with the above forward price. We emphasize that Proposition 7.3.10 does
not rely on the assumption of the existence of an equivalent risk neutral probability
measure.

The T-forward measure P” is employed as an auxiliary measure for pricing,
hence we are particularly interested in the distribution of random variables under
the measure P7. Using Proposition 7.3.10, we can compute the affine transform of
a random variable X under P, where we use the real world probability measure
P to perform the computation, which is the same approach as employed in Theo-
rem 7.2.2:

Epr(Hr | A) =

S X
EPT (exp{uX} | .A[) = PTt(t) E (exr;{;: } .A[) s
T

where u € C.

A crucial observation is the following: if we want to apply the methodology from
Sect. 7.2.3, see also Sect. 8.6, to a typical problem arising in finance, such as the
pricing of index options, we are in fact interested in the affine transform of ln(S;*).
This results in the following computation:

8
S

Pr (1)
Under the benchmark approach, we preferably employ realistic, but also tractable

models, hence Eq. (7.3.15) is easily computed. We illustrate this in the one-and
two-dimensional setting in Sect. 8.6.

Epr(exp{uln(S3)} | 4) = E((S3) " A4). (7.3.15)




Chapter 8
Pricing Using Affine Diffusions

The aim of this chapter is to illustrate how to price derivatives using affine diffu-
sions in the classical risk-neutral setting and under the benchmark approach. In the
classical risk-neutral setting, the affine transform plays a crucial role in the pricing
of derivatives. In particular, there are essentially two ways in which this transform
has been employed:

e the affine transform can be used to determine the law of the vector of random
variables under consideration, if necessary numerically;
o the affine transform can be employed together with the Fourier transform.

In this chapter, we first show how to use the affine transform to determine the law
of a vector of random variables. Later, we combine this with the Fourier transform.
We present the theory, mainly relying on Filipovi¢ and Mayerhofer (2009). Subse-
quently, we illustrate the theory by using two one-dimensional examples.

Under the benchmark approach, we can work under the real world probability
measure, using the Craddock-Lennox-Platen approach from Sect. 7.3.1, or bench-
marked Laplace transforms, or we can employ the forward measure from Sect. 7.3.3.
In Sect. 8.5, we illustrate the usage of benchmarked Laplace transforms, and in
Sect. 8.6, we work under the forward measure.

8.1 Theoretical Background

As in Chap. 7, we work on a filtered probability space (§2, A, A, P) and use X
to denote an affine process that assumes values in the canonical state space X =
(RHT)™ x M. The dynamics of X are given by

dX;=b(X;)dt + p(X;)dW;, 8.1.1)
where X¢g = x and

p()p) " =a(x).
Affine processes are frequently used in the context of short rate models, and we
restate Assumption 7.2.1, also to recall the notation used therein.
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Assumption 8.1.1 The process r = {ry, t > 0} is an affine transform of X =
{X17 t 2 0}1

Vt=C+)’TXt,

where X is an affine process on the canonical state space (RT)™ x K" given by
Eq. (8.1.1) with admissible parameters a, «;, b, and B;, where i € {1, ..., d}, given
inEq.(1.1.7),and c € R, y € R7.

We are interested in computing conditional expectations of the form

T
m(t) = E(exp{—/ Ty ds}f(XT)
t

and hence impose the integrability condition

T
E(exp{—/ rsds}‘f(XT)D <00
0

for the remainder of this chapter. In Eq. (8.1.2), the expectation is taken with re-
spect to the measure P. This refers either to the case when P denotes some as-
sumed equivalent risk-neutral probability measure or the case when P denotes the
real world probability measure. In the remainder of the section, we discuss how to
compute such discounted Laplace transforms. We recall Theorem 7.2.2, where we
assume that the expectation is taken with respect to the measure P, irrespective of
whether this refers to an assumed risk-neutral measure or the real world probability
measure. We point out that if P corresponds to an assumed risk neutral probability
measure and if f is simply the constant one, then the computation of (8.1.2) yields
the price at time ¢ of a zero coupon bond maturing at time 7'. For the remainder of
the section, we assume that the conditions of Theorem 7.2.2 are satisfied. We have
the following result, see Corollary 4.2 in Filipovi¢ and Mayerhofer (2009).

A,) (8.1.2)

Theorem 8.1.2 Let t > 0 and assume that the conditions of Theorem 7.2.2 are
satisfied. Then for any maturity T < t, the T-zero coupon bond price at t < T is
given as

T
E<exp{—f rg ds} ‘ .A,) :exp{—A(T —1t)— B(T — t)TX,} (8.1.3)
t

where we denote
At)=—-D(1,0), B(t)=—-¥(,0).

Moreover, fort <T < S < t, the A;-conditional characteristic function of X7 is

given by
s
E(exp{—/ rsds+uTXT} ‘.At>
t

— o AS=T)+&(T—1,u—B(S—T)+¥(T—1.u—B(S-T) X, (8.1.4)

forallu € S(U + B(S — T)), where U is the neighborhood of 0 in ¢ from Theo-
rem 7.2.2.



8.2 One-Dimensional Examples 201

We remark that if P corresponds to the risk-neutral probability measure, then
equality (8.1.4) gives the law of X7 under a forward measure P, defined via the
Radon-Nikodym derivative

dpS 1 1
dP " E(SPH~H Y

Ap =

where S,0 = exp{fot ryds}. From Bayes’ Theorem, see Sect. 15.8,

Eexpl— [Prods +uT X7} | A)
E(expl— [Sredsy | A)

Eps(exp{u’ X7} | A) = (8.1.5)

The expression E (exp{— ftS rsds} | A;) was computed in (8.1.3) and

N
E(exp{—/ rsds—i—uTXT} ’A,)
t

in Eq. (8.1.4). One can now recognize the law of X7 under Pg, or compute it nu-
merically. Finally, we point out that computations using forward measures under the
benchmark approach will be performed in Sect. 8.6.

We now illustrate how to apply Theorem 8.1.2. Clearly, this requires the solution
of the system of Riccati equations (7.2.1). In some cases, such as the Vasicek and
the CIR model, explicit solutions can be found, and we now show how to obtain
them.

8.2 One-Dimensional Examples

In this section, we discuss two one-dimensional examples, which feature promi-
nently in the finance literature.

8.2.1 Vasicek Model

The state space of the Vasi¢ek model, see Vasicek (1977), is R, and we set r; = X;,
so that we consider the one-dimensional affine process

dry = (b+ Bry)dt +od Wy, (8.2.6)
where ¢ > 0, b, B € . Given this parametrization, the system of Riccati equations
(7.2.1) now reads

1,2 2
0D (t,u) = qu (t,u)o” +bW(t,u),

@(0,u) =0, (8.2.7)
oW (t,u) =¥ (t,u)—1,
v(0,u)=u.
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This system is easily solved, in particular, we obtain

W (¢, u) = expl{Bt)u — %
and
1 2
D(t,u) = EU [2/3 (exp{2,3t} — 1) 2,33 (exp{Z,Bt} —4exp{Bt}+3+ 2,8t)
s (exp{2,3t} —2exp{Bt} + 1)]

—i—bl:ﬂ(exp{ﬂt} ) exp{ﬁt}ﬁ#}

which holds for all u € C, and hence (8.1.4) holds for all u € C. This allows us, via
Theorem 8.1.2, to compute

T
E(exp{—/ T ds} ‘At> =exp{—A(T —1) — B(T —)r;},
t

where

A(t) = —<D(t 0)
2

Ve (3 —4exp{Bt} +exp{2Bt} + 2B1),

=~ (1 —exp{Bt} + Bt) —

and
t}—1
B(t) = —W(t,0) = M_
B
Furthermore, we have, by invoking Eq. (8.1.5),

Eps(explurr} | Ar)

02
:exp{u(exp{ﬂ(T — t)}r, — E(Z — exp{,B(S — T)} +exp{,3(S+ T — 2t)}
b
—2exp{B(T —1n)}) — E(l —exp{B(T —1)})
2
+ E(exp{Zﬁ(T -n}- ))}

This means, we identify the distribution of 7 under PS5 conditional on A, as Gaus-
sian with mean

2
exp|B(T —)}r, — ;—/32(2 —exp{B(S — T}
+exp{B(S+T —20)} — 2exp{B(T —1)})

- %(l—exp{ﬂ(T—Z)})
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and variance

2
%(exp{Zﬂ(T —n)—1). (8.2.8)

For the special case S =T, i.e. PT = PS, this distribution reduces to the well-
known law of a Gaussian random variable with mean

2
xp{B(T — D1 = 525 ({267 1)) —exp| T ~1)})
b 2
— (E + ;—132>(1 —exp{B(T —1n)})

and variance (8.2.8). These results are in line with well-known results on pricing
under the Vasicek model, see e.g. Mamon (2004).

8.2.2 CIR Model

We now discuss the CIR model, see Cox et al. (1985), following the presentation in
Filipovi¢ and Mayerhofer (2009). In this case, the state space is R. We set r, = X,
and deal with the following model for the short rate

dri=(b+ Br)dt +o/ridW,, (8.2.9)
where b, 0 > 0 and B < 0. The system of Ricatti equations (7.2.1) now reads

QO u)=b¥(t,u),
@(0,u) =0,
(8.2.10)

W (t,u) = %sz/z(t, u) + Y (t,u) — 1,
v0,u)=u.
To solve system (8.2.10), we use the following lemma, which appeared as
Lemma 5.2 in Filipovi¢ and Mayerhofer (2009).
Lemma 8.2.1 Consider the Riccati differential equation
%G =AG*+BG—-C, G(0,u)=u, (8.2.11)

where A, B,C € Cand u € C, with A # 0 and B2 +4ACeC \ N~ Let /- denote
the analytic extension of the real square root to C\'W™, and define . = ~/ B2 + 4AC.

o The function

_2C(exp{kt} — 1) — (A(exp{rt} + 1) + B(exp{rt} — 1))u
rexp{rt} 4+ 1) — B(exp{rt} — 1) — 2A(exp{rt} — Du

is the unique solution of (8.2.11) on its maximal interval of existence [0, t4(u)).

G(t,u) =
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Moreover,
t
f G(s,u)ds
0
_L 2nexp{2521}
A Og<k(exp{kt} 1) — Blexp{it} — 1) — 2A(expiar} — 1)u)'
2.12)

e [f,in addition, A >0,B € R, R(C) >0andu € C™, then ty(u) = oo and G(t, u)
is C™-valued.

Invoking Lemma 8.2.1, we conclude that A = %02, B=g,C=1, A=

VB?+202 and

2(exp{rt} — 1) — (A(exp{rt} + 1) + B(exp{rt} — 1))u

U(t,u)=—
Alexp{At} + 1) — B(exp{rt} — 1) — o 2(exp{Art} — Du
L) = Ly
L3(t) — La(t)u’
where

Li(t)= 2(exp{kt} -1

)
Lo(r) = A(exp{rt} + 1) + B(exp{rr} — 1)
L3(r) = A(exp{rt} + 1) — B(exp{rr} — 1)
L4(t) = o*(exp{rt} — 1)
and
A=p
Ot u) = 2—[; 1og< 2 expls 1) > )
o rlexp{rt} + 1) — B(exp{rt} — 1) — o“(exp{rt} — Du
_2, Ls(t)
T o2 (Ls(l) — Lyt )’

i.e. we set

rA—p
Ls(t) =2kexp{ 7 t},

where (@ (-, u), ¥ (-, u)) : RT — C~ x C~ and (8.1.4) holds for all u € C~ and
t < T. As an application of the above result, we can obtain from Theorem 8.1.2

T
E(exp{—/ rs ds} ‘ .At) = exp{—A(T —t)— B(T — t)rt},
t

where
0.0y~ 2 (20
Alt)=—@(t,0) = 2 log<L5(t))
and
Li(t)
B(t)=—-v(t,0) = ,
) (¢,0) L:0)

which is the same result as the one derived in Sect. 5.5 using Lie symmetry methods.
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We can also compute the law of r7 under P, conditional on A;. Applying
Eq. (8.1.5), this gives

Eps(exp{urT} | At)
_exp{—A(S—T)+ (T —t,u—B(S—T))+¥(T —t,u—B(S—T))r}
- Ps(1)
exp{—AS—T)+ (T —t,u—BS—T))+¥(T —t,u—B(S —T))r,
+ A(S — 1)+ B(S — t)ry}
2b

_ ( Ls(S —T)Ls(T —t)L3(S — 1) )02
- \L3(S—T)(L3(T —1t) — La(T — t)(u — B(S — T)))L5(S — 1)
{(Ll(S—l) L1(T—t)—Lz(T—t)(u—B(S—T)))}
X expir — .
L3(S—1t) L3(T —1t)—Lo(T —t)(u—B(S—T))
It can be confirmed that
Ls(S—T)Ls(T —t)L3(S —1) _ 1
L3(S — TY(L3(T —t) — La(T —t)(u — B(S=T))L5(S—1) 1—=C1(t, T, S)u

and also that

Li(S—1) LiT-0)-LyT-0u-BS-T))
L3(S—1) L3(T —1) = La(T —)(u — B(S = T))

C(t,T,S)
=—-C(t,T,S D ———
2 )T TG T. S)u
where
L3(S—T)La(T — ¢
Cl(t.T.S) = 3( )L4( ) and
2AL3(S —1)
Lo(T —t Li(S—t
Cy(t.T. §) = 2( ) Li( )

Ly(T —1) L3(S—1)

To identify the distribution of r7 under PS conditional on A,, we recall the follow-
ing well-known result, which in this form appeared as Lemma 5.1 in Filipovi¢ and
Mayerhofer (2009), see also Sects. 3.1 and 13.1.

Lemma 8.2.2 The non-central x>*-distribution with § > 0 degrees of freedom and
non-centrality parameter ). > 0 has the density function

s 1
1 A a2
p(x,S,A)ziexp{—x—i_ }<£> I%_%(\/kx), x>0

2 A

and characteristic function

ex { Au }
/ exp{ux}p(x,8, ) dx = L_zué, eC .
g+ (1—2u)2
Here I, (x) = ijo m (%)ZH" denotes the modified Bessel function of the

first kind of order v > —1, see e.g. Abramowitz and Stegun (1972), Sect. 9.6.
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Using Lemma 8.2.2, we conclude that under PS, the random variable %,

conditional on A;, follows a non-central x2-distribution with % degrees of freedom
and non-centrality parameter 2C; (¢, T, S)r;. These results are consistent with well-
known pricing formulas under the CIR model.

8.3 Fourier Transform Approach

We recall that the methodology in the previous section relied on using the character-
istic function to identify the law of X, either by inspection or numerical inversion.
The approach presented in the current section also uses the characteristic function,
but in a different manner. We follow the approach presented in Filipovi¢ (2009),
where the following economic interpretation was presented.

We start with the economic interpretation and later present the approach in a
rigorous fashion. Its applications to some examples will conclude the section. Es-
sentially, we express the payoff function f(x) as follows

fx) Z/ CXP{(U + zLX)Tx}f(X) d\, dx-as.,
N4

where f () denotes an integrable function. Economically, this means that we set up
a static hedge using claims with complex payoffs exp{(v 41 L)) " x}, each weighted
by f (X). The linearity of pricing rules ensures that the price of the claim with payoff
f(x) is given by the weighted average of the prices of the claims with payoffs
exp{(v+1LL) " x}, each weighted by f(X). The following theorem, which appeared
as Theorem 10.5 in Filipovi¢ (2009), makes this argument rigorous.

Theorem 8.3.1 Suppose either condition (i) or (i1) of Theorem 7.2.2 is met for some
© > T, and let Dy (T) denote the maximal domain for the system of Riccati equa-
tions (7.2.1). Assume that f satisfies

f(x):/ exp{(+ LM "x} fQ)dA,  dx-as., (8.3.13)
Na

for some v € Dy (T) and d x g matrix L, and some integrable function f ‘R - C,
for some positive integer q < d. Then the price (8.1.2) is well defined and given by
the formula

n(t):/ exp{®(T —t,v+1LA) +W(T —t,v+:1LA) "X, } f(A)dA. (8.3.14)
Ne

If f is continuous in x, then (8.3.13) holds for all x, which follows since the
right-hand side of (8.3.14) is continuous in x, by the Riemann-Lebesgue theorem.

Of course, the applicability of Theorem 8.3.1 depends on how easy it is to come
up with a representation of the form (8.3.13). Following Filipovi¢ (2009), we can
find some examples useful for finance. We refer also to Sect. 8.4 for a more con-
structive approach.
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8.3.1 Examples of Fourier Decompositions

Following Filipovi¢ (2009) and Hurst and Zhou (2010), we discuss European call
and put options, exchange options, and spread options. For the proofs of the follow-
ing results, we refer the reader to Filipovi¢ (2009).

Lemma 8.3.2 Let K > 0. For any y € N the following identities hold:

1 K—(w=1+1)
2 meXp{(wJ”A)y}(erm)(w—1+z,\) d*
(K —e)* ifw<0
=1 (@@ -K)"—e if0<w<]l,
(e — K)T ifw>1.

Clearly, the case 0 < w < 1 also equals (K —e”)T — K.
By setting K = ¢ in Lemma 8.3.2, we obtain the payoff of an exchange option.

Corollary 8.3.3 For any y, z € N the following identities hold:

lfexp{(w+lk)y—(w—l+lk)z} N {(ey—ez)+ ifw>1,
2 Iy (w+1A)(w—1412) @ —e)T—e¥ ifo<w<1.

Lastly, we discuss the payoff of a spread-option.

Lemma 8.3.4 Lerw = (w, wy) ! € N2 be such that wa < 0 and wy +wy > 1. Then
forany y = (y1,y2)" € R the following identity holds:

(N — e —1)"2n)? :/

90
y I'(wi +w2 =141 +22) " (—wz —1A3)
Twi+1+ir)

) exp{(w + zX)Ty}

dlidry,

where the gamma function I (z) = [;° 1~ %2~ dt is defined for all complex z with
R(z) > 0.

8.4 A Special Class of Payoff Functions

Following Filipovi¢ (2009), we point out that for a special class of payoff functions,
we can apply both approaches, the one from Sect. 8.3 and the one from Sect. 8.1.
For particular payoff functions, we can compute f , as needed for the Fourier trans-
form approach from Sect. 8.3, but one can also compute the relevant densities. The
following theorem is Theorem 10.6 in Filipovi¢ (2009).
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Theorem 8.4.1 Suppose either condition (i) or (ii) of Theorem 7.2.2 is met for some

© > T, and let Dy denote the maximal domain for the system of Riccati equations
(7.2.1). Assume that f is of the form

fx)=e" *h(LTx)

for some v € Dy (T) and d x q-matrix L, and some integrable function h : R — N,
for a positive integer g < d. Define the bounded function

/e—’ﬂw(y)dy, A e .
bt

e If f is an integrable function in A € W4, then the assumptions of Theorem 8.3.1
are met.

e If v = Lw, for some w € N4, and e® T =10t LT (Tt 0 H L) X: s gp jnte-
grable function in A € N9, then the A;-conditional distribution of the N9 -valued
random variable Y = L' X under the T-forward measure PT admits the con-
tinuous density function

qt,T,y)= dA.

& (T—t, 041 LA+ (T—1,v+1 LV T X,
f —(w+lk)Ty e
2m) Jyra Pr ()

In either case, the integral in (8.3.14) is well-defined and the pricing formula
(8.3.14) holds.

8.5 Pricing Using Benchmarked Laplace Transforms

In this section, we discuss pricing under the benchmark approach using bench-
marked Laplace transforms. We have two applications:

e a standard European put option;
e realized variance derivatives.

8.5.1 Put Options Under the Stylized MMM

In this subsection, we motivate how benchmarked Laplace transforms naturally arise
when pricing options. For simplicity, we place ourselves in the stylized MMM, see
Sect. 3.3, which we now briefly recall, as it is used in this and the next subsection,
and Sect. 8.6. The filtered probability space (£2, A, A, P), where the filtration 4 =
(Ap)s>0 is assumed to satisfy the usual conditions, carries one source of uncertainty,
a standard Brownian motion W = {W;, ¢t > 0}. As in Sect. 3.3, we assume a constant
short rate and model the savings account using the differential equation

ds?=rslar,
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for t > 0 with Sg = 1. We recall that the GOP is modeled using the SDE

S =805% =0y, o, (8.5.15)

"
where Y; = S’T* is a square-root process of dimension four, satisfying the SDE
L

dY, = (1 —nY)dt + /Y, dW,, (8.5.16)

for + > 0 with initial value Yy > O and net growth rate n > 0. As before, af* is a
deterministic function of time, given by

8
o, = agexp{nt},

with scaling parameter o9 > 0. The following lemma shows how benchmarked
Laplace transforms arise when pricing options.

Lemma 8.5.1 Let g denote a positive Ap-measurable random variable, and define

(K—g)+>_

h(K) = E( 7

We have for X > 0,

* 1 (exp{—Ag}

Proof By the Fubini theorem it follows

/°° _/"" <(K—g)+>
exp{—AK}h(K)dK = exp{—AK}E| ————— )dK
0 0 Yr

o0 K _ —+
- E(/ exp{—)»l(}ﬂdl()
0 Yr
‘We obtain

0 o)t
/ exp{—)J(}u dK
0

Yr
o0
K —
=/ exp{—AK}( ) dK
8 Yr
1 o0 g o
= — exp{—AK}K dK — —/ exp{—AK}dK
Yr Jg Yr Jg
_ 1 (sexpizhg} | expi—hgl) g exp{—Ag)
Yr A A2 Yr A
_ 1 exp{—2g}
EVEEE 7

and the result follows. O
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Now, for a put option with strike K and maturity date 7', we compute

(K — Si)+ 5. (K=Yt
N)=SE|—————— | =S} E| ——— |,
pr.k(0) 0 < S%‘ 0 Yy

SOLS*' We are interested in the Laplace transform with respect to the
9T

modified strike K , and obtain, for

where K =

- Byt
h(K):E(Q)
Yr
the following equality
N V(YA — —\Y
f exp{—AK}h(K)dK = —E exp{—A¥r} )
0 )»2 YT

We recall from Sect. 3.1, that Y; exp{nt}/c(t) ~ X}(a), where o = 0 c(t) =

e’
%, and Xf(k) denotes a non-central x2-distributed random variable with v

degrees of freedom and non-centrality parameter A. Consequently,

E(exp{—MYT}) _ E(eXP{—ﬁxf(oc)}> exp{nT}

Yr X3 (@) c(T)
exp{—a/2}(exp{ g7z} — 1) T
_ 12 exp{n }’ 8.5.17)
o c(T)
where i = exi)({fl)r}. Equality (8.5.17) is easily verified using the probability den-

sity function of x f (). This illustrates how benchmarked Laplace transforms arise
naturally in the context of option pricing. Finally, we remark that using the tech-
niques from Sect. 13.5, options can now be priced.

8.5.2 Derivatives on Realized Variance Under the Stylized MMM

We remind the reader that in Sect. 3.3, we had already derived the price of a put
option under the stylized MMM, without using Laplace transforms. However, we
now discuss an example, where the availability of benchmarked Laplace transforms
is crucial. In particular, we discuss the pricing of derivatives on realized variance of
an index. We point out that derivatives on the realized variance of an index, such as
the VIX, and options on the VIX, as traded on the Chicago Board Options Exchange,
have become important risk management tools.

In this subsection, we show how to price call and put options on realized variance,
variance swaps, and volatility swaps. The formulas derived in this subsection are in
the spirit of the pricing formulas presented in Sect. 3.3. However, the results needed
to price derivatives on realized variance, rely on the benchmarked Laplace trans-
form, see Proposition 7.3.8. Hence we discuss realized variance derivatives in this
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subsection. Furthermore, we remark that the results presented here have appeared in
Baldeaux et al. (2011a), Chan and Platen (2011), and Lennox (2011).

We place ourselves in the stylized MMM and model realized variance as the
quadratic variation of the logarithm of the index,

[ln(S’S*)]T,

which admits the following representation.

Lemma 8.5.2 The realized variance of the index is given by the integral

T
[1n(55*)]T=/ %. (8.5.18)
t

0
Proof Clearly,
[ln(SS*)]T = [ln(Y)]T’

as SO and o’ are deterministic functions of time. Now one has by the It6 formula

dy, 1d[Y];
din(Y;)) = — — =
n( t) Yt 2 Ytz

—1(1 Y)dt+th 1dt

Ty TONTOR Ty,
1/1 dw;

=—|=-—nY )dt+ ,
n@ ”) 7

which completes the proof. g

We now study call and put options on realized variance. In particular, we present
Laplace transforms of prices of options on realized variance and show how bench-
marked Laplace transforms naturally arise in this context. We will focus on put op-
tions, as prices of call options can be recovered from the following put-call parity.

Lemma 8.5.3 The following put-call parity relation holds for payoffs of options on
realized variance

(7o 7=
: ( Sy )
T

1 T dt L T diy+
Tho ¥~ K—7f P
:E(—T L% >+E<—T50 I >
St St

Note that the put-call parity involves the fair zero coupon bond and not the sav-
ings bond even when the short rate is constant.
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Fig. 8.5.1 Prices of put
options on realized variance 256
versus strike prices

L5}

0.5

We address the problem of pricing put options on realized variance, which by
Lemma 8.5.3 also covers the case of call options. For notational convenience, we
focus on the case t = 0, and are, therefore, interested in computing the expectation

T dt\+
K—=7fy ¥
h(K) :=E(¢). (8.5.19)
Yr
Inspired by Carr et al. (2005), we first compute the Laplace transform of 4 (K) with
respect to the strike K, which we obtain from Lemma 8.5.1. Setting g = % OT %,
we compute
LT dt
0 1 gexp—2% 4y
/ exp{—AKh(K)dK = —2E<ﬂ) (8.5.20)
0 A Yr
The quantity
AT di
exp{—% [ 5
E( p{=7 Jo Y; }>
Yr

is easily computed using Proposition 7.3.8. We can hence price put options on real-
ized variance by inverting the Laplace transform given in Eq. (8.5.20) and invoking
Proposition 7.3.8. To demonstrate that this methodology works reliably, Fig. 8.5.1
displays put option prices for different strikes, that have been confirmed to the shown
accuracy via numerical methods to be introduced in Sects. 12.2 and 13.5, where we
choose

Yo=1, T =1, n =0.052, r =0.05.

In Sect. 13.5, we will discuss how to invert Laplace transforms, and also present
examples relevant to the pricing of realized variance derivatives.

We remark that the approach presented in this subsection cannot immediately
be extended to the pricing of call and put options on volatility. This is due to the
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fact that the approach presented in this subsection requires the computation of the
expectation

exp{—ny/ fy 4}
E(—) (8.5.21)
Yr

However, there seems to exist no explicit formula for (8.5.21). This motivates us
to apply numerical methods to the problem, which we will develop in Sects. 12.2
and 13.5. In particular, we demonstrate how to recover the joint distribution of
( fol %f, Y;) by inverting the one-dimensional Laplace transform given in Eq. (5.4.16).
Subsequently, we can apply quadrature methods to compute prices, see Sect. 12.2.

We now discuss variance and volatility swaps. Again, the benchmarked Laplace
transforms are useful in this context. The payoff of a variance swap maturing at
T > 0is given by

[ln(Sa*)]T - K,

where K is a fixed swap rate, chosen in such a way that the time ¢ = 0 value of the
variance swap is zero. Hence from the real world pricing formula (1.3.19), we need
to solve the following equation for K,

In($%)]7r — K
SS*E([ n( )S]T ) _o,
S

which by Eq. (8.5.15) and Lemma 8.5.2 is equivalent to

T ds
(f Y)—KPT(O)=O,

where Pr(t) denotes the time ¢ price of a zero coupon bond maturing at 7. Regard-
ing the computation of

5* SO

T ds
(48
Yr

we use the following proposition, see Lennox (2011), Proposition 2.0.41, and also
Chan and Platen (2011), Proposition 8.1. We present the result in generality. We
consider the square-root process

dth(a—bX,)dt—i-v 2GX[dW[, (8522)

where Xo = x > 0, and remark that this proposition follows immediately from the
benchmarked Laplace transform given in Proposition 7.3.8.

Proposition 8.5.4 Let X = {X;, t > O} be given by (8.5.22), let B(u) =1+ m —
o+ v(“) ,m= 2(1 —1),and v(pn) = \/ (a — 0)? +4uo, and assume that <2 2“ > 2.
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Thenifm > o — 1,
t ds

0 X,
E 5
(X? )
v(p)

. bx ., 1d pebt et
=—x"exp{————+bmt{— | ———
P17 5@ =) du\\ (@ —1)o

( bx )”(“)/21“(1 +m— o+ 14
402sinh? (%) (1 +v(w)

bx
x 1F] (,B(ML I+v(w), m))
n=0

where 1 F1 denotes the confluent hypergeometric function, see e.g. Chap. 13 in
Abramowitz and Stegun (1972).

To price variance swaps, we simply seta =1,b=n, and 0 = % in (8.5.22) and
note that
1
m=—=-—>0=a— 1,
2

hence the result applies to the stylized MMM.
We now study volatility swaps. A volatility swap pays

[n(s)], - K.

at maturity 7' > 0, where again K is chosen so that the initial value of the volatility
swap is zero. Hence we solve the following equation for K:

/ 5s S
SS*E(M) _E<SO )K:O,

Os Ox
ST ST

s
where again E( —) is the time O price of a fair zero coupon bond maturing at 7.

The following representatlon is useful, and is, for example, also used in Gatheral
(2006), Eq. (11.6):

S b 1 — exp{—ux}

0 132

Hence by Eq. (8.5.15) and Lemma 8.5.2,

du, x>0. (8.5.23)

E<¢[ln(36*>1r>_ 1 (fo”yi)
Sy _a‘}*so Yr )

and

du.

T ds exp{—u Ji A
E<\/ 0 %)ZL/“’ E(YT)—E(pi(’)

YT 21 M3/2
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We recall that £ (Yi) is easily computed using the transition density of Y, see
Eq. (3.1). Finally, we observe that

E(exp{ udeA )
Yr

is again the benchmarked Laplace transform, which was computed in Proposi-
tion 7.3.8.

We conclude that when pricing derivatives under the benchmark approach,
benchmarked Laplace transforms feature prominently, but are easily computed via
Lie symmetry methods, for those tractable models we consider in this book under
the benchmark approach.

8.6 Pricing Under the Forward Measure Using the Benchmark
Approach

In this section, we illustrate how to combine the results from Sect. 8.3 with the
benchmark approach. For simplicity, we begin with the one-dimensional case, but
we consequently also discuss a two-dimensional example. Assume that the payoff
function f admits the representation

fx) :/ exp{(w—l—tk)x}f(k) di, dx-as.
%R

Also recall from Sect. 8.3.1, that f(-) is typically a function of the log-price ln(S?*).
Consequently, Proposition 7.3.10 yields the formula

Pr(Epr (f(Sy7) | A)
= Pr(1) /q Epr (exp{(w + 1) In(82)} | 4/ f (1) d

= Pr(t) ﬁ Epr((S3)""™ | A) F 0 di.

We have

wh s w1+
Eor(S7)" [ A) = 5 EUSF) 140

For the stylized MMM, we use Eq. (8.5.15) to compute, for u € C,
SO E(exp{uln(S*)}‘ >

Pr(t)
CESH A

E((S7)" | A)

E(Y' A

= (a9 S L,
E(Y;' | A)

E pr (exp{u ln(S?*)} | A) =
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Recall that we use XE()\) to denote a non-central y2-distributed random variable
with v degrees of freedom and non-centrality parameter A. In Sect. 3.1 we estab-

lished that conditional on A;, %
with 4 degrees of freedom and non-centrality parameter 8 = %, where c(t) =

(exp{nt} — 1)/(4n). We hence obtain
E pr (exp{u ln(S?*)} | Ar)

W EGEB) A
= (S%(e(T) — (¢ 4 ,
(Srle(@) =9 ®) E(GCB)" | A

follows a non-central y2-distribution

(8.6.24)

where

(p(t):Z/O agrds.

Due to the tractability of the stylized MMM, we can compute explicitly

E((Xf(ﬂ))“”)zzu”r(l + u) 1F1<—u+1,2,—§>, (8.6.25)

for 9(u) > —1, where | F; denotes the confluent hypergeometric function, see
Chap. 13 in Abramowitz and Stegun (1972). For u = 0, this evaluates to

(I —exp{—8/2})
5 .

The forward measure can also be employed in a bivariate context. We consider the
GOP denominated in two currencies: S¢ denotes the GOP denominated in the do-
mestic currency, and S? denotes the GOP denominated in the foreign currency. As in
Sect. 3.3, we model both discounted GOPs as independent squared Bessel processes
of dimension four, i.e. we assume that

Sk=s"akyk Kk e{a, b},

E((x3®) ") = (8.6.26)

where S,0 k= exp{rrt} denotes the savings account denominated in currency k,
k k k
af = agexp{n*r},

and
dyF=(1-n*vF)de +/vkawk,

where we assume that d (W9, W?), =0.
We consider an exchange option, i.e. the payoff is given by

(S§ — o)™

Using the forward measure which employs the zero coupon bond in the domestic
currency, the real world pricing formula yields

(Sa _Sb)-‘r
SluE< T Sd T
T

A,) = PEOEpr((S% —S2)7 | 4),
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where P% (t) denotes the time ¢ price of a zero coupon bond in currency k € {a, b},
maturing at 7. From Corollary 8.3.3, we get

PEOEpr ((S7—57)" | A)
_ PO Epr((S%)wﬂ*(S?)—(w—”'” 1A
o2 Iy (w412 (w—1411) ’

where w > 1. From the assumed independence of $¢ and S?,
Epr((s3)" " (s7)™" 7 | 4)
= Epr((S3)"" [ A)Epr((s7)” " | A,
which can be computed as demonstrated above. This leads to the formula

sa _ Sb +
S;IE(% At)

_ P [ Epr (ST ADEpr (S5)~ =10 | Ay "

’

2 Jg (w4 iA)(w—1+1))
where w > 1. Furthermore, we compute using Eqgs. (8.6.24), (8.6.25), and (8.6.26),
Epr((57)™ | Ar)

_ BT @ (D) =gt )2 Nt ug)  Fi(Cua+1.2.25)
(1 —exp{—Fa/2))

where u, =w — 1412,

koo LT
o' t)=—[ ajds, kela, bl
4 Jo

5’<=Y—fk k € {a, b}
Ck(T_t‘)’ 9 b
key
ck(t) — M, k €{a,b).
4k

We now turn to the computation of Epr ((S?)”” | A;). Recall that we used the zero
coupon bond in the domestic currency to define the forward measure. It follows that

u S&((Shym

Epr (9" | 4) = g £( o | 4)
e s

~ 73" (57 [4) P9 10

= E((s7)" [ A).

As above, we compute
E((57)" | A)

= (S9P("(T) — (1)) 2 T"(up +2) 1 Fi (—ub, 2, - ’32”)



Chapter 9
Solvable Affine Processes on the Euclidean State
Space

In this chapter, we focus on obtaining explicit formulas for the affine transform given
in Eq. (7.1.1). Hence the focus of this chapter differs from the focus of Chap. 7 in
the following way: in Chap. 7, we studied when the affine transform is well-defined,
however, in this chapter we want to know when we can compute the affine transform
explicitly. We remark that for specific models, such as the CIR model, Lemma 8.2.1
shows how to compute the affine transform. However, given a particular problem,
one would have to come up with a new version of Lemma 8.2.1 in order to solve
the problem. In some cases, it might not be possible to identify such a lemma, if the
corresponding system of Riccati equations cannot be solved explicitly.

An important application of affine processes is interest rate term structure model-
ing, as already discussed previously. Dealing with affine processes, the bond price is
an exponentially affine function of the state variables. We focus on affine processes
in this chapter. However, an obvious question is whether the methodology can be
extended to processes resulting in bond prices which are not necessarily affine func-
tions of the state variables, but are polynomial functions of the state variables. From
a result presented in Filipovi¢ (2002), it is known that the bond price is necessarily
affine or quadratic in the state variables. Consequently, for bond prices to be allowed
to depend exponentially polynomially on the state variables, we can classify which
processes are solvable using the methodology presented in this chapter.

The focal point of this chapter is solving the Riccati equations explicitly. This
approach is due to Grasselli and Tebaldi (2008). We now give a very brief non-
technical summary of the approach. Further illustrations will be given in Chap. 11.

9.1 A Guided Tour to the Grasselli-Tebaldi Approach

The Grasselli-Tebaldi approach, see Grasselli and Tebaldi (2008), can be summa-
rized as follows: one studies regular continuous Markov processes X assuming val-
uesin D =D, x R where Dy is a symmetric cone, which is the state space of
those elements of X corresponding to positive factors: we remind the reader that in
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Chap. 7 this state space was (R+)™. For a general definition of symmetric cones, see
e.g. Definition 2.3 in Grasselli and Tebaldi (2008), for purposes of this book, it suf-
fices to focus on the particular symmetric cones mentioned below in Remark 9.1.3.
As we will discuss later, allowing for such a general state space provides the modeler
with more flexibility, see the discussion in Sects. 9.2, 9.7, and Chap. 11.

Since affine processes have often been applied to term structure models and
because Grasselli and Tebaldi (2008) employ this nomenclature, we refer to the
stochastic process X = {X;, t > 0} as an affine term structure model (ATSM). How-
ever, as the examples in subsequent sections illustrate, the methodology is by no
means restricted to term structure modeling, but is more generally applicable. To fix
ideas, we assume that on the filtered probability space (£2, A, A, P) the Markovian
process X = {X;, t > 0} takes values in D C V, where D is the state space, and V
is a finite-dimensional real vector space of dimension n. The standard scalar product
on V is denoted by (-,-). As in Grasselli and Tebaldi (2008), we also take the liberty
of denoting the complex extension of the real vector space V by V and similarly
the scalar product by (-,-). Now, we recall the definition of an affine process on a
general state space.

Definition 9.1.1 The regular (continuous) Markov process X is said to be affine if
forevery t =T —t € R the discounted conditional characteristic function has an
exponential affine dependence on the initial condition x,. That is,

Ux(u,x.,t,7)

t+t
=E(eXP{—/ (o + <n,Xs>)dS}eXP{l<"vXT>} ‘Af>
t

=exp{VO(z, 1) — (V(z,1m), x,)}, 9.1.1)
where (1,u) e Rt x V, VO 9%t xV - C,V: %t xV — V,and ng € Rt, y € D.

As in Grasselli and Tebaldi (2008), we refer to V as the factor sensitivities.
The infinitesimal generator of a regular affine diffusion process has necessarily
the following functional form, see Duffie and Kan (1996),

A= %Tr[(z(x) +Zo)D' D]+ (2°+2x), D)= (o + (n.x)),  (9.1.2)

using the notation D for the row vector gradient operator, Tr denotes the trace over
M, (V), where M,, (V) denotes the set of n x n matrices defined on V, D™D
the Hessian matrix, X (x), X € S+(V) where S+( V) denotes the set of positive
semidefinite matrices taking values in V, and £2(x), 2° € V. The functions ¥ (x),
£2(x) have to be linear in x € V, so that we obtain

[Z)]; ZC”xk, [2®)], ZQ, Xk

We use the Feynman-Kac formula to obtain

W
8—X + Awy =
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subject to the initial condition
Uxu,x, T,0)= exp{t(u, x}},
or, employing T = T — ¢ and D "Wy = —V it follows from Eq. (9.1.1) that

ivo ) — iv(
dt ( dt o)X

1
=5 Tr((Z@) + Z)VVT) — (20 + 2x), V)~ (no+ (n,x)) (9.1.3)
subject to
Vo0, 1u) =0, V(0,1u) = —1u.

Hence, V solves a quadratic ODE. Given V, one can determine V° by integration,
and thus we focus on computing V. However, for those models which admit a matrix
representation, we obtain an explicit expression for VO(t), see Chap. 11.

The first question asked by Grasselli and Tebaldi (2008) investigates in the spirit
of Chap. 7 whether the ATSM is admissible, in the following sense:

Definition 9.1.2 An ATSM model is admissible in a state space D C V if the gen-
erator (9.1.2) and the corresponding regular affine Markov semigroup exist and are
unique for any initial condition in D, or equivalently if ¥y is uniquely defined by
(9.1.1) Vx € D and VT € K.

Next, following Grasselli and Tebaldi (2008), we assume that the state space D
is a symmetric cone, i.e. we focus on the positive factors. We remark that it was
observed in Duffie et al. (2003), see also Chap. 7, that the extension to the case
D x R~ where D is the symmetric cone and 9%t" " the state space supporting the
evolution of conditionally Gaussian factors follows easily, as those factor sensitiv-
ities in V corresponding to the components of X on i"~™ satisfy an independent
system of linear equations. This issue will be addressed in more detail in Sect. 9.2
and Chap. 11.

‘We now recall the main observations from Grasselli and Tebaldi (2008). Since the
approaches we focus on deal with specific choices of the symmetric cone, namely
(RT)™ and positive definite matrix cones, we will discuss these examples in detail
in Sect. 9.2 and Chap. 11, and only present here the main ideas of the approach.
Readers interested in other state spaces are referred to the original paper.

Having introduced symmetric cones, see Definition 2.3 in Grasselli and Tebaldi
(2008), connections between the classification of symmetric cones and Euclidean
Jordan algebras (EJA) are used to produce sufficient conditions for an ATSM to
be admissible. These conditions are initially only sufficient for admissibility and
not necessary. However subsequently, the conditions will be shown to be necessary
and sufficient for an ATSM to be solvable. We remind the reader that the ability to
compute the affine transform, this means solvability, is the aim of this chapter and
not its admissibility. This is an important practical point of view. Before defining
solvability, we present an important observation from Grasselli and Tebaldi (2008).
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Remark 9.1.3 All possible finite dimensional irreducible symmetric cones are:

e the families of positive definite matrix cones of Hermitian matrices with real,
complex, or quaternion entries;

o the Lorentz cones A, = {x € N": x% — Z?:z xi2 >0, x; > 0};

e the exceptional cone (27 dimensional cone of 3 x 3 “positive definite” matrices
over the Cayley algebra).

Consequently, the results in Grasselli and Tebaldi (2008) actually produce all
possible domains on which one can find solvable ATSMs. The definition of solvabil-
ity also suggests the solution procedure, which we present in an algorithm below.
Subsequently, we will tailor this algorithm to specific state spaces.

Definition 9.1.4 An ATSM in a symmetric cone state space D is solvable if and
only if the corresponding Riccati ODE is linearizable.

For a formal definition of linearizability of ODEs on a symmetric cone state
space, we refer the reader to Definition 2.5 in Grasselli and Tebaldi (2008). A con-
sequence of linearizability is that we can explicitly compute the conditional charac-
teristic function in an algorithmic fashion, as will be given below. We point out that
for convenience, we again consider the state space D = Dy x R*~", where """
supports possibly negative, conditionally Gaussian factor sensitivities.

Algorithm 9.1 Linearization Algorithm
1: Solve the ODE corresponding to the conditionally Gaussian factors
2: Decompose the remaining ODEs as a direct sum of Riccati ODEs corresponding
to factors living on irreducible symmetric cone state spaces
3: Linearize each of these Riccati ODEs
4: Solve the linearized system and map back to the original system.

The difficult step in Algorithm 9.1, as the examples will illustrate, is Step 4.
For autonomous ODEs, this step is straightforward. However, should the coefficient
be time dependent, the linear system involves a time ordered exponential, which
is a symbolic expression that is hard to compute. As remarked in Grasselli and
Tebaldi (2008), this is what is to be expected for linear non-autonomous ODEs.
Finally, Grasselli and Tebaldi (2008) point out that Walcher (1991) proposed an
alternative procedure for non-autonomous ODEs, but this procedure is explicit up
to the knowledge of a particular solution, to be determined on a case by case ba-
sis.

We will now discuss the state space D = (i)™ x %"~ the Duffie and Kan
(1996) state space, and subsequently illustrate it with examples.
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9.2 Solvable Affine Processes on the Duffie-Kan State Space

We model the factor process X via the following SDE:
dX, = (2X, + 2°)di + Diag((C: X, + €°)"/*) aw,, 9.2.3)
t >0, where
Xo=xe(RH)" xn" ",

where C; denotes the ith row of the matrix C, m = Rank(C) <n and W = {W,,
t > 0} is an n-dimensional Brownian motion. The parameters 3, n°, £2, 2° c, c’
are defined as follows:

e The drift matrix £2 satisfies

Py 250 0115 (n—m)
QBD Q BB ’

(n—m)xm (n—m)x(n—m)

where the off-diagonal elements of 222 are restricted to be nonnegative;
o 20 mtym x |n—m,
e C and C? are given by

C— m><m 0m><(nfm)
(n m)xm O(n—m)x(n—m) ’

m><l
L(i—m)x1

e 70>0,72 e MH)", B =0.

In the above notation, D corresponds to %" -valued factors, and B to 9i-valued fac-
tors. We point out that the state space of positive factors (RT)™ is the closure of
a reducible symmetric cone and obtained by considering m copies of R*. We now
recall Theorem 4.1 from Grasselli and Tebaldi (2008), which states when affine dif-
fusions on the Duffie-Kan spate space are solvable.

Theorem 9.2.1 The ATSM (9.2.3) is solvable on the state space (RT)™ x R if
and only if the matrix 2°P is diagonal.

We alert the reader to the fact that a necessary condition for an ATSM to be solv-
able on the state space (R1)" x R~ is that positive risk factors are uncorrelated.
It is, therefore, clear that retaining analytical tractability comes at the expense of
modeling freedom, see also Sect. 9.7. However, in Chap. 11 we will discuss a class
of processes allowing for more complex dependence structures.

Example 9.2.2 To illustrate the nature of the condition given in Theorem 9.2.1, con-
sider the following double-mean reverting model:
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dv; = —K(v, - vt’) dt +01ﬁdW,2,
dv, = —c(v, — z3) dt + 02\/v>;dW,3,
dS, _ \/_thl’

where k, ¢, 0,02 > 0. Using the notation X, := (v, v/, ¥;), where ¥; =log(S;) is a

potentially negative factor, we have m =2 and n = 3 and the drift matrix $2 is given
by Itd’s formula

-« Kk 0
2= 0 — 0 ,
1
-3 0 0

which is not diagonal. In fact, it is clear that the presence of v; in the equation for
vy destroys the diagonal structure of §£2. On the other hand, Theorem 7.1.4 yields
that the ATSM is admissible, as this only requires 2P to have non-negative off-
diagonal elements.

The advantage of the Grasselli-Tebaldi approach is that we have an algorithm at
hand, showing how to solve the ATSM. In Grasselli and Tebaldi (2008), the general
Algorithm 9.1 was tailored to the special case of the Duffie-Kan state space, which
we now recall.

On the Duffie-Kan state space, the Riccati ODEs of a solvable ATSM become

n
ivD(r)—n, +obPvP+ Y (25P)]

dt . g
j=m+1
1 & 1 Z T 2
EZ (VP ()’ Z (€®), (V@) i=1...m
i=1 Jj=m+1
(9.2.4)
d n
EV"B(T)Z > (933)” P +nl, i=m+1,.0n, 9.2.5)
Jj=m+1

with boundary condition V(T') = 1u € C". As stated above, the factor sensitivities,
corresponding to real, possibly negative factors, can be determined by solving an
independent system of linear equations, see (9.2.5). We now show how to tailor
Algorithm 9.1 to the Duffie-Kan state space.

Step 1 As stated above, the factor sensitivities corresponding to the conditionally
Gaussian factors satisfy (9.2.5), which is easily solved to yield

VB(I)=/Texp{(r—t)(.QBB)T}ant+exp{(SZBB)Tr}VB(O). (9.2.6)
0
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Step 2 Each of the remaining factors Vl.D (r), i = 1,...,m, satisfies a one-
dimensional time-dependent Riccati equation, (9.2.4).

Step 3 We linearize the Riccati ODE for Vl.D () by setting
VP =10 (),
which yields
d d d
- @V @) - @V (@) =20 VP @),
and hence substituting (9.2.4), we get

-ina»—fimnw”ur=%unu)+9£%mw—1n@ﬂ?am
dt dt ’ 2

where
~ n 1 n
p@=n+ > (.QBD)IJ.V-B—E 3 (CBD)I/.(VJ-B(I))Z. 9.2.7)
j=m+1 j=m+1

Matching coefficients yields

QPP 5
d(TO) o (T n@) (r@) 9.2.8)
AD) AV

Step 4 Finally, we exponentiate (9.2.8) to obtain

DD -
7() = Texp 2P [y vinde | (7(0) ’
M@ 3 0 (0)

where T exp denotes the time ordered exponential. Introducing the notation
(Mi:(r) Mé(r)) e { cQPP [T i dr } |
Mi(r) Mi(r) r 0
we can represent the solution ViD () as follows:
V2 (0)M{ () + Mj(2)
" VPO Mi(r) + Mi(r)’

VP (1)

9.3 Reducing Admissible Affine Processes to the Normal Form

In this section, we show how to reduce an affine process to the normal form, as
shown in (9.2.3). Such a transformation is crucial, as it allows us to check if a pro-
cess is solvable. We start with the following definition of an affine process, which is
due to Dai and Singleton (2000), and is essentially the same as in Duffie et al. (2000).
We point out that the material presented in this section follows closely Grasselli and
Tebaldi (2004b). The following formulation, taken from Dai and Singleton (2000),
is convenient to work with.
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Definition 9.3.1 A term structure model is an affine ATSM, if the short rate r; is an
affine combination of factors

r=8"48Y, >0,

for some 8° € 9%t and § € R", and the dynamics of the factors satisfy the following
SDE:

dYt:K(g_Y,)dt+EDiag((a,~—}-‘BiTyt)lﬂ)dWr, t>0, 9.3.10)
Yozyeg{n, B

where W = {W,, t > 0} is an n-dimensional standard Brownian motion and
0,0 eR”; Kk, BeM,; Y € GL(n).

Here «; indicates the i-th element of the vector a. The notation 8; refers to the
i-th column of matrix B. For a given vector z € ", Diag(z;) € M, is the diagonal
matrix with the elements of the vector z along the diagonal. We require X to be an
element of GL(n), the set of n x n invertible matrices.

The rank of B is defined to be m < n: in the notation of Dai and Singleton (2000),
m classifies the families A, (n) of admissible models parameterized by m, n. With-
out loss of generality we assume that the upper left minor of order m is non-singular.
Given an ATSM parameterized by (80, 8,k,0, %, {a;, B;}1<i<n), an affine change
of variables

Y—>X=LY+4¢ (9.3.11)
leaves prices unaffected, while the parameters are changed according to
(6°.8.6.0, X {0i. B;}1zi<n) —>
(°—&'L7'9,(L7") 8, Ll LO+9,L7' %,
{(=BTL719), (BTL7Y):} i)
Consequently, we can study models in their normal form, see (9.2.3).
Definition 9.3.2 Consider a symmetry transformation (L, #) of the type given in

Eq. (9.3.11). Let us fix L = X! and let # € %" denote any solution to the system
of equations

ﬂ?zﬂ:ai, i=1,....,m
(20 -9)),=0, i=m+1,....n.

Such a transformation maps the original factor dynamics (9.3.10) into the normal
form ATSM, whose factor dynamics become

dX, = (AX, + A®) dt + Diag(S;/?

)dW., =0
Sii = (Ci X, +CY), (9.3.12)

X0=x.
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Here C; denotes the i-th row of the matrix C, m = Rank(C), while the short rate is
given by

It = VO +7'X,.
The parameters ¢ = (y, yo, A, AO, C, CO) are defined as follows:

X, =>"'v,, t>0,
y'=8"-8Txv,

y=x7s,
A=—-3X"'k@®—-9) e M,,
A'=3"1k@0 —9) en",
C=8"XeM,,
C'=a—B"x9,

WhereC?:O,i:l,...,m andA?:O,i:m—}—l,...,n.

Recall that in Theorem 7.1.4, we characterized the conditions for admissibility
on the state space D = (RT)™ x R~ The reason for introducing the normal form
is the ability to reduce any model to one whose natural domain is the state space D.
Consequently, from Theorem 7.1.4, we can identify parameter restrictions imposed
by the admissibility conditions on the normal form. This observation motivates us
to introduce the following definition.

Definition 9.3.3 An ATSM is called admissible in its natural domain if the corre-
sponding normal form ATSM is admissible within the canonical domain D.

We have the following proposition, which yields parameter restrictions on the
normal form.

Proposition 9.3.4 The normal form corresponding to an admissible ATSM in its
natural domain is specified by the parameter set ¢ = (y,y°, A, A%, C, C°) with:

o drift matrix A given by

A= Aﬁﬁm 05 (n—-m)
- ADB ADD

(n—m)xm (n—m)x(n—m)

where the off-diagonal elements of ABB are restricted to be nonnegative;
e A%e (R x 9,
e C and C° are given by

Imxm 0m><(n7m)
€=\ cos 0 ’
(n—m)xm (n—m)x(n—m)

0m><l
= :
(Cgl—m)xl )

DB

where the elements ofC(n_m)Xm,

o Y0eh, yenn

D s .
C (n—m)x1 4re nonnegative;
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Proof We note that in the normal form framework,

d[x*, x!], = ((chlxurck)ak l>d (9.3.13)

i=1

but the admissibility condition in Theorem 7.1.4 implies

d[x*, x], (Za, X, +ak1> dr. (9.3.14)

i=1

We equate the expressions in Egs. (9.3.13) and (9.3.14), and since the rank of matrix
C is m, we can without loss of generality assume that «t; ;; = 1 and that the non-zero
eigenvalues of the matrix A are equal to 1. Now

Cridki=0i, kli=1,...,m,
yields that [Cy ;1, k,i =1, ..., m, is the identity matrix. Also, we have
Cridki=dip, k=m4+1,....n,i=1,....m, I=1,...,n,

and since «; is positive semi-definite, setting k =/, we obtain that Cy ; > 0. Lastly,
regarding the constants

0
Cydig = ay,
only the lower diagonal square block of order n — m is non-zero, hence we focus on
0
Cm+18k+m,l+m = Qk+m,l+m>

l,k=1,...,n — m. The condition C,?,H >0,l=1,...,n —m, follows since A is
positive semidefinite. O

For illustration, we apply below this methodology.

9.4 A First Example: The Balduzzi, Das, Foresi and Sundaram
Model

In this section, we wish to apply the methodology developed in this chapter to a
particular short rate model, the Balduzzi, Das, Foresi, and Sundaram model, see
Balduzzi et al. (1996), where we follow the presentation in Grasselli and Tebaldi
(2004a). It is a three factor model, the factors being the short rate, r = {r;, t > 0}, its
central tendency 6 = {6;, t > 0}, and its variance v = {v;, r > 0}. We immediately
present the model under the assumed risk-neutral probability measure, which we
employ for pricing:

dv, Z,LC(I_) — U[)dt—“n\/U—tdWU,
do =@ —6,)dt +£dW?
d}’{ ZK(et —rt)dt-l—\/Ethr,
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where w,v,n >0, a,0,&,k €N, and W = (W7, W?, WV) is a standard Brownian
motion under the risk-neutral measure. We can see that the diffusion coefficient of
the short rate r = {r;, t > 0} is stochastic, it is governed by v = {v;, t > 0}, and so
is its central tendency 6 = {6;, r > 0}. Note that this model nests Gaussian central
tendency models, see e.g Beaglehole and Tenney (1991), Jegadesh and Pennachi
(1996), and short rate stochastic volatility models, see e.g. Fong and Vasicek (1991),
as special cases. By re-scaling the process vy, i.e. introducing v = {v;, t > 0} given
by v, = ;—g, we obtain the model in normal form:

di, = M(% - 5,) dt + /o dW?,
db; =a@ —6,)dt + EdW?
dri = k(6 —ri)dt +ny/0 dW/ .
Rewriting this system as in (9.2.3), we obtain for
Uy
X, =161,
Tt
the vector SDE
dX, = (2X, + 2°)dt + Diag((C: X, + C°)'*Yaw],

where
Wy
wl=|w],
wr
and
-w 0 0 /;_2
=10 - 0], 2°=|,]1.
0 K —K 0
Ci=(1 0 0), C,=(0 0 0), Ci=(n*> 0 0),
0
0= &
0

We point out that the state space is R x %2, i.e. m = 1 and n = 3. Next we focus
on computing the bond price, which by (9.1.1) yields the expression

Pl+'L’(t) ZWX(valvt’ T)

t+t
=E(eXP{—/ (no+(n,XS))ds} ‘A)
t
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= exp{VO(r, 0) —(V(z,0), x,)}
- exp{VO(r, 0) — V'(z,00— — V’(z,006, — V' (x, O)r,},
n
(9.4.15)
where V (t,u) = (V¥(t,u1), VO (r,us), V' (1, u3)), subject to the initial conditions
VYO,u)=0,  V'(0,u2)=0,  V'(0,u3)=0,  V°0,u)=0.
First, we compute the functions
VE(1,0) = (VE(r.0), V(1. 0) = (V?(1.0), V' (z,0)),
which correspond to the conditionally Gaussian factors. By setting
Vi@, 0)=VE@) = (V@) V(@)= (V'@),V (),
we recall (9.2.6), which states that

vE@) = /Or exp{(r —1)(258) " }nP dr + exp{(2°P) "}V (0).

This results in the relation

V(r) = frexp{—/c(r —n}di = 1= expl=«r)
0 K
and
vi(r) = /T X (exp{—k(t — 1)} —exp{—a(r —1)})dt
0 ¥ —K
_exp{—Kr} —exp{—ar} n 1 — exp{—art}
N a—K a '
Finally, regarding V2 (t) = V¥(t) = V¥(t, 0), we have
V() = Mz(f),
My(7)

with the time ordered exponential
Mi(t) My(z - L p(t)dt
10 M@)ol T Jo7® (9.4.16)
M3(t)  May(z) 7/2 0
and
. 1 2
r == (V')
We can simplify (9.4.16) using the integral
/r Sy di — _177_2 o 2(1 —exp{—«T}) N 1 —exp{—2«Tt) .
0 2 2 K 2k

Lastly, from Eq. (9.1.3) it follows that V(1) can be obtained from
d 0] - 1
- VO(r) = —% V(r) —adVO(r) + 552(\/%))2,
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subject to V9(0) = 0. This provides an explicit description of the zero coupon bond
price given in (9.4.15).

9.5 A Second Example: The Heston Model

In this section, we apply the methodology developed in this chapter to the Heston
model, as introduced in Heston (1993). We assume that the dynamics of the loga-
rithm of the stock price Y = {Y;, t > 0} and the variance process v = {v;, t > 0} are
given by

dvy =Kk —v)dt +k\/v_,dW1,
1
dy, = <r — Ev,) dt 4 pJordW} 4+ /1 = p2 Jo;dW?,
where k, n,A>0,reR, pe(—1,1),and W ={W, = (W,l, le), t > 0} denotes a
standard Brownian motion. The Heston model does not fit the ATSM model formu-

lation in Definition 9.3.1. Nevertheless, we find the discussion in Sect. 9.3 useful in
rewriting the Heston model in normal form. We define a matrix X, which is given

by
s (? 0
N\ V1-p2)

()

and hence

le——
MW1=p2\ —p

The matrix ¥ plays a comparable role to the one appearing in Definition 9.3.2.
Consequently, we introduce the new processes

fit _ 5! Uy 7
Y Y;
and hence 9, satisfies the SDE
Ay =« (% - at) dt + o dW},

and

- r v ) pk (0 v
dY:( _ )dt—l—«/_vdW —7<———)dt.
C\VT=0? 2/ B/ o) VI

Finally, we set
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to obtain the SDE

di ’;—727+1~)t(_’() /C X
dX[=< t): dt—i—Dlag( Cl t)dW[,

2
_pKn _ oka—2T
dy, r prA—15

A
v,
V1-p? * "7

where
Ci=(1 0, Cr,=(1 0).

This means in terms of (9.2.3) one has

— 2
2= ,olc)ﬁ)‘— ’

We are now ready to compute the characteristic function of the logarithm of the
stock price under the Heston model, and obtain

Uy, x;,t,7) = E(exp{luYr} ’ .At)

= E(expf{iuy/1 — 02Yr + wpir} | A)

= exp{Vo(r, w) =Y, VE(t,iu) — 3, VP(x, lu)},

subject to the initial conditions

V90, 1u) =0, VB, 1u) = —1uy/1 — p2, VP, 1u) = —tupa.

We now follow the approach described in Sect. 9.2, and solve

VBt 1u) = exp{0}VL(0, 1u) = —1uy/ 1 — p2.

Consequently, we follow Steps 2 to 4, yielding
_ Mi(@)VP, 1) + Ma(2)
- M3(@)VP(0,1) + Ma()

Mi(x) Ms(z) PPy
=expiT 1 s
M3(t) My(r) 5 0

VP (t, )

where

and
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Using the notation

d =\/(K — Ap1u)? + A2 (1u + u?),

we obtain

Mi(t) = M(dcosh<d§) — Ksinh(d%)),

-2 22 1, o, o\ . [dT
M>(t) = 7exp{—xr/2}<<pxk — 7>zu + EA (1 —p )(zu) )smh(;),

dt

M3(t) = éexp{—xr/Z} sinh( > ),

My(t) = M(CZCOSh(%{) —{—Ksinh(d%)),

‘We hence have

VP (2, 1u) = (d(exp{dz} + 1) — « (exp{dt} — 1)) (—priu)

22 e )

_ 2(<pxk — 7>zu + 7(1 —-p )(zu) )(exp{dr} — 1)

/((exp{dt} — 1)(—pAtu) +d(expldt} + 1) + « (exp{dT} — 1)).
The above denominator becomes

(exp{dt} — 1)(—priu) + dexp{dt} +d + k exp{dT} — k

=(d+ pitu — K)(l — gexp{dr}),

where
g=wk—pliu+d)/(k — priu —d).
The numerator satisfies the relation
(d(exp{dr} + 1) — K(exp{dr} — 1))(—pkzu)

)\2
- Z(pick - ?>zu(exp{dr} —-1)
— Az(l — pz)(zu)z(exp{dt} — 1)

= exmdf}(—dpuu + kpAiu
)\2
— 2(,0[()\. — 7)114
_)\2(1 _ pZ)(m)2>
)»2
+ (—d,okzu — kpAlu + 2<p/ck — 7)”1

+A2(1 — ,02)(114)2>.
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Hence one has

VP ()= (exp{dt}(—dpktu — kphiu + Vi — A2(1u)2 + k2p2(lu)2)
+ (—dpklu + kpAitu — Mou+ )»z(m)2 — Azpz(lu)z))

/((d + phiu — K)(l — gexp{dt})).
Recall that

E(expliuYr} | A;)
= exp(VO(t, w) — VPt u)d, — VB (1, u)Y;)

D
= exp(VO(r, ) — % — (—zu)<Yt — @)>

)»2
0 VPt iu)  priu
=exp| V' (v, 1u) + Yiiu — 2 + 2 v,
where we used that
. v ~ )¢ v
vt:—;’ = ! — oL , and VB(t,zu)z—zu 1 —p2.
) VI=p? a/1-p?

Hence the following calculation is relevant
VD(t, ) + pAtu

= (exp{dr}(—dpkzu — KkpAtu + A — )Lz(zu)2 + Azpz(zu)z)
+ (—d,o)»lu + kpliu — A+ )\z(zu)2 — kzpz(lu)z)
+ priuexp{dt}(d + k — pAitu) + priu(d + priu — K))
/((d + priu — K)(l — gexp{dr}))
. exp{dt}()?lu —22auw)®) + O2au)? — 22w)
(d+ priu —k)(1 — gexp{dr})
o ad-= exp{dT DA% (tu + u?)

(1 —gexpldt))(k —d — priu)’
It is readily checked that

_)\‘2 2
M=K—pklu+d,
Kk —d— piiu

hence

1 —exp{drt
VD(I,lu)—}—pMu:—Tf;MT}}(K—pklu+d). (9.5.17)

Lastly, from (9.1.3), it follows that

o VP (t, 1u)kn PANLUK
EV (r,zu):—T—i—rlu— o2
= —I;—Z(VD(I, 1u) +pzuk) +riu.
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Using (9.5.17), we obtain,

ad 1 — d
—VO(‘L',ZM)Z ﬂw
ot 221 — gexpldr}

and hence, using
T 11— dt -1 1-—
f &d[:r—k‘g log( g >,
o 1— gexp{dt} dg 1 — gexp{dr}

1 — gexp{drt}
1—g ’

(k —priu+d)+riu,

we get
VO(z, 1) = wurt + I;—Z(K — phiu+d)Tt — 2;—2 log<

which yields
E(expliuYr} | A)

1— d — oA d
=exp{turr+luYt+%( exp{td})(k — priu + )}

1 — gexp{td}
1- d
X exp{’;—z ((K —pliu+d)r — 210g(%{r}>> },

which is the characteristic function of the logarithm of the stock price in the Heston
model. This function can now be used to calculate option prices and other deriva-
tives.

9.6 A Quadratic Term Structure Model

In the preceding sections, we showed that linearization can be successfully applied
to affine processes, or processes which produce bond prices that are exponentially
affine in the state variables. The assumption that processes are affine played a crucial
role in the derivations.

In this section, we briefly discuss the following questions:

e what processes exist beyond the affine class, which are relevant to interest rate
modeling?
e do the techniques developed in previous sections still apply?

The answer to the first question was provided in Filipovi¢ (2002): it was proven that
the quadratic class, which we define below, is the largest class of polynomial term
structure models, which satisfies the consistency condition used in Filipovi¢ (2002).
The consistency condition used in Filipovi¢ (2002) is that discounted bond prices
are local martingales under an assumed risk-neutral measure. The answer to the sec-
ond question is affirmative and will be given in this section. We base our discussion
on Grasselli and Tebaldi (2004b). The reader’s attention is drawn to the following:
in this section, we introduce nonlinearity by relaxing the assumption that the bond
price is exponentially affine, whilst retaining the assumption that the process as-
sumes values in the (linear) Euclidean space. In the next chapter, we will allow for
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processes which take values in a nonlinear domain, involving positive semidefinite
matrices, but still produce bond prices which are exponentially affine in the state
variables.

The following result from Filipovi¢ (2002) allows us to conclude that lineariza-
tion can essentially be applied to any polynomial term structure model, that is con-
sistent in the sense of Filipovi¢ (2002). For corresponding proofs, we refer to the
paper Filipovié¢ (2002):

Definition 9.6.1 A polynomial term structure model is defined by:

(i) the factors Z; defined in a cone domain Z C 9", whose dynamics under the
risk neutral measure satisfy the following SDE:

dZ, =b(Z)dt +0(Z,)dW,, Z, cZ, (9.6.18)

where W, is an n-dimensional Brownian motion, and the drift b(-) and volatility
matrix o (-) satisfy the growth constraint:

6@ | +]oe@|=c(1+Ilzl), VzeZ.

(i1) the forward rate curve:

d
r(Z, =Y gi(®(Z), t=0, (9.6.19)
|i|=0

with the notation i = (i1, ..., in), |i| =i1 +---+i, and :Z‘]l ...z here d

denotes the degree of the polynomial term structure.

Theorem 3.4 from Filipovi¢ (2002) establishes that the only relevant cases are
d =1 and d = 2. This result is very important in the context of linearization: the
case d = 1 was discussed in Sect. 9.2, we now discuss the case d = 2.

Under mild regularity conditions, Z; is given by a multidimensional OU-process,
with constant diffusion coefficient satisfying the SDE:

dZ;=(Ao+ AZ;)dt +dW,,
Ag, Z; eR", A e M,,.
For the short rate we have the quadratic form
r(Z)=2ZR0Z,+T{Z +w,
v €N, TyeR", szoeﬁ,

where S, denotes the set of positive semidefinite matrices. For the forward rate we
set:

r(Z,0)=22)Z,+T ()" Z, +y (1),
y(m eR, F(T)eR", (1) eS8y, ©>0.
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We remind the reader that the risk neutral zero coupon bond price satisfies the rela-

tion
t+7
E(exp{—/ rsds} .A,) =exp{—r(Z;, D}.
t

‘We obtain the following system of Riccati equations:

dizlir) =20+ 2MA+AT2(1) - 22(0) (9.6.20)
dgf)ZIb+29(”AW+ATFW)—2900F@) 9.6.21)
dtz(;) =n+T@ A+Tr(2)-T®) T@)/2, (9622

subject to the initial conditions
20)=0,,, T©0)=0,1,  y(0)=0. (9.6.23)

We now explicitly linearize these equations, where we follow Grasselli and Tebaldi
(2004b). This procedure mimics the procedure in Sect. 9.2. Also here, we double the
dimensionality of the problem. We firstly solve the equation associated with £ (7).
We introduce

R2(t)=F ' (v)G(x), for F(x) e GL(n), G(t) € M,,
then

d (F(f))ﬂ(f)ZF(f)%ﬂ(t),

d

and from (9.6.20), we get
d d T
EG(‘L’) — E(F(r))[l(r) = (F(r)SZo + G(r)A) — (—F(r)A + ZG(r))SZ(r).

We consequently have the following representation
d
d—G(r) =F(1)2)+G(1)A
T

iF(‘[) = —F(T)AT + ZG(t)v
dt

which can be written as follows:

d A 2,
— (60 F@)=(6m) F(r))(ﬂo _AT>'

Exponentiating yields

(Gx) F(1))=(GO) F(O))exp{r(A 21")}

20 —-AT

A 21,
=(£(0) I,Jexp{r(hQ —AT>}' (9.6.24)

0
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Analogous to Sect. 9.2, we now introduce the notation

Al(r) Al A 21,
2 > =exp17T T s
Al(r) A3(r) 20 —-A

in which case (9.6.24) results in
(G(r) F()=((A](M)RO) + A1) (AL(D)R(0) + A3(1))),
and hence
2() = (43(m) ' alm),

since £2(0) = 0,,%,,. We solve the second equation

d
d—F(r) =TIy+22(t)Ay+ ATI‘(r) —2R(()I (7).
T
Again, we set
r@)=F'(0)I (0,
and hence

if —iF I(t)=F ir
e (1) e OI(t)= (I)dr (7).

Consequently, we have

%F(r) - %F(‘L’)F(‘E) = F(t)(Fo+22()Ag+ AT T (v) —22()[ (1))

=F(t)[g+2I(1)Ao — (—F(r)AT + 2G(r))F(r).
We immediately have
d -~
d—F(r) =F ()9 +2G(1)Ayp.
T
Hence we get the following result for I' (t):

r)=F Y[ (1)
T
= F_l(r)f (F(<")To+2G(1")Ag)dt’
0
T
— (A2)”" / (A2(c) o +243(c') Ao) d.
0
Finally, we obtain y (t) from (9.6.22) by direct integration.

Corollary 9.6.2 For n = 1, we recover the result from Sect. 4.4 in Filipovic et al.
(2004), i.e. setting ¢ =2/ A2 + 282 and

L3(t) = @(exp{cr/Z} - 1) (%(exp{ct/Z} + 1) + A(l - exp{ct/Z}))
+ 8A0S20

(exp{ct/Q} — 1)2,

Ls(t) = c(exp{cr} + 1) — 2A(exp{ct} - 1),
L7(t) = ZQQ(exp{cr} — 1),
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we have
_L7(v)
0= Lo
_ Ls3(v)
Ir'z)= Ls)’

y(r):/ (F(t)Ao—%F(t)2+.Q(t)+yo> dt.
0

9.7 A Multifactor Heston Model

In this section, we discuss a multifactor model, which can be analyzed using the
techniques developed in this chapter. The aim is to illustrate that the approach can
be used to analyze a powerful, complex model, but at the same time, it also illustrates
the limitations of the approach, and motivates the study of the Wishart process in
Chap. 11.

The following model is covered by the Dai and Singleton (2000) and Duffie et al.
(2000) framework. We introduce two assets and drive their stochastic volatilities
using three square-root processes:

ds} =S} (rdr+ Vxlazl+\[x}az}). 9.7.25)
dS? = 8> <r dr + \/;% dz2 + \/)7,3 dzf), (9.7.26)
where
dx! =«'"(n' - X})dr+xl\/x>}dwl,
dX}=i*(n* — X?)dt + Az\/;tde,z,
dx} =3 (n* - x})ar +)»3\/X7t3dW3,

andx/, 1/, A/ >0, j =1, 2, 3. To ensure the affinity of the model, we introduce the
following correlation structure

d[Z', W] =p;s;jdt, i,j=1,2,3,

where p; € (=1,1), j =1,2,3. We now discuss this model, where we follow Da
Fonseca et al. (2007). Firstly, we remark that each price process enjoys the dynamics
of the Double Heston model of Christoffersen et al. (2009). Furthermore, the assets
exhibit stochastic volatilities, given by (X! + X7) and (X? + X}), respectively, and
stochastic covariation, given as

d[s', s?], =5} stx} ar.
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The assets exhibit stochastic volatility, but the covariation is constrained to remain
nonnegative. This issue is addressed in Chap. 11. We encourage the reader to com-
pare the model presented in this section to the two models presented in Sect. 11.5.
Finally, we introduce log-asset prices ¥/ =1log(S!), i = 1,2, and present the joint
characteristic function of the log-asset prices, so that the techniques from Chap. 8
are applicable.

Proposition 9.7.1 Let Y/ =1log(S!), i = 1,2, where the dynamics of S} and S? are
given by (9.7.25) and (9.7.26), respectively. Then

E(exp{le} + mzY%}IA,)

3 2
=exp=ZAj(r)X{ +zZukY,"+c(r)},

j=1 k=1

where for j =1, 2,

dj =\/(M% —|—mj))»5 + (kj —l)»jpjuj)z,
Kj—thjpjuj+d,

8j = )
/ Kj—lkjpjuj—dj
A_(T):Kj—zkjpjuj+dj 1 —exp{d;t}
y 22 1 —gjexpld;} )’

Furthermore,

2
dy = \/((Ml +u2)? 4 1(u1 + u2))A3 + (k3 — 1h3p3(u1 +u2))”,
k3 —ia3p3(ur +ur) +d3

83 = ,
k3 —1A303(uy +uz) —ds
k3 —1A3p3(uy +uz) +ds (1 —expl{dst)
As(r) = . P ,
A5 1 — gzexp{dst}

and

c(t) =riuit +riupt

1 —grexp{dit
+K1771 ((/q—1A1p1u1+d1)‘c—210g<—g1 xpldi }))

)»% 1—g
K 1 — grexp{dat

n 2_'272<(K2  apatts 4 )T _210g(w)>
A5 1—g

K
+ j\—?((/@ —1A303(uy + up) +d3)r — 210g<

3

1—836XP{d3T}))
1—g3 '

In conclusion, we remark that on the Euclidean state space, one can introduce pow-
erful multidimensional models. However, it is also clear that the positive factors, in
this case the variance processes (X 1 x2 x 3), have to be orthogonal. This is clear
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from the discussion in Sect. 9.2. To allow for dependence between positive factors,
one needs a more general concept of positivity than %+. The Wishart process turns
out to be rich enough to allow for dependent positive factors, whilst at the same time
the process remains tractable, see Chap. 11.



Chapter 10
An Introduction to Matrix Variate Stochastics

In this chapter, we introduce the reader to matrix variate stochastics. It is intended
to set the scene for Wishart processes, which will be covered in the next chapter. We
begin by recalling notation and introducing some basic functions used throughout
both chapters. This will bring us in a position to discuss matrix valued random vari-
ables, matrix valued stochastic processes, and matrix valued stochastic differential
equations. To illustrate these concepts, we apply them to the matrix valued version
of the Ornstein-Uhlenbeck process and a multidimensional version of the MMM.
The main references for this chapter are Gupta and Nagar (2000) and Pfaffel (2008).

10.1 Basic Definitions and Functions

In this section, we fix primarily notation.

Definition 10.1.1 We employ the following notation:

e we denote by M, ,(N) the set of all m x n matrices with entries in R. If m =n,
we write M, () instead;

o we write GL(p) for the group of all invertible matrices of M, (1);

e let S, denote the linear subspace of all symmetric matrices of M, (R);

o let 81'; (Sp_) denote the set of all symmetric positive (negative) definite matrices
of M,(N);

e denote by S;' the closure of S;‘ in M, ("), that is the set of all symmetric positive
semidefinite matrices of M, ().

The next definition provides a one-to-one relationship between vectors and ma-
trices.

J. Baldeaux, E. Platen, Functionals of Multidimensional Diffusions with Applications 243
to Finance, Bocconi & Springer Series 5, DOI 10.1007/978-3-319-00747-2_10,
© Springer International Publishing Switzerland 2013
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Definition 10.1.2 Let A € M,, ,(N) with columns a; € W™, i =1,...,n. Define

the function vec : M, ,(R) — R via

ai
vec(A) =
a
Note that vec(A) is also an element of M,,, 1 (). The next lemma is derived in
Gupta and Nagar (2000).
Lemma 10.1.3 The following properties hold:

e for A, B € M,, ,(N) it holds that tr(ATB) =vec(A) "vec(B);
o letAe M, (M), Be M,y ,(N) and C € M,, 4(R). Then we have

vec(AXB) = (B" ® A)vec(X).

We now recall from Gupta and Nagar (2000) how a symmetric matrix can be
mapped to a vector.

Definition 10.1.4 Let S € S,. Define the function vech : So— R "2 via

St
S12
S$2
vech(S) = ,
Sip

Spp

such that vech(S) is a vector consisting of the elements of S from above and includ-
ing the diagonal, taken componentwise.

We point out that the vector vech gives access to the w distinct values of a
symmetric p X p matrix.

10.2 Integrals over Matrix Domains

The aim of this section is to define integrals over matrix domains. These definitions
will be employed in the subsequent sections, e.g. when computing characteristic
functions and Laplace transforms of matrix valued random variables. Discussing
integration, we need a notion of measurability. The following definition is taken
from Pfaffel (2008), see also Jacod and Protter (2004).
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Definition 10.2.1 Let (X, 7) be a topological space. The Borel o -algebra on X is
then given by the smallest o -algebra that contains 7 and is denoted by B(X).

In this chapter and the following, we focus on i, R", and M, ,(N), and employ
the notation B for B(N), B" for B(R") and B™" for B(M,, ,(N)). We are now in
a position to define integrals over matrices, allowing for matrices of size m x n.

Definition 10.2.2 Let f : M,, ,(N) — N be a B™" — B-measurable function and
M € B™" a measurable subset of M, ,()) and let A denote the Lebesgue-measure
on (N, B™"). The integral of f over M is then defined by

/ f(X)dX .= / f(X)d(Aovec)(X) = / fo vec_l(x) di(x).
M M vec(M)
We call A o vec the Lebesgue-measure on (M, , (M), B™"™).

p(p+1)

As pointed out in Pfaffel (2008), S, is isomorphic to %™z, hence for p > 2,
S, is a real subspace of M ,(J), and, consequently, of Lebesgue-measure zero. As
this means that any integral over subsets of S, is zero, we define another Lebesgue
measure on the subspace of symmetric matrices S:

Definition 10.2.3 Let f : S, — 9 be a B(S,)- B-measurable function and M €

B(S,) a Borel-measurable subset of S, and let A denote the Lebesgue-measure on
pp+D) pp+D

(M2 ,B 2 ). The integral of f over M is then defined by

[ f(X)dX ::/ f(X)d(onech)(X):/ fovech_l(x)dk(x).
M M v

ech(M)
We call A o vech the Lebesgue-measure on (S, B(S,)).
As in Gupta and Nagar (2000) and Pfaffel (2008), we use the notation
etr(A) := exp{tr(A)}. (10.2.1)

This notation allows the formulation of the next definition.

Definition 10.2.4 The multivariate gamma function is defined as follows:

p—1

Iy(a):= / +ezr(—A)aret(A)“—%<P+‘>dA Ya >

V4

The next result from Gupta and Nagar (2000), shows that for a > pT_l the matrix
variate gamma function can be expressed as a finite product of ordinary gamma
functions.

Theorem 10.2.5 Fora > %(p —1),

14
Iy(a) :nim’—“]_[r(a - %(i - 1)).

i=1
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Next, we want to introduce hypergeometric functions of matrix arguments. This
requires the definition of zonal polynomials, which in turn requires the definition of
symmetric homogeneous polynomials. Starting with the latter, a symmetric homo-
geneous polynomial of degree k in yq, ..., y,, is a polynomial which is unchanged
by a permutation of the subscripts and such that every term in the polynomial has
degree k. The following example from Muirhead (1982) illustrates this: set m = 2,
k =3, then

Y3 +y3 + 10yfy2 + 10y, y3

is a symmetric homogeneous polynomial of degree 3 in y; and y,. Following Gupta
and Nagar (2000), we denote by V} the vector space of symmetric homogeneous
polynomials that are of degree k in the % p(p — 1) distinct elements of S € S[')“. As
discussed in Gupta and Nagar (2000), the space Vi can be decomposed into a direct
sum of irreducible invariant subspaces V., where « denotes a partition of k, defined
as follows: by a partition of k, we mean the p-tuple x = (k1,...,kp), where k; >

-+ >k, >0, and furthermore ky + - - - 4+ k, = k. Then the polynomial tr(S)k e Vi
has the unique decomposition into polynomials Cy (S) € V, as

tr(8)F =" Ce(S).
K
We now define zonal polynomials.

Definition 10.2.6 The zonal polynomial C,(S) is the component of tr(S)* in the
subspace V.

The next definition from Gupta and Nagar (2000) introduces hypergeometric
functions of matrix arguments.

Definition 10.2.7 The hypergeometric function of matrix argument is defined by

o (@D (@) Ce(S)
mFu(at,...,am; b1, ...,by; S) = , 10.2.2
(@102 i b1 : ,;Z 1) () k! (1022

where a;, bj € R, S is a symmetric p x p-matrix and ), the summation over
all partitions « of k and (a), = ]—[le(a — %(j — 1))kj denotes the generalized
hypergeometric coefficient, with (x)k; =x(x +1)...(x +k; — 1).

The following remark provides some properties of hypergeometric functions of
matrix arguments.

Remark 10.2.8 Conditions for convergence of the infinite series in Eq. (10.2.2)
are of importance, see Gupta and Nagar (2000) for a discussion. The condition
m < n + 1 is sufficient. We also have the special case

rr(S»k

[e.¢]

nFn(ay,...,ap5a1,...,a,; S) = Z

k=0

= etr(S).
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The next lemma will be subsequently employed when computing expectations of
functions of non-central Wishart distributed random variables.

Lemma 10.2.9 Let Z, T € S;. Then

/+ etr(—Z8)det(S)*~ "  Fy(ay. ... am: b1, ... by: ST)dS
S

p

= Ip(@)det(Z) i1 Falar, .. am; br, ... by Z7'T),

p—1
Ya > .

Proof The result is a special case of Theorem 1.6.2 in Gupta and Nagar (2000). [

10.3 Matrix Valued Random Variables

In this section, we discuss matrix valued random variables. First, we need to de-
fine what we mean by a matrix valued random variable, and consequently associate
with it the concepts well-known from the vector and scalar case, such as probability
density functions, characteristic functions, and Laplace transforms. We will discuss
two examples, first the normal distribution and second the Wishart distribution. The
main reference for this section is Gupta and Nagar (2000), see also Pfaffel (2008).
As before, we use (£2, A, A, P) to denote the filtered probability space.

Definition 10.3.1 An m x n random matrix X is a measurable function

X: (2, F) = (Mpa(R), B™").
We now discuss probability density functions of random variables.

Definition 10.3.2 A nonnegative measurable function fx such that
P(XeM) :fM fx(A)dA VM e B™"
defines the probability density function of an m x n random matrix X.
We can now introduce expected values.
Definition 10.3.3 Let X be an m x n-random matrix. For every function 7 =

(hi,j)i,j : Mm,n(m) g Mr,x(m) with hi,j :Mm,n(m) - N 1<i<r,1<j<s,
the expected value E (h(X)) of h(X) is an element of M, ;(I) with elements

E(h(X), ; = E(hi.; (X)) = /M PR,
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We point out that if X has a probability density function fx, then we have
E(h(X)), ; =/ hi.j(A) fx(A) dA.
' Mo (R)

The characteristic function or Fourier transform of matrix-valued random variables
is now defined.

Definition 10.3.4 The characteristic function of an m x n-random matrix X with
probability density function fy is defined as

E(etr(1XZ")) = / etr(lAZ") fx (A)dA, (10.3.3)
M)
for every Z € M ().

Due to the fact that |exp(ix)| = 1, Vx € 3N, the integral in (10.3.3) always exists.
Furthermore, (10.3.3) is the Fourier transform of the measure PX at point Z.

Definition 10.3.5 The Laplace transform of a p x p-random matrix X € S;‘ with
probability density function fy is defined as

E(err(~UX)) = / etr(~UA) fx(A)dA, (10.3.4)
Sf

for every U € S;f.

Remark 10.3.6 Recall that the Laplace transform of a positive scalar random
variable is always well-defined. For A,U € SF, we have that tr(—UA) =

—tr(\/ﬁ AU ) < 0, since JUAVU is positive definite, hence the integral in
Eq. (10.3.4) is well-defined, where X € S;“ is the analogue of a positive random
variable.

Next, we introduce covariance matrices for matrix valued random variables.

Definition 10.3.7 Let X be an m x n random matrix and Y be a p x g random
matrix. Then the mn x pg covariance matrix is defined as

cov(X,Y) = cov(vec(XT), vec(YT))
= E(vec(XT)vec(YT)T) — E(vec(XT))E(vec(YT))T,

i.e. cov(X,Y) isan m x p block matrix with blocks cov(i;r, jz—,!—) € My, 4 (R) where
X; (or y; respectively) denote the rows of X (respectively Y).

Having these definitions at hand, we can now discuss some examples. We begin
with an example involving the normal distribution.
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Definition 10.3.8 A p x n random matrix is said to have a matrix variate normal
distribution with mean M € M, , () and covariance ¥ @ ¥, where X € S;, Ve

St if vee(XT) ~ Npp(vec(MT), £ ® W), where N}, denotes the multivariate
normal distribution on NRP" with mean vec(M T) and covariance ¥ ®@ ¥. We will
use the notation X ~ N, ,(M, X Q ¥).

We now recall a result from Gupta and Nagar (2000).
Theorem 10.3.9 [fX ~ N, ,(M, X @W¥),then X ~N, ,(M", ¥ ® X).
Proof The proof is given by the one of Theorem 2.3.1 in Gupta and Nagar (2000). [J

The next result gives the characteristic function of the normal distribution.

Theorem 10.3.10 Let X ~ N, ,(M, X ® ¥). Then the characteristic function of
X is given by

E(etr(1XZ")) = etr(lZTM - %szzq/)

By employing Theorem 10.3.10 one proves the matrix analogue of the linear
transformation property of normal random variables, see Pfaffel (2008).

Theorem 10.3.11 Let X ~ N, ,(M, X @ ¥), A € M, o(R), B € My, ,(N) and
C e M, (R). Then A+ BXC ~N,, ,(A+BMC,(BEBT)® (CT¥()).

Next, we discuss an example involving the Wishart distribution.

Definition 10.3.12 A p x p-random matrix X in S;," is said to have a non-central

Wishart distribution with parameters p e N, n > p, X € S[',“ and @ € M ,(N), if
its probability density function is of the form

-1
. 1
fx(S) = (2%"PF,,<%>der(£)z> etr(—z(@ + 2—1S)>
1
X det($)2 P~V Fy (g Z@z—ls),

where S € S;‘ and o F; is the hypergeometric function. We write
X ~W,n, X,0).

We remark that the requirement n > p ensures that the matrix variate gamma
function is well-defined. If @ = 0, X is said to follow the central Wishart distribu-
tion with parameters p,n and X' € S;, with probability density function

~1
. 1
<2%"Pr,,<’%>dez(z)7> etr<—§z—ls>der(5)%<”—l’—”,
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where S € S[‘,“ and n > p. Next we provide the Laplace transform of the non-central
Wishart distribution, see Pfaffel (2008).

Theorem 10.3.13 Let S ~ W, (n, X, @). Then the Laplace transform of S is given
by

E(etr(~US)) = det(I, +22U) " 2etr(—O(I , + 2XU) "' 2U)
with U € Sl‘f.

Now, we list the characteristic function of the non-central Wishart distribution
according to Gupta and Nagar (2000).

Theorem 10.3.14 Let S ~ W, (n, X, ©). Then the characteristic function of S is
given by

E(etr(tZS)) =det(I, — ZZZ'Z)_%etr(t@(Ip — ZzZ'Z)_IZ'Z),
with Z € M, ().

The next result, which is Theorem 3.5.1 in Gupta and Nagar (2000), shows that
the Wishart distribution is the matrix analogue of the non-central x >-distribution.

Theorem 10.3.15 Let X ~./\/'p,n(M, YI,),ne{p,p+1,...}. Then XX~
Wyn, X, - 'MMT).

We remark that X' can be interpreted as a scale parameter and @ as a location
parameter for S. Consequently, a central Wishart distributed matrix is the square of
normally distributed matrix random variables with zero mean.

10.4 Matrix Valued Stochastic Processes

This section closely follows Sect. 3.3 in Pfaffel (2008). First, we define matrix val-
ued stochastic processes. Our first example will be matrix valued Brownian motion.
Later, we will introduce matrix valued local martingales and semimartingales, which
then allow us to formulate an It6 formula for matrix valued semimartingales. The
section concludes with an integration-by-parts formula, which is useful when apply-
ing the theory presented in this chapter to examples, such as the Ornstein-Uhlenbeck
process. We remind the reader that R refers to the interval of non-negative real
numbers [0, 00).

Definition 10.4.1 A measurable function X : W™ x 2 — M,, ,(N), (1, w) >
X(t,w) = X;(w) is called a matrix valued stochastic process if X(¢, ) is a ran-

dom matrix for all ¢+ € RT. Moreover, X is called a stochastic process in g if
X:Ry x2S,
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As noticed in Pfaffel (2008), most definitions applicable to scalar processes can
be transferred to matrix valued processes by demanding that they apply to every
element of the matrix. The first example is Brownian motion.

Definition 10.4.2 A matrix valued Brownian motion W in M, ,(N) is a matrix
consisting of independent one-dimensional Brownian motions, i.e. W = (W; ;)i ;,
where W; ; are independent one-dimensional Brownian motions, 1 <i < n,
1 <j<p. Wewrite W~BM, ,and W~ BM, if p =n.

We now show the obvious distributional properties of Brownian motion.

Corollary 10.4.3 The following distributional properties regarding a matrix valued
Brownian motion W = {W,, t > 0} hold:

o W, NNn,p(Ovt]np);
e W~BM,, Ae My R, Be MR and C € M, ;(R). Then A +
BW,C ~ Ny 4(A,t(BBT)® (CTC)).

Proof For the first part, we need to show that vec(WtT) ~ Nup(0, 1), which is
easily verified. The second part follows from Theorem 10.3.11 and the observation
that I, =1, QI . O

We now define a matrix valued local martingale.

Definition 10.4.4 A matrix valued stochastic process X is called a local martin-
gale, if each component of X is a local martingale, i.e. if there exists a sequence
of strictly monotonic increasing stopping times (7;), A7, Where T;, 4% 00, such that
Xin(r,7,),ij forms a martingale forall i, j,r > 0and n € {1, 2, ...}.

The next result is the analogue of Lévy’s theorem, which allows us to decide if a
given matrix valued continuous local martingale is a Brownian motion. This result

appeared in Pfaffel (2008).

Theorem 10.4.5 Let B be a p x p dimensional continuous local martingale such

that
t ifi=kandj=I
[Bi,j, Bi,lr = { 4 /
0 else
for all i,j,k € {l,...,p}. Then B is a p x p-dimensional Brownian motion,
B ~BM,.

Given the definition of a local martingale, as in the scalar case, we can define
semimartingales.

Definition 10.4.6 A matrix valued stochastic process X is called a semimartingale
if X can be decomposed into X = X¢ + M + A, where M is a local martingale and
A an adapted process of finite variation.
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We can now consider stochastic integrals. As in the scalar and vector case, we
focus on continuous semimartingales, and for an n x p-dimensional Brownian mo-
tion W ~ BM,, ,, stochastic processes X and Y in M,, ,(N) and M, ,(N), re-
spectively, and a stopping time 7', the matrix variate stochastic integral on [0, T] is
a matrix with entries

T
(/ X,dW[Y,> ZZ/ XYy dWe, Vi<i<m, 1<j<q.
0 i,j

k=11=1

We are now able to state an Itd formula for matrix-variate semimartingales, see
Pfaffel (2008).

Theorem 10.4.7 Let U € M, ,(N) be open, X a continuous semimartingale with
values in U and let f : U — R be a twice continuously differentiable function. Then
f(X) is a continuous semimartingale and

t
FOX) = f(Xo)+ rr( / Df(Xx)TdXs>

/ Z Z 8XljBXklf(Xs)d[Xi»./’Xk,l]s (10.4.5)

J.l=1ik=1

with D = (75=)ij.
The next corollary is given in Pfaffel (2008).

Corollary 10.4.8 Let X be a continuous semimartingale on a stochastic inter-
val [0, T] with T = inf{t: X, ¢ U} > 0 for an open set U € My, ,(R) and let
f U — N be a twice continuously differentiable function. Then (f(X;)):ei0,1] IS
a continuous semimartingale and (10.4.5) holds fort € [0, T).

In order to state a matrix valued integration by parts formula, we need the fol-
lowing definition of covariation for matrix valued stochastic processes.

Definition 10.4.9 For two semimartingales A € My ,(N), B € M,, ,(N) the ma-
trix valued quadratic covariation is defined by

m
[A, B, = [Aik Bijli € Man(h).
k=1

The following integration-by-parts formula will be useful, see Pfaffel (2008).

Theorem 10.4.10 Let A € My, (N), B € My, n(R) be two semimartingales. Then
the matrix product A; B, € Mg, (N) is a semimartingale and

t t
AtBtonBo+/ Asst+f dAs By +[A, BIM.
0 0
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10.5 Matrix Valued Stochastic Differential Equations

In this section, we briefly discuss matrix valued SDEs. The aim is to be able to make
sense of the SDEs presented later describing Wishart processes. We follow Pfaffel
(2008) and Stelzer (2007), where additional material on matrix valued Markov pro-
cesses is presented.

As with scalar valued SDEs, we can distinguish between strong and weak solu-
tions. Recall that a strong solution can roughly be thought of as a function of a given
Brownian motion. The next definition can be found in Pfaffel (2008).

Definition 10.5.1 Let (£2, A, A, P) be a filtered probability space satistying the
usual conditions and consider the stochastic differential equation

dX, =b(t, X,)dt + o, X,)dW,, (10.5.1)

where Xo = x0, b : Ny X My ,(N) = My n(R) and o : Ry x My, ,(R) —
M, p (N) are measurable functions, xg € M, ,(3) and W is a p x n-matrix valued
Brownian motion.

(1) A pair (X, W) of A;-adapted continuous processes defined on (£2, A, A, P) is
called a solution of the SDE (10.5.1) on [0, T), T > 0, if W is an A-Brownian
motion and

t

t
X,:xo+/ b(s,Xs)ds+/ o(s, Xs)dW, Vrel0,T).
0 0

(i) Moreover, the pair (X, W) is said to be a strong solution of (10.5.1), if X is
adapted to the filtration (.AtW )ie, » Where Q,W =0.(Ws, s <t)is the o-algebra
generated by Wy, s < t, completed with all P-null sets from A.

(iii) A solution (X, W) of the SDE (10.5.1), which is not a strong solution is termed
a weak solution of Eq. (10.5.1).

We now discuss the existence of a solution. As in the scalar case, the local Lips-
chitz condition turns out to suffice, see Stelzer (2007).

Definition 10.5.2 Let (U, || - llv), (V, || - lv) be two normed spaces and A € U be
open. Then a function f : A — V is called locally Lipschitz, if for every x € A there
exists an open neighborhood 2/(x) C A and a constant C(x) € %™ such that

lr@—rm|y, =Cc@lz—ylv Vz.y eUx).

We term C(x) the local Lipschitz coefficient. If there is a K € %t such that
C(x) = K can be chosen for all x € A, then f is called globally Lipschitz.

The next theorem states that a local Lipschitz condition is a sufficient condition.

Theorem 10.5.3 Let U be an open subset of Mg ,(N) and (Uy,),en a sequence
of convex closed sets such that U, C U, U, € Up11 Yn € N and Une./\/' U,=U.
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Assume that f : U — Mg n(N) is locally Lipschitz and Z in M,, ,(N) is a contin-
uous semimartingale. Then for each U -valued Fo-measurable initial value X there
exists a stopping time T and a unique U -valued strong solution X to the stochastic
differential equation

dX, = f(X,)dZ, (10.5.2)

up to the time T > 0 a.s., i.e. on the stochastic interval [0, T). At T < oo we have
that either X hits the boundary 0U of U at T, i.e. X1 € dU, or explodes, i.e.
limsup,_, 7,7 |1 X/ || = 00. If f satisfies the linear growth condition

2
| rXO[" <k (1+1X17)
with some constant K € R, then no explosion can occur.
We point out that by unique solution we mean that pathwise uniqueness holds for
(10.5.2). Two solutions on the same probability space, started from the same initial
value and driven by the same semimartingale are then indistinguishable.

We now present a matrix version of the Girsanov theorem for matrix valued
stochastic processes. To do so, we recall the notion of stochastic exponentials.

Definition 10.5.4 Let X be a stochastic process. The unique strong solution
Z = £(X) of the SDE

dZ,=7,dX;, Zy=1 (10.5.3)
is called stochastic exponential of X.
Theorem 10.5.3 allows us to conclude that the SDE (10.5.3) has a unique strong

solution. We now formulate the Girsanov theorem, which will be employed in the
next chapter.

Theorem 10.5.5 Let T > 0, W ~ BM,, and U be an adapted, continuous stochas-
tic process with values in M, (R) such that

t
(5 <tr<— / UsTdWS>>> (10.5.4)
0 tel0,T]

is a martingale, or, which is a sufficient condition for (10.5.4), but not necessary,
that the Novikov condition is satisfied

E(etr(%/oTU,TU,dt)) < 00.
Qz/f(tr(—/oT U,TdW,>>dP

is an equivalent probability measure, and

Then

t
Wt:/ Ust-f—Wt
0

isa Q—Brownian motion on [0, T).
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We point out that the Novikov condition presents a general sufficient condition

for
t
CUTAELD))
0 te[0,T]

to be a martingale. Clearly, for a given matrix valued process U = {U;, t € [0, T']},
it can be possible to improve on this sufficient condition, see e.g. Theorem 4.1 and
Remark 4.2. in Mayerhofer (2012) for an example involving Wishart processes.

10.6 Matrix Valued Ornstein-Uhlenbeck Processes

As an example, we discuss the matrix valued OU-process, see Pfaffel (2008), where
we direct the reader for additional results.

Definition 10.6.1 Let A, B € M,(N), xg € M, ,(N) a.s.and W ~ BM,, ,. A so-
Iution X of the SDE

dX,=XBdt+dW;A, Xo=x, (10.6.5)
is called an n x p-dimensional Ornstein-Uhlenbeck process. We write X ~

OUP,,»(A, B, x) for its probability law.

Since the coefficients X — X B and X +— A are globally Lipschitz and satisfy
the linear growth condition presented in Theorem 10.5.3, we are assured that the
SDE (10.6.5) has a unique strong solution on the interval [0, co). We can even go
further and solve the SDE explicitly.

Theorem 10.6.2 For a Brownian motion W ~ BM,, ,, the unique strong solution
of (10.6.5) is given by

t
X: =xoexp{Bt} + (/ dwy Aexp{—Bs}> exp{Bt}. (10.6.6)
0

Proof The proof is completed by verifying that (10.6.6) solves (10.6.5). In this re-
gard, the integration-by-parts formula, presented in Theorem 10.4.10, is crucial. We
compute

dX,=d(xoexp{Bt}) + d<(/ AW, Aexp{—Bs}) exp{Bt})
0
=xoexp{Bt}Bdt + dW; Aexp{—Bt}exp{Bt}
+ (/ dWSAexp{—Bs}> exp{Bt}B dt
0
M

+ d|:/ dWg Aexp{—Bs}, exp{B-}:|
0

t
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t
= (xoexp{Bt} + </ dWwg Aexp{—Bs}) exp{Bt})Bdt +dW, A
0

Finally, we note that (10.6.6) is by construction a strong solution. Il
We state the following lemma, which is Lemma 3.48 from Pfaffel (2008).

Lemma 10.6.3 Let W ~ BM,, , and X : Ry — M, ,,(N), t = X, be a square
integrable, deterministic function. Then

t t
f dW X ~ n,m<0,1n®/ XXTXst>.
0 0

We conclude this section with a result giving the distribution of the matrix val-
ued Ornstein-Uhlenbeck process, see also Theorem 3.49 in Pfaffel (2008) for an
alternative presentation.

Theorem 10.6.4 Let X ~ OUP, ,(A, B, xo), then the distribution of X is given
by

X:1x0~ Nop(p.0?),

where
1 =xgexp{Bt},
t
o’=1,®exp{B 1} / exp{—B"s}AT Aexp{—Bs}dsexp{Bt}.
0

Proof The proof follows immediately from Lemma 10.6.3, Theorem 10.6.2, and
Theorem 10.3.11. O

Finally, we remark that the stationary distribution of the matrix valued Ornstein-
Uhlenbeck process can also be computed, see Pfaffel (2008), which is Gaussian.

10.7 A Two-Dimensional Correlated Minimal Market Model

In this section, we discuss how to extend the model for the GOP when denominated
in two currencies, as discussed in Sect. 3.3, to allow for a more complex dependence
structure. In particular, we introduce a model which allows us to use our knowledge
of the Wishart distribution, see Definition 10.3.12. We denote the GOP denominated
in the domestic currency by S¢, and the GOP denominated in the foreign currency
by S”. As discussed e.g. in Heath and Platen (2005), an exchange rate at time ¢ can
be expressed in terms of the ratio of the two GOPs, see also Sect. 9.7. Assuming

a
the domestic currency is a, then one would pay, at time ¢, % units of currency a to
t
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obtain one unit of the foreign currency b. As the domestic currency is a, the price
of e.g. a call option on the exchange rate can be expressed as:

+

G —K)
SSE<7Q ) (10.7.7)
ST

We now discuss an extension of the model, which is tractable, as we can employ the
non-central Wishart distribution to compute (10.7.7). For k € {a, b}, we set

k_ GOk ok
S[ _Sl Sl’

where S,O ok — exp{rkt}, Sg’k = 1. So S%* denotes the savings account in currency
k, which for simplicity is assumed to be a deterministic function of time. As for the
stylized MMM, we model S¥ as a time-changed squared Bessel process of dimen-
sion four. We introduce the 2 x 4 matrix process X = {X;, r > 0} via

1,1 2,1 1 4,1
. w) (,)+w ) W l(t)+w ) Wi, Fwdh (W m+w )
1,2 2,2 3,2 4,2
W2 Fwld) W22 wd) W+ wd) (W 4wt
The processes W;’ll, i=1,...,4, denote independent Brownian motions, subjected
to a deterministic time-change
1 t
1, % 1 1 1
o) = W(exp{n th—1)= Z./o ) ds,
cf. Sect. 3.3, and W(;’zz, i=1,...,4, denote independent Brownian motions, sub-

jected to the deterministic time change

2 t
(t)——oz(exp{nzf} —1)= l/ o] ds.
4 Jo

Now consider the process Y = {Y,, t > 0}, which assumes values in Sz+ , and is
given by
Y, :=XX], t>0,

which yields

j 4 2 P
Z[ ](W 1([) + w’vl)z Zi—l Zj—](w(;]j(t) + wl’j)
Zi:l Zj:l (Wf;’j(l) +w') Zz (W 2(1) +w"?)?

t =

We set

and

Sb=vyp?
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We use the diagonal elements of ¥, to model the GOP in different currency de-
nominations. Next, we introduce the following dependence structure: the Brownian

motions Wi! and W2, i =1, ..., 4, covary as follows,
i1 i,2 o ! 2
L, I, —_ 1 -
(Wi Woa )i = 1 /0 alalds, i=1,....4, (10.7.8)

where —1 < ¢ < 1. The specification (10.7.8) allows us to employ the non-central
Wishart distribution. We work through this example in detail, as it illustrates how to
extend the stylized MMM to allow for a non-trivial dependence structure, but still
exploit the tractability of the Wishart distribution. As discussed in Sect. 10.3, matrix
valued normal random variables are studied by interpreting the matrix as a vector,
cf. Definition 10.3.12. We recall that vec(X ‘Tr) stacks the two columns of X ., hence

[ (Wi +w'D)]

o(T)

vec(X—Tr) =

m LT
4,1
w
vec(MT) = 10.7.9
m=|", (1079
_w4’2_
and the covariance matrix of vec(X —Tr) is given by
T e (10.7.10)
4= 22,114 22,214 ’ e

where X is a 2 x 2 matrix with Z11 = !(T), ¥22 = ¢*(T), and X2 = 2! =
% fé ala?ds. We remark that assuming —1 < o < 1 results in ¥ being positive
definite. It now immediately follows from Theorem 10.3.15 that

XrX;~Wo(4, 2,27 'MM7),

where M and ¥ are given in Egs. (10.7.9) and (10.7.10) respectively.
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Recall that we set
Y, =XX/,
S¢=yM,
St=v}?
Hence we can compute (10.7.7) using
E(f(Y1)),
where f : S; — N is given by

(exp{r| T}M1~l _ )+
exp{raT}M22

exp{ri TIM 1!

f(M) =

)

for M € S;‘ ,and M i =1,2, are the diagonal elements of M. The probability
density function of Y r is given in Definition 10.3.12.



Chapter 11
Wishart Processes

The aim of this chapter is to introduce Wishart processes as tractable diffusions,
which can be used to better capture dependence structures associated with multidi-
mensional stochastic models. The focus of this chapter is on the tractability aspect.
We present illustrative examples, which show that we can move beyond the depen-
dence structures possible on the Euclidean state space. As discussed in Chap. 9, we
consider a model to be tractable if we have access to its affine transform. As demon-
strated in Bru (1991), Grasselli and Tebaldi (2008), Ahdida and Alfonsi (2010),
Benabid et al. (2010), Laplace transforms of the Wishart process are available in
closed-form and exponentially affine. The Wishart process is, in fact, an affine pro-
cess. We present results on affine transforms in Sect. 11.4.

Besides computing Laplace transforms, exact simulation schemes play an im-
portant role in finance, as they allow the pricing of e.g. path-dependent options,
see also Chap. 6. In Sect. 11.3, we will discuss simulation schemes for the Wishart
process, where we present the approaches from Benabid et al. (2010) and Ahdida
and Alfonsi (2010). The two approaches are different in nature, as they exploit dif-
ferent properties of Wishart processes. We hence present both approaches, as they
illustrate interesting properties of Wishart processes.

Subsequently, we present an extension of the model presented in Sect. 9.7 to the
case where positive factors are modeled via a Wishart process. This illustrates the
additional degrees of freedom given by employing the Wishart process. We begin
this chapter with a section which introduces Wishart processes and present existence
results. Subsequently, we study some special cases of the Wishart process in detail
to gain further insight. One of the special cases motivates immediately one of the
simulation schemes to be presented in Sect. 11.3.

11.1 Definition and Existence Results

Wishart processes were introduced in Bru (1991), as a matrix generalization of
squared Bessel processes. In her PhD thesis, Bru applied these processes to prob-

lems from biology. As we will show below, Wishart processes are S; or Sj valued,

J. Baldeaux, E. Platen, Functionals of Multidimensional Diffusions with Applications 261
to Finance, Bocconi & Springer Series 5, DOI 10.1007/978-3-319-00747-2_11,
© Springer International Publishing Switzerland 2013
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i.e. they assume values as positive definite or positive semidefinite matrices. This
makes them natural candidates for the modeling of covariance matrices, as noted
in Gouriéroux and Sufana (2004a). Starting with Gouriéroux and Sufana (2004a,
2004b), there is now a substantial body of literature applying Wishart processes to
problems in finance, see Gouriéroux et al. (2007), Da Fonseca et al. (2007, 2008a,
2008b, 2008c), and Buraschi et al. (2008, 2010).

All of the above references study Wishart processes in a pure diffusive setting.
Recently, matrix valued processes incorporating jumps have been studied, see e.g.
Barndorff-Nielsen and Stelzer (2007), Leippold and Trojani (2008). These processes
are all contained in the affine framework introduced in Cuchiero et al. (2011), where
we direct the interested reader. Furthermore, we mention the recent paper Cuchiero
et al. (2011), which extends the results from Cuchiero et al. (2011) to symmetric
cones.

We introduce the Wishart process as in the work of Grasselli and collaborators.

For x € 5, we introduce the S; valued Wishart process X* = X = {X,, t > 0},
which satisfies

dX;=(ea"a+bX,+Xb")dt + (VX dW,a+a" dW]/X,), (1111

where ¢ >0, a,b € My and X¢g =x € M. An obvious question to ask is whether
Eq. (11.1.1) admits a solution, and furthermore if such a solution is unique and
strong. For results on weak solutions, we refer the reader to Cuchiero et al. (2011),
and for results on strong solutions to Mayerhofer et al. (2011b). We now present a
summary of their results, see Corollary 3.2 in Mayerhofer et al. (2011b) and also
Theorem 1 in Ahdida and Alfonsi (2010).

Theorem 11.1.1 Assume that x € S, and a > d — 1, then Eq. (11.1.1) admits a
unique weak solution. If x € S; and a > d + 1, then this solution is strong.

In this book, we are primarily interested in explaining the tractability of the pro-
cesses under consideration, where in this chapter, we focus on Wishart processes.
In particular, we present for the Wishart process Laplace transforms and an ex-
act simulation scheme. Weak solutions suffice for our purposes and we assume that
a > d — 1, so that the weak solution is also unique. As in Ahdida and Alfonsi (2010),
we use WIS, (x, «, b, a) to denote a Wishart process and WIS, (x, «, b, a; t) for the
value of the process at time point 7.

11.2 Some Special Cases

In this section, we discuss some particular special cases of Wishart processes. Recall
that we defined a Wishart process WIS, (x, «, b, a) to be

dX,=(ea'a+bX, +X,b")dt +/X,dW,a+a' dW] /X,
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for a,b € My, and @ > d — 1. In Sect. 3.2, we had already introduced Wishart
processes. We recover the special case studied in Sect. 3.2 by settinga =14, b =0,
and o = d, to obtain

dX,=dl dt + /X, dW, +dW] J/X,. (11.2.2)

Recall that Eq. (11.2.2) is the analogue of Eq. (3.1.1), which introduces the squared
Bessel process as a sum of squared Brownian motions. In Eq. (11.2.2), d is also an
integer. Subsequently, in Sect. 3.1 we relaxed the assumption that d is an integer. We
now do the same for Wishart processes. However, in Bru (1991), the condition « >
d — 1 was used to establish the existence of a unique weak solution, see Theorem 2
in Bru (1991), i.e. she established the existence of a unique weak solution of a
WIS4(x,d, 0, I;) process.

So far, we introduced Wishart processes as squares of matrices of Brownian mo-
tions, i.e. the WIS, (x, d, 0, I ;) case. However, as in Bru (1991), we can also estab-
lish a connection with squared matrix-valued Ornstein-Uhlenbeck processes. This
is an important observation, and will also motivate our first simulation scheme in
Sect. 11.3.

Let X = {X;, t > 0} be an n x d matrix diffusion solution of

dX,=ydB, + BX,dt, (11.2.3)
where B = {B,, t > 0} is an n x d Brownian motion, and x is an n x d matrix,

yeR,and BeN". Weset S; = X;'—X,, s=x'x.

Lemma 11.2.1 Assume that X; satisfies Eq. (11.2.3). Then S; = X;'—X, satisfies the
SDE

dS; =y (/S dB; +dB \/S;) +2B/S: dt +ny*1,dt,

(11.2.4)
So=s.

Proof The technique of the proof follows Theorem 4.19 in Pfaffel (2008), where
the result was shown for the more general case that corresponds to Lemma 11.2.2.
We define

Si=XX,, t>0,

t
W, =f VS'X ] dB, e My,
0

for all > 0. We first show that W = {W,, ¢ > 0} is a Brownian motion. We compute

o[ (fsuxi) (Vsix)au)
:E(/Ot X,,S;IX;rdu>

=tl, <00, as,

and
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establishing that W is a local martingale. Also,

d
dW,ij = ZI}/ SIIIXI:L mdBt'mj.
m=1 ’

Hence

d[W.;iW.uls

= Xd:[\/EX[T]m [\/EX,T]WI,ZI dt

m=1

= [\/EX,TX,\/E]i Ajrdr
=11 dt |
=1;—1;-dt,
where we used that
AW i, Wi =dt < j=I
By Theorem 10.4.5, W is a Brownian motion. Finally, we compute

M
t

dS;=d(X/X,)=dX) X, +XdX,+d[X", X]

= (BX, dit +dB[y)X, + X (BX,dt +dB,y) +yd[B",B]"y

=BS,dt +dByX, + BS;dt + X dB,y + y*nl, dt
=288, dt +y~/SidW, +ydW] /S, + y*nl dt,
which yields that S; solves Eq. (11.2.4). O

The following time-change formula is reminiscent of Proposition 3.1.5, see
Eq. (5.3) in Bru (1991). If X = {X,, r > 0} is a solution of (11.2.3), then there
exists a Wishart process X = {X;, t > 0} € WIS;(s, «, 0, I ;) such that

St = X;l—Xt = eXp{Z,Bt}EVZ 1—exp{—2B1} -

28
Using this time-change formula, Bru established that the Wishart process WIS, (x, «,
b,a), where b=8I4,a=yIl;, B,y eN,a>d—1and x € ST, with distinct
eigenvalues, admits a unique weak solution, see Theorem 2’ in Bru (1991). Fi-

nally, she extended this result replacing y and B8 by d x d matrices b and a, where
a € GL(d). We consider the following SDE for X = {X;, t > 0},

dX;=dB;a+ X,bdt, (11.2.5)

where Xo =x, B ={B;, t >0} is a n x d matrix valued Brownian motion and X,
is an n x d matrix. We set §; = X,TX,, s=x'xe S;, and in the next lemma derive
the SDE for S;.
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Lemma 11.2.2 Assuming X = {X;, t > 0} satisfies Eq. (11.2.5), we obtain the fol-
lowing dynamics for S; = X X;,

dS;=+/SidW,vaTa+aTadW\/S,+ (b"S; + S;b)dt +na"ad:,

(11.2.6)

where So =s.

Proof The proof is completed in the same fashion as the proof of Lemma 11.2.1,
and is given in Pfaffel (2008). We firstly define

t
W,zf VS X dB.a(VaTa) du e M.
0

Note that the matrix square-root is positive definite and hence invertible. We com-

pute
(/ (w/ X—r aTa ) (\/ XT aTa ])du>
_E</ (aTa) 2aTX S;'X)a (a a)” %du)
0
t
=/ (aTa)_%aTa(aTa)_%du
0
=tl, <00 as.
‘We have that
n d
Wiy =Y Y [a(VaTa) "], ;[VST'X]] dBiun
u=1v=1 ’

and we compute

d[W.ij, W. ks
n d
:ZZ[\/STIX?] [\/ XT] a( aTa) l]v’j[a(VaTa)_l]v’l
u=1v=1
= [,/St_lXtTXm/S;l]i’k[(\/a—ra)_laTa(\/aTa)_l]j’ldt
=14ik14 1 dt
=1i=k1j=ldt~

By Theorem 10.4.5, W is a Brownian motion. Finally, we compute
dS;=d(X[X,)=@X) X, + X X, +d[x", x]"
—(a"dB] +b"X/] dt)X, + X[ (dB;a+ X,b)dt +a"d[B",B]"a
=a'dB'X,+b"XX,dt + X dBa+ X/ X,bdt +aandr
=a'dB/X,+b"S,dt + X dB,a+ S,bdt +na'adt
= (7S, + Sib)dt +/S;dWVaTa+VaTadW/ /S, +na'adr,
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where we used that

d[BT, B [y Zd B.si, B.ij) =nli—; dt,
k=1
which establishes that S; solves Eq. (11.2.6). O

We now state Theorem 2” from Bru (1991).

Theorem 11.2.3 Letax €{l,...,d —1}U(d —1,00),a € GL(d),be S, ,s € Sj
and all eigenvalues of s be distinct, and B; is a d x d matrix valued Brownian
motion, then on [0, T), where T denotes the first time that the eigenvalues of S;
collide, the stochastic differential equation

dS; =+/S;dWVaTa+vVaTadW /S, + (bS; + S:b)dt + ava T ad:,

where So = s has a unique weak solution if b and ~/a'a commute.

We remind the reader that the preceding examples were all studied in the original
paper on Wishart processes, Bru (1991).

Now, we turn again to the Wishart process as discussed in Sect. 11.1. We intro-
duce the process X = {X;, t > 0} € WISy (x, «, b, a), given by

dX;=(ea'a+bX, + X,b")dt + (VX dW,a+a' dW]/X,),

and we firstly investigate the following case, which was investigated in Benabid
et al. (2010). It shows how to link a Wishart process to a multidimensional square
root process, see also Sect. 6.7. We assume that a and b are diagonal matrices and
that the elements of a are positive, whereas the elements of b are negative. Then one
can show that the diagonal elements of X, satisfy

dXt”—(oza +2b; i X1ii +2altZ[\/ tlik dWi ki

Now we define fori € {1, ..., d},

l‘ _ d
Bii= /0 VXY WX Tk d Wi
k=1

We have

t d
E (/0 (VXs.i)™! Z[\/X_s]k,i VXl [V Xs.i17" dS)
k=1

t
= E( /0 VX5.i) VXV X1t (VX5 ii) ds)
t
=FE </ (v Xs,ii)_IXx,ii(\/ Xs,ii)_l dS)
0

=1.
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Hence, B = (By, ..., By) is a vector of d independent Brownian motions, and we
obtain

dXyii = (aazi +2b; i Xy,ii) dt +2a;i/X1,ii dByi.

Consequently, for diagonal matrices a and b, the diagonal elements of the Wishart
process are square-root processes.

We now discuss how to construct a matrix-valued Wishart process from vector-
valued Ornstein-Uhlenbeck processes. This construction will also motivate the first
simulation scheme in Sect. 11.3. In particular, we set

p
Vi=) XX €My, (11.2.7)
k=1
where
dX,x=MX g dt+ Q" dW,y, k=1,....8, (11.2.8)

where M € My, X, € R, Q € My, Wi e R4, sothat Vi e My, Vo=ve S/
and B > d + 1. The following lemma gives the dynamics of V = {V,, t > 0}.

Lemma 11.2.4 Assume that V; is given by Eq. (11.2.7), where X; satisfies
Eq. (11.2.8). Then

AV, =(BQTQ+MV,+V,M ) dt +/V,dW,Q+ QT dW] V.,

where W = {W,, t > 0} is a d x d matrix valued Brownian motion that is deter-
mined by

g
VVidW, =Y X, dW/,.
k=1

Proof We compute

d(Xi kX)) = @X DX+ Xex@X 0T +d[Xe, X[V
=(MX, 1+ Q" dW, )X/,
+ Xk (X M7 dt +dW/, Q)
+QTd[wie. W] 0
=MX ;X[ dt + QTdW, (X + X X[ M dt

+ X dW/ 0+ 014041,
where we used that

AW Wi = 1,41
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Hence
B B
dV, =M X X[ dt+ Q"> dW X/,
k=1 k=1
g g
+) XX MTdt+) X1 dW/, 0
k=1 k=1
+BQT Qi
=MV di+ VM di+ Q" dW]JV, +/V.dW, 0+ 80" Qa1
since

g
VVidW, =X dW],.
k=1

To complete the proof, we need to show that W, is a Brownian motion. As before,
we use Theorem 10.4.5. We define

B

t

W, = / VVi' Y o XikdW ],
0 k=1

and it is easily seen that W is a local martingale. Furthermore,

d B
Wiy =Y [VVi'] Y Xeada[aW ]
m=1 k=1
d
SV, e [dW L,

1m=1

B
k=

Now we have

dlWi j, Wil
d

= XB: Xd:[ Vt_l]i’m/[Xt,k/]m’ Z[ V;l]k’m”[x,,k/]m/,h:l dt

kK'=1m'=1 m''=
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11.3 Exact and Almost Exact Simulation Schemes for Wishart
Processes

In this section, we discuss two simulation schemes for Wishart processes. The first is
based on Benabid et al. (2010), Sect. 1.3, the second on Ahdida and Alfonsi (2010),
Sect. 2. We also alert the reader to Chap. 2 in Platen and Bruti-Liberati (2010),
where the simulation of the process WiS;(x, d, 0, I ;) was discussed.

11.3.1 Change of Measure Approach

First we present the approach from Benabid et al. (2010). Recall that in Sect. 11.2,
we showed that if & assumes integer values, we can simulate a Wishart process
by simulating vectors of Ornstein-Uhlenbeck processes. The simulation of multi-
dimensional Ornstein-Uhlenbeck processes was discussed in Sects. 6.7 and 10.6.
Intuitively, the approach can be described as follows: starting under a probability
measure P, where the Wishart process is given by its general form in Eq. (11.1.1)
witho > d+ 1, o € N, we aim to find a change of probability measure, so that under
the new measure the corresponding value of «, say &, assumes integer values, i.e.
@ € N and @ > d + 1. Consequently, we can simulate the Wishart process under the
new measure by using Ornstein-Uhlenbeck processes, as explained in Sect. 11.2. In
particular, following Benabid et al. (2010), we represent « as follows,

=K +2v,

where K = |a| > d + 1, where |a] denotes the largest integer less than or equal
to a, and v is a real number satisfying 0 < v < % The next result, Theorem 2 in
Benabid et al. (2010), shows how to introduce a new measure, say P*, under which
the Wishart process can be simulated via Ornstein-Uhlenbeck processes.

Theorem 11.3.1 Letg=K +v—-d—1.1If
_dapr*

Ar =
T="ap

Ar
defines the Radon-Nikodym derivative of d P* with respect to d P, then

det(X7)\ "2 vg [T
A = (WXZ)) exp{vT(Tr(b))}exp{7/0 Tr(XS 1a—ra)ds}.

Proof The proof is given in Benabid et al. (2010), see Theorem 2. We present here
only the basic ideas of the proof. As in Definition 10.5.4 and Theorem 10.5.5, we
specify the new measure via

* T 2 pT
Czl; ) =exp{—v/0 Tr(,/Xs—ldWSa> — %/0 Tr(XslaTa)ds},
T
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where the Wishart process X € WISy (x, «, b, a) satisfies under P
dX,=(ea'a+bX,+X,b")dt +/X,dW,a+a" dW'/X,.

Under the new measure P*,

t
W= v/ VX taTdr+w,,
0

is a Brownian motion, see Benabid et al. (2010). Consequently, the dynamics of X,
are given by

dX,
= (wa"a+bX, +X,;b")dt + /X, dW,a+a" dW] /X,
= (KaTa +bX; + X,bT) dr + \/ZdW;"a +aT(dW;‘)T\/7,.

As shown in Benabid et al. (2010), Sect. 1.3.1, the dynamics of the determinant of
X, satisfy

| (det(XT))
8\ der(X)
T T
=27 (Tr(b)) + (K —d — 1)/ Tr(X,_laTa)dt+2/ (VX7 aw;a).
0 0

Substituting, we get

dpP*
dpP

—exp / Tr FdW, )——/OTT;»(thaTa)dt}

—exp / FdW*) —/ (J;aTa)dt}

T
—exp %(log(det(XT)> — 2T (Tr(b)) — (K —d — 1)f (X 'a"a) dt)
0

T
1T
+ 2/0 Tr(,/x, )d;}
_ (det(Xt) : p T T
_<det(Xo)> exp{TuTr(b)+§(K—d—1+v)/0 Tr(,/xt a a)dt}.

O

Consequently, if we are interested in computing

Ep(f(X1)),

for a suitable function f(-), we use Theorem 11.3.1 and obtain
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E(f(X1))

det(X7)\ }
=exp{—vT (Tr(b))} Ep- ((deett((XZ)))

Y ! ~1 T
X exp —E(K—i-v—d—l) Tr(Xt a a)dt f(Xr)).
0
The simulation of the integral, which appears in the Radon-Nikodym derivative, can
be discretized and approximated as follows:

t+At 1
/ Tr(XS_IaTa) ds ~ EAtTr((X,‘_1 + Xt__i_lAt)aTa).
t

11.3.2 An Exact Simulation Method

We now discuss an exact simulation scheme for Wishart processes, which is based
on Ahdida and Alfonsi (2010). To produce the result, we firstly recall the char-
acteristic function associated with WIS, (x, «, b, a@). The result was presented in
Gouriéroux and Sufana (2004a), see also Gouriéroux and Sufana (2004b), and we
point out that this result led to the realization that there are affine processes that
do not assume values on the Euclidean state space. Furthermore, we point out that
additional Laplace transform identities are presented in Sect. 11.4. We now follow
the presentation in Ahdida and Alfonsi (2010).

Proposition 11.3.2 Let X, ~ WIS ;(x,«, b, a; t),

t
q, =/ exp(sb)a aexp(sb")ds
0

and m; = exp(tb}. The Laplace transform of X;, for v € Dp 4., is given by

Tr(v(I4 —2q,v)"! T
E(exp{Tr(vXt)}) = xp{Tr il 9:v) Zn,xmt )}, (11.3.9)
det(I; —2q,v)2
where Dy q.r = {v € Sy, E(exp{Tr(vX;)}) < oo} is the set of convergence of the
Laplace transform, which is given explicitly by

Dpar={veSa, Vs €[0,1], 14 —2q,v € GL(d)}.

We remark that for v = vy + 10, vy € Dp 4., and vy € Sy, the Laplace transform
in Eq. (11.3.9) is well-defined. For X; ~ WISy(x, «, 0, I'}; t), we have

_exp{Tr(v(lq — 2t1"v) " x)}

E(exp{Tr(vX1)}) det(I4 —2t1"v)?
d

For a proof of Proposition 11.3.2, we refer the reader to Gouriéroux and Sufana
(20044a), and also to Ahdida and Alfonsi (2010). We remark that in Lemma 11.4.3
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and Corollary 11.4.5, we will discuss the special cases v; =0,b=0, and a =14
and a € GL(d), respectively.

Regarding the exact simulation procedure, we need the following result from
linear algebra, which shows how to perform an extended Cholesky decomposition.

Lemma 11.3.3 Let q € Sj be a matrix with rank r. Then there is a permutation
matrix p, an invertible lower triangular matrix ¢, € GL(r) and k, € Mg_,, such
that

T_ .7 _(c 0
pqp' =cc ', c_(kr 0).

The triplet (¢, , ky, p) is called extended Cholesky decomposition of q. Besides,

B cr 0
c= € GL(d),
ky I,

g="p) 1,& p,

and we have

where Iy = [1;—j</l1<i j<a and r < d.

Proof The lemma appeared in this form in Ahdida and Alfonsi (2010), Lemma 33,
which refers to Golub and Van Loan (1996), Algorithm 4.2.4. Il

We point out that a numerical procedure to obtain such a decomposition can be
found in Golub and Van Loan (1996), see Algorithm 4.2.4. When r = d, then we
can choose p = I 4, and ¢, is the usual Cholesky decomposition.

The following proposition, which is Proposition 9 in Ahdida and Alfonsi (2010),
sits at the heart of the approach. Essentially, it shows that by rescaling, we can rep-
resent a general Wishart process WIS, (x, «, b, a; t) as one which satisfies b = 0 and
a= IZ, where n = Rank(q,). This is crucial, as the law of WIS;(x, «, 0, I"; t) can
be simulated exactly, as we demonstrate below. As in Ahdida and Alfonsi (2010),
we remark that one can exactly compute 8,, which appears in Proposition 11.3.4,
using Lemma 11.3.3.

Proposition 11.3.4 Lett >0,a,b € My, and @ > d — 1. Then m, = exp{tb}, q, =
fot exp{shla"a exp{st} ds and n =rank(q,), and there is a 0; € GL(d) such that

q; =f0z13977
and we have

WISg(x, . b, a; 1) < 0, WISq(0; 'myxm[ (0;7") ", 0,1 1)0] .
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Proof We present the proof from Ahdida and Alfonsi (2010), due to the impor-

tance of the result. We apply Lemma 11.3.3 to q,/t € Sj and obtain the extended
Cholesky decomposition (¢, k,,, p). Also, we obtain from Lemma 11.3.3 that

We define
0, =p ¢,
which by Lemma 11.3.3 is invertible. We now get that
q,=10,1"0].
Next, we recall that for a, b, ¢ € M, the following equalities hold
det(ab) = det(ba), Tr(ab) = Tr(ba),
and also
(abe) ' =c " 'a" !,

assuming that @, b, and ¢ are invertible. We hence obtain the following string of
equalities,

det(I; — 21q,v) = det(1, — 210,10, v)
=det(0,(0; " — 211130, v))
=det((0;" — 21110, v)0,)
=det(I; — 2150, v0,).
Furthermore,
Tr(iv(I4 — 21qtv)*1m,xm;r)
=7r(:(6,1) 70 (8,0, —2110,1%0]v8,0;") ' m,xm])
=Tr(:(0;") "0, v(8,(Is — 2116, v0,)0;") ' m,xm])
=Tr(:(6,") "0 v8, (s — 21170 v8,) "0, 'm,xm,)
=Tr(10] 0, (1, — 201130, v0,) " 0, 'mxm (6;7) 7).
We now let X, ~ WIS;(x,a,b,a;t) and X, ~ WISd(ﬂflm,xm,Tw;l)T,a, 0,
I';; t) and apply Proposition 11.3.2 to obtain

E(exp{lTr(vXt)})
_ exp{Trv(l; — 2q,zv)_1m,xm;r)}
B det(I; —2g,1v)%
exp{Tr(i8; v, (Iq — 21140, v0,) "0, 'myxm/[ (6,)"))
B det(I1; —2ut1%0] v0,)%
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— E(exp{Tr(lotTvotit)})
= E(exp{Tr(1v8,X,0,)})

completing the proof. 0

We remark that Lemma 11.3.3 generalizes the well-known one-dimensional link
between a square-root and a squared Bessel process. For d = 1, Lemma 11.3.3 gives

a®(exp{2b} — 1)

2btx
WIS (x,a,b,a;t) = ———— WIS,

a?(1 — exp{—2bt})’

o,0,1;¢t).
(11.3.10)

2bt

This identity can easily be obtained from the results in Sect. 3.1. Let X = {X;, t > 0}
be a WIS (x, «, b, a), then

dX; = (aa® +2bX,) dt +2a\/X, dW;.
From Proposition 3.1.5, it follows that
d ~
X; =exp{2bt} X (),

where

a®(1 — exp{—2bt})
2b

c(t) =

and X is a squared Bessel process, i.e. a WIS (x, «, 0, 1) process. We hence have
established that

WIS (x,a, b, a;t) iexp{th}WlSl (x,a, 0,1; c(t)).

Now we apply the linear time-change, see Proposition 3.1.2,

t t t
WIS, (x,a, 0.1: £t> RGOS (x—,a, 0.1: z).
t t Cc
Hence

WIS (x, @, 0, 1; 1) = exp{2b1}WIS; (x, &, 0, 1; (1))

2
_ oxP201e® e (XL 0010r),
t c(t)

which is Eq. (11.3.10).

We now proceed as follows: from Proposition 11.3.4, it is clear that we can fo-
cus on the WIS, (x, a, 0, I'}) case. For the generator of WISy (x, , 0, I'}), we recall
a remarkable splitting property from Ahdida and Alfonsi (2010). Having split the
operator, we show that each of these operators correspond to an SDE which can be
solved explicitly.
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11.3.3 A Remarkable Splitting Property

The infinitesimal generator of the Wishart process, or rather the splitting property
thereof, plays an important role in the development of an exact simulation scheme.
We hence recall this generator, which is a special case e.g. of Corollary 4 in Ahdida
and Alfonsi (2010).

Lemma 11.3.5 On M, we associate with WIS, (x, «, b, a) the infinitesimal gen-
erator

L= Tr([aaTa +bx + be]D) + 2Tr(xDaTaD),

where D = (z7-), 1 <i.j <d.

The following result, which is Proposition 10 in Ahdida and Alfonsi (2010),
gives the splitting property of the operator L, for the special case WISy (x, o, 0, I')).
Recall that by Proposition 11.3.4, the study of the simulation of Wishart processes
can be reduced to this case. We use efj to denote the matrix

e =[li—j—nli<i j<d-
We clearly have, I ="7_, e’
Theorem 11.3.6 Let L be the generator associated with the Wishart process

WIS (x,a,0,1) and L; the generator associated with WISy (x, a, 0, eil) forie
{1,...,d}. Then we have

n
L=Y"L; andVi je{l.....d}, LiL;=L;L;. (11.3.11)
i=l1

Proof The first part of the proof follows immediately from Lemma 11.3.5, noting
that Iy = "7, e!,. The commutativity property is established in Appendix C.1 in
Ahdida and Alfonsi (2010). Il

As stated in Ahdida and Alfonsi (2010), two features of Eq. (11.3.11) are impor-
tant:

o the operators L; and L are the same up to the exchange of coordinates i and j;
e the processes WIS;(x, o, 0, efi) and WIS (x,a,0,I'}) are well defined on Sj

under the same hypothesis, namely that« >d — 1 and x € Sj.
The latter property motivates the simulation scheme:

xx~ WiSq(x, e, 0, el; 1)

2,x1*
t

X700 ~ WISq(X)F, @, 0,625 1)

1,x x

n,.. Xt n—1 Xt]’
XPh ~ WIS (X e, 0,€l51).
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X],x

Thus, one samples X, by-ee T according to the distribution at time ¢ of a Wishart

lx

process starting from X, i1, and with parameters o, @ = efi and b =0.

1,x

Xl
Proposition 11.3.7 Let X} ' be defined as above. Then

1x
t

XPt ~ WISy (x, 0,0, 15 1).

Proof For a formal proof, we refer the reader to Ahdida and Alfonsi (2010), here

we just present the main ideas of the proof. Consider a smooth function f on SJ.
Then by iterating 1t6’s formula, one can establish that

E(f(X7)) =Y *LFfx)/k.

k=0
Next, we employ the tower property, to get

X, X _ X
E(F(x7="" )= E(E(r(xT " )Ixp~h7)
- tkn k n—1 flx
= Z k yE(Ln"f(Xt ))
k=0 n
Repeating this argument, we obtain
xh* © iz ki
E(f(X) " )= Z W Ly f(x)
1o k!

k1,....kn=0
= Z —(L1 +--+ L) = E(f(X7)). (113.12)

Equality (11.3.12) relies on the identification of a Cauchy product and one uses the
fact that the operators commute. For example, for n = 2,

0 k4
1 ki v ko
> k,k,L L5 f(x)—ch,
k1,ka=0 k=0

where

k X!
- ° Ll Lk—l
!gl!(k—l)! 172
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k
_ ﬁ k Lkt
Tk 1) 712
=0

tk '
ZE(L1+L2) . O

Proposition 11.3.7 shows that if we can simulate WIS;(x, «, 0, efi; t), for k €
{1,...,d}, then we can simulate WISy (x, ¢, 0, I"}; t), which according to Proposi-
tion 11.3.4 means that we can simulate WIS;(x, «, b, a; t). The next lemma shows
that we can simulate WIS, (x, «, 0, eii; t) by simulating WIS;(p,x py, ¢, 0, Ié; 1),
and subsequently changing the first and the kth coordinates, where we use p; to de-
note the matrix which changes the first and the kth coordinate. The following lemma
formalizes this.

Lemma 11.3.8 Construct a matrix p; € Sy, so that px,1 = p1x = pii = 1, for
i ¢{1,k}, and p; j = 0 otherwise. Let the law of X, be given by WIS;(p;x py, ., 0,
1%; 1) and the law of X, by WIS;(x, @, 0, €k; 1). Then

WiSq(x, e, 0, e';; 1) 4 PiWISq(pixpy. .0, Itli; 1) Py

Proof This result is proven in the same way as Proposition 11.3.4. In particular, we
use the characteristic function given in Proposition 11.3.2 for the case b = 0 and
a = I;. The proof is now easily completed by using the facts

pilip; 295 and prpp=1g4,

which then allows us to establish that

E(exp{zTr(vka,pk)}) =E(exp{zTr(v)~(,)}). 0

11.3.4 Exact Simulation for Wishart Processes

In this subsection, we discuss how to simulate a WIS;(x, «, 0, I (11) process, with

a>d—landx e S;’. Due to Proposition 11.3.7 and Lemma 11.3.8, this allows us
to sample from the distribution of WIS, (x, «, 0, I';; t). As the presentation is easier,
we start with the case d = 2.

From Lemma 11.3.5, we obtain the following infinitesimal generator of

WISy (x,a,0,1}). Forx € S5,
X
L () =dr,1 f () + 200007 1 f () + 20120109120 () + =207 0f (0).
(11.3.13)

This generator is associated with an SDE that can be solved explicitly. As in Ah-
dida and Alfonsi (2010), we denote by Z' = (Z!, t > 0) and Z? = {Z?, ¢t > 0}
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two independent standard Brownian motions. We distinguish the two cases when
x22 =0 and x2 2 > 0. For x » =0, we have that x; » =0, since x € S;. In fact,
one has

dX; 11 =Oédt~|—2w/X,,11dZtl, dX;12=0, dX;2» =0, (11.3.14)

where X = x, has the infinitesimal generator given in Eq. (11.3.13). Clearly, X; 11
is a squared Bessel process of dimension «, that can be sampled as discussed in
Sect. 3.1.

We now turn to the case where x 2 > 0. The SDE

X? X
dX, 1 =adt+2, X, — 22 azl 42202 q72 (113.15)
Xt X2

dX:12=/X120dZ? (11.3.16)
dX;2 =0, (11.3.17)

started at X9 = x has an infinitesimal generator as given in Eq. (11.3.13). This
system can be solved explicitly. We introduce auxiliary variables

2
(Xt,lz) Xt.12
U =X — , Uip=——, Ui 2o =x2,
Xi JX2.2

(11.3.18)

where Uy = u. An application of the It6 formula confirms that

dUp 11 = (a@ — 1) dt +2/U, 11dZ}, dU, 12 =dZ?, U2 =0.

Hence, U; 11 is a squared Bessel process of dimension « — 1, and Uy 17 is a Brownian
motion. Consequently, we simulate X; 11, X; 12 and X; 2 by inverting Eq. (11.3.18)
to yield

X1 =Up + (U 12)%, X112 =Us12v/Us 22, X200 =Us 2. (11.3.19)

The following proposition summarizes the discussion in this subsection.

Proposition 11.3.9 Ler x € § Then the process defined by either Eq. (11.3.14)

or Eq. (11.3.16) when x32 = 0 or x32 > 0 respectively, has its infinitesimal gen-

erator given by (11.3.13). Moreover, the SDE given by Eq. (11.3.16) has a unique
2

strong solution that is given by Eq. (11.3.19) starting from u; 1 = x1,1 — 2—; >0,

X1.2
U2 = ﬁ, Uz,2 =x2.2.

Proof This result is a special case of Theorem 13 in Ahdida and Alfonsi (2010). [

As noted in Ahdida and Alfonsi (2010), an interesting property of the result in
Proposition 11.3.9 is that the squared Bessel process is well-defined when its di-
mension o — 1 satisfies « — 1 > 0, which is the same condition under which the
Wishart process WIS, (x, «, 0, I é) is well defined, @ > d — 1, since d = 2. Lastly,
we point out that the process U = {U,, t > 0} has a squared Bessel process on its
diagonal and a Brownian motion on the off-diagonal.
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We now discuss how to sample from the distribution WIS, (x, «, 0, I”; t), where

d > 2. 1t is easy to check that for WiS;(x, «, 0, IZ), for x € ST, the infinitesimal
generator is given by

Lf(x)=adif(x)+2x1107  f(x)

1
+2 Y Mmdiad fE S D Xmidimd f ).
1<m=<d 1<m,l<d
m#£1 m#1,1#1
(11.3.20)

The next theorem, which is Theorem 13 in Ahdida and Alfonsi (2010), shows how
to construct an SDE with the same infinitesimal generator as Eq. (11.3.20) and that
it can be solved explicitly. Recall that for the case d = 2, we distinguished two cases
depending on whether x2 2 = 0 or x3 2 > 0. For the general case, the SDE depends
on the rank of the submatrix [x; j]o<i j<qa. We set

r =Rank([x,~’j]25i,j5d) €{0,...,d—1}.

First we consider the case 3¢, € G, that is lower triangular, k, € Mg_1_,x,, so that

¢ 0 CT k—r
[xijl2<ij<a = (kr 0) (vr() (; ) =:cc'. (11.3.21)

The following theorem formally applies to the case where Xy = x satisfies
(11.3.21). However, the subsequent Lemma 11.3.11 shows that such a decomposi-
tion can always be obtained by permuting the coordinates {2, ..., d}. As in Ahdida
and Alfonsi (2010), we also abuse the notation as follows: when r = 0, we still as-
sume that Eq. (11.3.21) holds, in particular with ¢ = 0. When r =d — 1, we recover
the usual Cholesky decomposition of [x; jl2<i, j<d-

Theorem 11.3.10 Let us consider x € g such that Eq. (11.3.21) holds. Let Z =

(Z, =z}, th, e, Ztr'H), t > 0} be a vector valued standard Brownian motion.
Then the following SDE, where Y ;_, =0, forr =0,

2
r r
dX;n=adt+2 | X; 11 — Z(Z[cr_l]k’lxt,l(Hl)) dz}

k=1 \I=1

r r
F23° 3 e Ko dz
k=1 I=1

.

dXi =Y cidzZ™, i=2....d
k=1

dX; =0, k,01=2,...,d,
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has a unique strong solution X = {X,, t > 0} starting from x. It assumes values

in § and has the infinitesimal generator L given in Eq. (11.3.20). Moreover, the
explicit solution is given by

Uit + Y1 Wagen)®  Wiaasnli, -,
X, =C WUrig+nh<i<r I, o|lcT, 11322
0 0 0

where

,
dU; 1 = (@ —r)dit +2,/U; ndZ,, Wi =x11— Y Uiy =0
k=1

dUs gy =dZT, 1<i<r, [t i1 i<i<r = € X101 li<i<rs
and
1 0 0
C=10 ¢ 0
0 k T4,

When r =0, then Eq. (11.3.22) should simply be read as

Un 00
X, = 0 0 0
0 0 0

Regarding the matrix U;, we point out that the algorithm only accesses the first row
and column of this matrix. As in Ahdida and Alfonsi (2010), X; can be seen as a
function of U, by setting

Uiij=uij=xj, 1i,j>2, Uii=u1,; =0, r+1=<i=<d.

For a proof of Theorem 11.3.10, we refer the reader to Ahdida and Alfonsi (2010).
We point out that sampling from the WiS;(x, «, 0, I é; t) distribution amounts to
sampling a non-central chi-squared random variable and a Gaussian random vari-
able. As for the d = 2 case, we note that the condition ensuring that the squared
Bessel process Uy, is well-defined for all r € {0,...,d — 1} ise —d —1>0,
the same as for the Wishart process. We now recall that the procedure in Theo-
rem 11.3.10 assumed that x € Sj satisfied Eq. (11.3.21). This assumption can be
relaxed using the extended Cholesky decomposition from Lemma 11.3.3.

Lemma 11.3.11 Let X = {X,, t >0} be a WIS(x, 2, 0, I},) process and (¢, , ky, p)
be an extended Cholesky decomposition of [x;jla<i j<a obtained from

Lemma 11.3.3. Then
1 0
T =
0 p
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is a permutation matrix, and

X={X,, t>} inTWISd(nan,oz,O, Ié)n,

. (e 0\ (¢ k|
[(n'xﬂ )i,j]2§i,j§d - (kr 0) ( 0 0

satisfies (11.3.21).

and

Proof The first part of the proof can be completed in the same way as the proof
of Proposition 11.3.4, namely using characteristic functions. The second part of the
proof is an immediate consequence of Lemma 11.3.3. U

Hence, using Theorem 11.3.10 and Lemma 11.3.11, we have a simple way
of constructing an SDE that has the generator L from (11.3.13) for any initial
condition x € S;. It means that we can sample exactly the Wishart distribution
WIS, (x,a, 0, Ié; t), which we summarize in Algorithm 11.1.

As discussed in Ahdida and Alfonsi (2010), the computational cost of Algo-
rithm 11.1 is O(d?), as this is the computational cost of performing the extended
Cholesky decomposition.

We recall that the splitting property established in Theorem 11.3.6 means
that if we can sample WISd(x,a,O,eii;t), for i = 1,...,n, we can sample
WISy (x, o, 0, I;; t). However, Lemma 11.3.8 established that sampling WIS, (x, «,
0, eil; t) amounts to sampling WiIS;(x, «, 0, I 1 ; 1), which we discussed in Theo-
rem 11.3.10 and Algorithm 11.1. This is illustrated in Algorithm 11.2.

Algorithm 11.2 performs Algorithm 11.1 n times, resulting in a computational
complexity of O(nd?), which is bounded by O(d*). Concluding this section, we
present Algorithm 11.3, which shows how to sample WIS;(x,«, b, a;t), which
uses Proposition 11.3.4 to reformulate the problem into the one solved by Algo-
rithm 11.2. We remind the reader that this algorithm is applicable if ¢ > d — 1,
which is also the requirement for the existence of a unique weak solution of the
SDE (11.1.1) describing the Wishart process.

11.4 Affine Transforms of the Wishart Process

In this section, we discuss the explicit computation of affine transforms associated
with Wishart processes. These results are crucial, as they make Wishart processes
useful for practical applications. We present two approaches to this problem: the first
is based on the linearization procedure presented in Chap. 9. As discussed below, it
turns out that the Riccati equations associated with affine transforms of the Wishart
process can be linearized allowing us to compute the affine transform. Consequently,
we present an alternative approach, which generalizes a result from Bru (1991), and,
following Bru, we refer to it as Cameron-Martin formula. The section concludes
with a comparison of the two approaches.



282 11  Wishart Processes

Algorithm 11.1 Exact Simulation for the operator L

Require: xeS_+,ozzd— landt >0
1: Compute the extended Cholesky decomposition (¢,,k,, p) of [x; jlo<i j<a
given by Lemma 11.3.3,r €{0,...,d — 1}

2: Set
o 1 0
=lo p):
X =thnT,
st li<i<r = ¢ (%1041 li<i<rs
r
wiy=x1-Y (Ui =0.
k=1
3: Sample independently » normal variates G, ..., G,4+1 ~ N(0, 1) and a non-

central chi-square random variate XOZH,("]T‘]), i.e. a non-central chi-square dis-
tributed random variable with o — r degrees of freedom and non-centrality pa-
rameter L.

t
4: Set Up1g+41) = U141 +1Giy1
50 Set Uy i1 =tx3_, (%)
6: return X =

Uit 4+ Y je (Un i 1)? [Uz,1(1+1)]1T§,§,

z'C Uraa+nhi<i<r I, 0|C'n,
0 0 0
where
1 0 0
CcC=|0 ¢ 0
0 ky Ig—r—

Algorithm 11.2 Exact Simulation for WIS, (x, «, 0, I'}; t)

Require: x ST, n<d,a>d—1landt >0

1: Sety=x.
2: fork=1ton do
3:  Construct the permutation matrix p by setting px.1 = p1x = pi,; = 1 for

i ¢{l,k},and p; ; =0 otherwise.
4:  Set y = pY p, where Y is sampled according to WIS;(pyp, «, 0, I:l; t) by
using Algorithm 11.1.
end for
6: return X =y.

b
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Algorithm 11.3 Exact Simulation for WIS, (x, «, b, a; t)

Require: xeS_+,oz >d—1,a,be Mgandt >0
1: Calculate ¢, = fol exp{shla'a exp{st}ds and (c,, k,, p) an extended
Cholesky decomposition of g, /1.

2: Set
c 0
0; = P_l "
kn Ia'—n
and m; = exp{tb}.

3: return X =0,Y0tT, where Y ~ WISd(G,_lmtxmlT(ﬂt_l)T, a, 0,1; 1) is sam-
pled by Algorithm 11.2.

11.4.1 Linearization Applied to Wishart Processes

We assume the following dynamics for the Wishart process,
dX;=(ea'a+bX, +X,b")dt + (VX,dW,a+a' dW,/X,), (11.423)
and the infinitesimal generator is given by
L= Tr([aaTa +bx + be]D) + 2Tr(xDaTaD),

see Lemma 11.3.5. As in Chap. 9, we study the discounted conditional characteristic
function,

Uy(u,x,t,7)
T
= E(exp{—/ (no + Tr(nXS))ds} exp{Tr(quT)}LA,)
t
= exp{VO(r, ) — Tr(V(r, zu)X,)},

where t = T — t. The Feynman-Kac argument now yields, where we use ¥ =
Px(u,x,1,7),

ov
=LV - (no + Tr(nx))
= Tr((aaTa + bx + be)DlI/ + 2xDaTaDl1/)
— (no + Tr(yx)).
On the other hand,
ov d

_4 0 d
¥ = EV (T) — Tr(EV(‘E)x),
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which yields
d‘;or(f) — Tr(%V(t)x)
=Tr((eaa’ +bx +xb")D¥ +2xDa' aDV¥)
— (no + Tr(yx))
=Tr((ea"a+bx +xb" )(—V) +2xVa'aV)
— (no + Tr(nx)),
subject to the initial conditions
v00) =0, V(0) = —tu.

By identifying the coefficients of x, we obtain the matrix Riccati ODE satisfied by
V(r):

—iV(z) =-V@b->b"V@)+2V(t)a'aV(r) —y, (11.4.24)

dt
and
d‘;or( 2 - Tr(ea’a(=V(1))) = 0. (11.4.25)
From Eq. (11.4.24) we get
dZit) =V(@b+b"V(r) —2V(r)a'aV(1) +1. (11.4.26)

We now employ the linearization idea from Chap. 9, and set
V(@) =F(1)~'G(0),
where F(t) € GL(d) and G(t) € M. Now
d d d
—(F@V(@) - (E“”)V(” =F(0) V().
and substituting (11.4.26), we get

i(F(z)V(r)) — LRV =FOV(Db+ F0bV
dt dt

—2F(t)V(t)aaV(z) + F(0).

Matching coefficients, we obtain

dic(r> — G(0)b+F(o)n
H (11.4.27)

iF(r) =—F(@)b'" +2G(1)a'a,
drt

which can be written as

d b 2a'a
E[G(r) F(0)]=[G(x) F(r)][)7 —bT:|'
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The solution is obtained through exponentiation,
b 2a'a
[G(t) F(@)]=[G0) FO)]expit y b7
[V(O) P ] b 2a'a
= X T
d p n _bT
=[(VOOA1(1) + A21(D)) (VO A12(7) + An(D)],
where we use the notation
An(r) Anp() b 2a'a
=expirt -
A2 (7) An(T) n —b
for the matrix exponential. Hence
V(1) = [V0) A12(0) + Ana(D)] " [VO) A11(2) + A2 (7)]
=[—1uAn() + Azz(f)]_l[—luAll(T) + A21 ()],
since V(0) = —iu. As usual, a direct integration allows us to compute
d
e VO(2) = ~Tr(ea"aV(z)) — no, (11.4.28)
T
which implies that
T
Vo) = —/ Tr((xaTaV(s)) ds —not. (11.4.29)
0

Performing the integration in (11.4.29) can be cumbersome, hence we employ the
following technique from Da Fonseca et al. (2008c). Equation (11.4.27) can be

rewritten as

1/d _
§<EF(I)+F(t)bT>(aT ) =G

and from
V(@) =F ' (0)G(@),
we obtain
(4 @)
F(o)V(r) = > (dt F(r)+F()b )(a a) ,
which is equivalent to
1/ _ d -
VD) =5 (F 1(1)EF(I) + bT) (a"a)”,

which we substitute into (11.4.28) to obtain,
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d 1 d —1
—Vo%t)=-TrlaaTa=F'(1)—F b" )(aT -
e (1) r(aa a3 < (r)dr (r) + (a'a) 10

_ % (1 L T\ _
= 2Tr<F (r)drF(r)er) 1o,

which gives
Vo(r) = —%Tr(log(F(r)) + th) —noT.

We conclude that the solution can be explicitly represented in terms of blocks of a
matrix exponential. Before discussing this solution further, we present a competing
method from Gnoatto and Grasselli (2011) and conclude this section with a com-
parison.

11.4.2 Cameron-Martin Formula

In this subsection, we present an alternative derivation of the Laplace transform.
The result is presented in Gnoatto and Grasselli (2011), and it generalizes a result
from Bru (1991), namely Eq. (4.7) in Bru (1991). We first state the result and then
compare it with the one from the preceding subsection.

Theorem 11.4.1 Let X € WIS; (X, «, b, a), assume that a € GL(d),
bT(aTa)_1 =(a’ )_1b,

let « > d + 1, and define the set of convergence of the Laplace transform

t
D, = {w,veSd: E(exp{—Tr(th—i—/ vX,,du)}) <oo}.
0

Then for all w, v € D, the joint moment generating function of the process and its
integral is given by:

£ (exp|-1r(wx + [ X, )

= det(exp{—bt}(cosh(v/1) + sinh(vT1)k)) ?
—1 [Fp(nTy—1 T \—1
X exp{Tr((u \/;l;(a ) — (a 112) b)Xg)},

where the matrices k, v, W are given by

k = —(v/3 cosh(v/t) + @ sinh(v31)) ™' (v/B sinh(v/31) + @ cosh(v/31)),
V= a(2v +bTa! (aT)_lb)aT,
w=a2w—(a’ )_lb)aT.
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The proof of Theorem 11.4.1 can be found in Gnoatto and Grasselli (2011), it
consists of three parts. The first establishes the result for WIS;(Xo, @, 0, I 4), and
consequently the conclusion of the first part is extended to WIS;(Xo, «, 0, a). The
final part establishes the result for WIS, (X, «, b, a). Here, we present the first two
parts of the proof, for the third part, we refer the reader to Gnoatto and Grasselli
(2011). Before proceeding with the proof, we recall two results from Bru (1991).
The next result is Proposition 2 in Bru (1991).

Lemma 11.4.2 If & : i+ — g is continuous, constant on [t, o0) and such that

its right derivative (in the distribution sense) ®' : R+ — S, is continuous, with
®(0) =14, and ®'(t) =0, then for every Wishart process X € WIS;(x,a,0,1%),

we have
t
E(exp{—lTr(/ ¢”(s)¢_l(s)Xsds>}>
2 0

o

1
= (det ®(1))> exp{ETr(quﬁ(O))},
where
&1 (0)=1lim®'(r).
N\
Also, we recall Theorem 3 from Bru (1991), see also Proposition 11.3.2.

L_emma 11.4.3 Let X be a WIS;(Xo, @, 0, I 4) process, where o« >d + 1, and u €
Sj, then

4

E(exp{—Tr(uX,)}) = (det(Id + 2tu)) 2 exp{—Tr(X()(Id + 2tu)_1u)}.

We now establish the result from Theorem 11.4.1 fora WIS, (x, «, 0, I ;) process,
which is Proposition 2 in Gnoatto and Grasselli (2011).

Proposition 11.4.4 Let ¥ € WIS (x,®,0, 1), then

t(on] (o, + [[m.0)))

3

1
= det(cosh(+/v1) + sinh(v/v1)k) 2 exp{ ETr(Zoﬁk) },
where k is given by

k = —(v/vcosh(v/vt) + wsinh(v/v1)) ' (v sinh(v/v1) 4+ w cosh(v/1)).
(11.4.30)

Proof By Lemma 11.4.2, we have to solve the ODE:
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" (s)=vd(s), se(0,1),
di/_(t) =—-wd (1), (11.4.31)
P0)=1,.
The general solution of (11.4.31) is given by
@ (s) = cosh(/vs)k| + sinh(y/vs)k.

From the condition @ (0) = I 4, we get k1 = I ;. In order to determine k, we look at
the boundary condition at @ ~ () and hence obtain

Vv sinh(v/v1) + /v cosh(v/v1)k = —w(cosh(y/vr) + sinh(y/v1)k).

This yields the value of k given in Eq. (11.4.30). Next, we compute the derivative
of @,

@' (5) = /vsinh(y/vs) + /v cosh(y/vs)k,
which yields
lim @' (s) = /vk.
sN\O0

Since @ is constant on [, c0), we obtain that @ (co0) = @ (¢), which completes the
proof. g

Now we attend to the second part.

Corollar_y 11.4.5 Let X € WISy (x,a, 0, a), where o > d + 1 and a € GL(d), and
letu e S;'. Then
E(exp{—Tr(uX))})
= (det(I4 + 2taTau))_% exp{—Tr(u(Is+ 2taTau)_1x)}.
Proof Firstly, we note that since a € GL(d), a'a €S, and since u € 5, we

have that I; + 2ta'au € Sj. Furthermore, as demonstrated in Sect. 11.2, for
Y eWIS;(x,a,0,1,;), we can set

Xl‘ =aT2,a, IZO
to obtain

dX, =X, dW,a+a dW X, +aa adr,

where dW, = «/Y,_l QT«/Z,th is a Brownian motion, and W denotes the
Brownian motion driving X'. We apply Lemma 11.4.3 and use the fact that ¥ =
(aT)’lXoa’1 to obtain
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E(exp{—Tr(uX,)}) = E(exp{—Tr(u(aTZ}a )})
= (det(I14 + 2tauaT))_%
X exp{—Tr((aT)leoa*1 (Is+ 2tauaT)71auaT)}
= (det(I4 + 2tauaT))7%
X exp{—Tr(Xoa_1 (Iq+ 2tauaT)_lau) ).
We now use Sylvester’s determinant theorem,
det(lg+ AB) =det(I; + BA),
to obtain
det(Id + 2tauaT) = det(Id + 2taTau).
Since
a’! (Id + 2[auaT)_1au = u(Id + 2taTau)_1,
we compute
E(exp{-Tr(uX,)})
= (det(I4 +2ta"au))”
= (det(I4 +2ta"au))”

IR

exp{—Tr(Xou(I4+ ZtaTau)_l)}
exp{—Tr(u(I4 +2taTau)_1X0)}. 0

IR

We remark that Corollary 11.4.5 is a special case of Proposition 11.3.2. The third
step, where one incorporates the drift in Eq. (11.4.23), is completed by employing
the Girsanov theorem, we refer the reader to Gnoatto and Grasselli (2011).

11.4.3 A Comparison of the Two Approaches

In this subsection, we recall the discussion in Sect. 3.4 of Gnoatto and Grasselli
(2011), which compares the linearization approach to the Cameron-Martin formula.
First, in terms of precision and execution speed, the two methods produce identical
results. However, the disadvantage of the linearization method is that the functions
F(7) and G(7) are expressed in terms of matrix exponentials, and the matrix ex-
ponential depends on the parameters @ and b of the Wishart process. Furthermore,
to obtain the function V°(z), one multiplies the remaining parameter « by the log-
arithm of F(t), and F () depends on the matrix exponential. As the matrix expo-
nential is a symbolic expression, it means that the linearization method might be
less useful if we want to understand the implications of the various model param-
eters, which is particularly important in applications. The result in Theorem 11.4.1
is strictly explicit, and furthermore it involves exponentials of d x d matrices, as
opposed to the linearization method, which doubles the dimensionality of the prob-
lem, resulting in a 2d x 2d matrix. Also, the Cameron-Martin formula does not
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require the computation of the matrix logarithm. Finally, with regards to the com-
putation of sensitivities, which play an important role in finance, we can expect the
Cameron-Martin formula to be more useful.

11.5 Two Heston Multifactor Volatility Models

In this section, we discuss two Heston multifactor volatility models, firstly a single-
asset and secondly a multi-asset model, which were presented in Da Fonseca et al.
(2007) and Da Fonseca et al. (2008c¢), respectively. The aim of this section is to
illustrate how to exploit the tractability of the Wishart process. For each of the
two models, we firstly discuss how to correlate the Brownian motion driving the
asset, or assets respectively, and the Brownian motion driving the Wishart pro-
cess, to retain the affinity of the model. Finally, we find that once we have an
explicit representation of the infinitesimal generator, we can immediately employ
the approach from Sect. 11.4 to compute the characteristic function. We remark
that we employ linearization, as it follows easily from the presentation. However,
instead the Cameron-Martin formula could have been used, see Gnoatto and Gras-
selli (2011), where the two models were studied using the Cameron-Martin for-
mula.

11.5.1 A Single Asset Heston Multifactor Volatility Model

In this subsection, we present a single-asset model, in which we describe the
stochastic volatility via a Wishart process. This model can be considered to be the
natural extension of the Heston model, as discussed in Sect. 9.5. Following Da Fon-
seca et al. (2008c), we model the risky asset under an assumed risk-neutral measure
via the SDE,

t

ds,
? =rdt + Tr(\/ XI dZ[), (11532)

t

where r denotes the risk-free interest rate which, for ease of presentation, is assumed
to be constant. The process Z = {Z;, t > 0} is a matrix-valued Brownian motion,
X ={X;, t>0}isa WIS;(x, «, b, @) process, given by

dX,=(ea'a+bX,+b'X,)dt + (VX dWia+a" dW//X;), (11.5.33)

where « >d — 1, b € My, and a € GL(d). Following Da Fonseca et al. (2008c), we
assume b € Sd_, to obtain the mean-reverting behavior of X. We now turn to the cor-
relation structure of the Brownian motions Z and W. In particular, Da Fonseca et al.
(2008c) introduce a correlation matrix R € M, to obtain the following correlation
structure,

Z,=W,R" +B,JI—RR", t>0, (11.5.34)
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where B = {B,, t > 0} is a Brownian motion independent of W. The next proposi-
tion establishes that Z is a Brownian motion.

Proposition 11.5.1 The process Z ={Z;, t > 0} defined in Eq. (11.5.34) is a Brow-
nian motion.

Proof We use Theorem 10.4.5 to obtain the proof. Clearly, the process Z is a local
martingale. Furthermore,

d d
dZ;j=> dWiixRjx+ Y dB (VI — RR"), ..

k=1 k=1

Hence we have

dlZ.ij, Z. kil

d
= (Z RjmRim+ (VI - RRT)m,j(\/I - RRT)m’l>1i:k dt

m=1
= Ij,llizk dt
=1;—1;- dt,

which completes the proof. g
The next result discusses the correlation structure of Z, and W,.

Proposition 11.5.2 The covariance of Z; and W, is given by
Cov(Z;, W) =tI; @ R. (11.5.35)

Proof From Definition 10.3.7, we have

Cov(Z;, W;) = E(vec(Z;r)vec(W;r)T) — E(vec(Z;l—))E(vec(W[T))T

= E(vec(RW;r)vec(W;r)T).

We find it convenient to denote the i-th row of W; by w;, and regarding the matrix
RW/, we denote its j-th column by r ;, so that

d

Yici RicWik
d

2 k=1 R Wik

rj=

d
i1 RaiWik
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Hence
m
E(vec(RW, yveecW) ) =E || : |[wi-- w4l
[riw; - riwg
=F
_rdW1 cee FgWy
tll,lR tll,dR
= : : (11.5.36)
tlgaR -+ ty 4R
=tl;® R.
To see equality (11.5.36), we consider an element of the matrix r;w,,, say the ele-
ment [r;w,,]; j, wherei, j,I,m € {1, ..., d}. This element admits the representation
d
Z RitWe ik Wemj.
k=1
Consequently,
d
0 forl #m
E RiiW: Wi i | =
(kZ:l i,k Wi,lk t,mj> { [R; forl = m. O

Hence, R, which is a d x d matrix, summarizes the covariance structure, which
is, in principle, a matrix of size d> x d”. We choose to summarize the covariance
structure by R, as it preserves the affine structure of the model, which is crucial for
analytical tractability.

We now turn to option pricing. It is convenient to work with the logarithm of the
stock price, i.e. Y; = log(S;), which satisfies the SDE

1 /
dYt:(V—5TT(X[)>dt+Tr(\/ft(thRT‘i_dBt Id_RRT))

As in Da Fonseca et al. (2008c), we work with the infinitesimal generator of the
process, which then allows us to employ linearization to compute the Laplace trans-
form. Alternatively, the Cameron-Martin formula could have been employed, we
refer the reader to Gnoatto and Grasselli (2011) for this approach. Recall that the
Laplace transform is given by

Wy (1) = E(exp{y Yi+<})
= exp{Tr(A(D)X;) + b(D)Y; + c(v)}, (11.5.37)

where y € i, A(t) € My, b(t) € R and c(r) € R. We use Ly to denote the in-
finitesimal generator of X, and Ly x to denote the infinitesimal generator of (Y, X).
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Recall from Lemma 11.3.5 that the infinitesimal generator of X is given by
Ly = Tr([aaTa +bx + be]D + 2xDaTaD),

where D is a matrix differential operator with D; ; = (%), and from Da Fonseca
L]
et al. (2008c), Proposition 3.1, we obtain the infinitesimal generator of (¥;, X;),
which is given by
L Ly )2 4 Lry &
=\r—=Trx) | —+ =Tr(x)—
rx 2 ay 2 dy2
+Tr((ea"a+bx +xb")D +2xDa’aD)
ad
+2Tr(xRQD)a—. (11.5.38)
y

Using the Feynman-Kac argument, we have

oY, 1
0t

= LY,XlI/)/,t
and

¥y,1(0) = exp{y Y:}.
Using Eq. (11.5.38), we obtain that

B 1 W 1 3w
YL (r = 2 Tr(x) | =2 + —Tr(x) — 22
ot 2 ay 2 0y?
+ Tr((aaTa +bx + be)DlIJ,,J
+2(xDa'aD)¥,,)
0w,
+ 2Tr(xRaD) ~,
at
subject to A(0) =0, b(0) = y, and ¢(0) = 0. From Eq. (11.5.37), we obtain that
0w, d d d
—=Tr[ —A —b — .
o r<dt (r)x> + (y+ P c(7)

Identifying the coefficients of y, we obtain
d
—b(t)=0,
e (7)

hence b(t) = y, for T > 0. The remaining part of the argument is identical to the lin-
earization procedure employed in Sect. 11.4. We obtain the following matrix Riccati
ODE satisfied by A(7),

%A(f) =A@b+ (b +2yRa)A(r) +24(r)a aA(r) + @u,

subject to the condition A(0) = 0. Again, we compute c(t) by direct integration,

j—fc(r) = Tr(aaTaA(r)) + yr,
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subject to ¢(0) = 0. As in Sect. 11.4, we double the dimension of the problem, by
setting

A =F ' (DG(),
where F(t) € GL(d), G(t) € M. Hence we conclude that

[G() FM]=[(AOA1(T) +A2(1)) (AD)A(T) +An(D))],

where
A(t) Ap(r) b —2a'a
=PI v T :
AZI(T) A22(T) VTId —(b +2)/Ra)

‘We conclude that

A(D) = (AOA (D) +An®) " (AO)AL(2) + A (1)
= (Azz(f))_lAzl (1),
since A(0) = 0. Lastly, we conclude that
c(r) = —%Tr(log(F(r)) + (" +2yRa)7) +yrr,

which, as in Sect. 11.4, avoids a numerical integration to compute c(7).

11.5.2 A Heston Multi-asset Multifactor Volatility Model

We now discuss Wishart processes in a multi-asset framework. The model presented
in this subsection first appeared in Da Fonseca et al. (2007) and extends the models
presented in Sect. 6.7. Under an assumed risk-neutral measure, we use the following
model for the vector of risky assets,

dS; = Diag(S;)(r1dt ++/ X, dZ,), (11.5.39)
where 1 =(1, ..., I)T, and Z={Z;,t >0} e R is a vector-valued Brownian mo-

tion. The process X = {X,, t > 0} is a WIS, (x, «, b, @) process with dynamics
dX,=(ca'a+bX,+X;b")dt + /X, dWia+a' dW] /X,

wherew >d—1,b € M  and a € GL(d). We now make the following assumptions,
cf. Da Fonseca et al. (2007):

Assumption 11.5.3 The following assumptions are in force in this subsection:

1. the continuous-time diffusion model for S is a linear-affine stochastic factor
model with respect to the log-returns and variance-covariance factors X. zs;

2. the stochastic covariance matrix is given by the Wishart process X;

3. the Brownian motion driving the assets’ returns and those driving the instanta-
neous covariance matrix are linearly correlated.

Now we discuss how the Brownian motions Z = {Z;, t > 0} and W = {W,,
t > 0} can be correlated in order to satisfy Assumptions 1-3 above.
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First we introduce d real-valued matrices Ry € My, k=1, ...,d, so that
dzf =\/1 —Tr(RcR])dBf + Tr(RcdW/), k=1,....d,
where the vector Brownian motion B = (B!, ..., Bd) is independent of W. We

point out that for a generic choice of Ry the model in Eq. (11.5.39) need not remain
affine. Instead, we show the following result from Da Fonseca et al. (2007), which
explains how the Brownian motions can be correlated. For a proof, we refer to Da
Fonseca et al. (2007).

Proposition 11.5.4 Assumptions 1 and 2 imply that for k =1, ...,d, the correla-
tion matrix Ry is given by

0O 0 O
Ri=|p - pg | < kthrow, (11.5.40)
0O 0 O

where p; € [—1,1],i = 1,...,dandep§ 1.

Equation (11.5.40) implies that the Brownian motion driving the asset vector has

to satisfy
dZ,=\/1—pTpdB; +dW;p.

In particular, for d = 2, this means that

dZ;1=\/1—(p} + p3)dBi1 + (dWi 11 p1 +d Wi 12 p2)

dZip=1/1=(p} 4+ p3)dB: 2+ (dW; 2101 +dW; 22 p2).

So all elements of the correlation vector p = (p1, p2) feature in both Brownian
motions, Z; and Z5.

We now turn to derivative pricing. Recall from Lemma 11.3.5 that the infinitesi-
mal generator of the Wishart process X is given by

Lx =Tr([ea"a+bx +xb'|D +2xDa'aD),
and furthermore, the infinitesimal generator of the asset returns, Y; = log(S;), is

given by

1 1
Ly =V, (;»1 - EVec(xi,')> + EVyxvyT

d d 2
1 ) 0 1 0
S () AN N
i=1( 2 0y 21.’].=1 0y 8)’]
where V, denotes the gradient operator, Vy, = (8‘%, R %). Lastly, from Proposi-

tion 4 in Da Fonseca et al. (2007), we have
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Ly x =Tr((eda"a+bx +xb")D +2xDa'aD)
1 1 T
+Vylrl— EVec(xi,-) + EVyxVy

+2Tr(Da’ pVyx),

where D is a matrix differential operator with elements

L] — ax%j ’

and Vec(x;;) is the vector comprised of the elements x;;,i =1, ..., d. We now attend
to the computation of the affine transform of the log-returns under the assumed risk-
neutral measure,

W, = E(exp{(y, Yi+c) I A).
As before, we apply the Feynman-Kac argument,

oWy ¢
ot
We guess that ¥y, ; is exponentially affine in X, and Y, so we assume that

=Ly x¥,.,. (11.5.41)

W, =exp{Tr(A(X) + BT (DY, +c(v)}, (11.5.42)
where A (1) € My, B(r) € R?, and c(t) € N. From Eq. (11.5.41), we compute

v, .,

5= Tr((wa"a+bx +xb")D +2xDa"aD)¥, ,

1
+Vy <r1 — EVec(Tr(e,‘ix)))llfy,t

1 T
+§Vyxvy lp)’,t

+ 2Tr(DanVyx)lI/y,,,

0y
at

where e;; = (8, j k) jk=1,..4 denotes the canonical basis of M,. Replacing
we get

B d d d
0= —Tr(EA(r)x) - Eﬂ (D)y — d—rc(r)
+ ﬂT(r)<r1 — %Vec(Trwi,-x))) + %ﬂT(t)xﬂ(r)

+ Tr((aaTa + bx + be)A(‘L’) + 2xA(r)aTaA(r))

+2Tr(A(m)a’ pBT ()x),
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that is

_ (L 9 iy =2
0= Tr(th(r)x+8Tﬂ(r)y) BTC(T)

T Tr(rl/ﬂ(r) -3 éﬂi (t)eiix + %ﬁ(r)ﬁT(r)x>
+Tr((ea"a+bx +xb")A(z) + 2xA(v)a " aA(z) + 2A(x)a pB' (T)x),
subject to the boundary conditions
A0)=0, BO) =y, c(0)=0.

Identifying the coefficients of y we deduce

d
el =0,
drﬁ(ﬂ
hence B(t) = y, for T > 0. As in Sect. 11.4, by identifying the coefficients of X,
we obtain the matrix Riccati ODE satisfied by A(7),
1 1
A(T)=A()b+b"A(x) — 3 Y viei +2A(m)a’aA(r) + E””T
i=1
+AM@a'py" +yp aA()
=A@ (b+apy")+ (b +yp a)A(r) +2A(1)a aA(r)

1 1
3 Z}’ieii + EV)’T,

d
dt

=

subject to A(t) = 0. Doubling the dimension of the problem, as in Sect. 11.4, we
obtain

A7) = (A(0)A12(0) + Azz(f))_l(A(O)An(f) + A21(1)),
where
An(r) Anp(r) | b+a'py’ —2a'a
[Am) Azz(f):| T {t (%mﬁ — Y yien) —B +ypTa>) }
For the function ¢(7), we have

d
d—c(r) = Tr(rlyT + aaTaA(r)),
T
subject to the initial condition ¢(0) = 0. We can solve the above equation to yield
o
c(r) = —ETr(log(Azg(r)) +1b" + ty,oTa) + ‘C}’}ITI.

Consequently, we price derivatives as discussed in Chap. 8.



Chapter 12
Monte Carlo and Quasi-Monte Carlo Methods

In this chapter, we discuss Monte Carlo and Quasi-Monte Carlo methods and show
how they can be used to compute functionals of multidimensional diffusions.

12.1 Monte Carlo Methods

Monte Carlo (MC) methods can be employed to compute functionals of multidimen-
sional diffusions, e.g. by using the inverse transform method, see e.g. Sect. 6.1 and
Platen and Bruti-Liberati (2010), if the transition density is known explicitly. How-
ever, when the transition density is not known explicitly, one can employ discretiza-
tion schemes, such as the Euler Scheme, see Kloeden and Platen (1999), to approx-
imately sample from the transition density. The discretization scheme introduces an
error, which can be studied using the techniques in Kloeden and Platen (1999). The
aim of this section is to introduce two alternatives to discretization schemes, which
allow us to eliminate the discretization error introduced by discretization schemes
and to recover the Monte Carlo convergence rate. These alternatives are the exact
simulation methods, due to Roberts and collaborators, see Beskos et al. (2006, 2008,
2009), Beskos and Roberts (2005), and also Chen and Huang (2012b), and multi-
level methods due to Giles and coauthors, see Giles (2008a, 2008b).

We firstly provide a very brief introduction to Monte Carlo methods and then
briefly illustrate the Euler discretization scheme, which motivates the exact sim-
ulation and multilevel methods. For detailed references on Monte Carlo methods
applied to finance, we refer the reader to Kloeden and Platen (1999), Glasser-
man (2004), Jickel (2002), Platen and Bruti-Liberati (2010), and Korn et al.
(2010).

J. Baldeaux, E. Platen, Functionals of Multidimensional Diffusions with Applications 299
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© Springer International Publishing Switzerland 2013
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12.1.1 Monte Carlo Methods

Monte Carlo methods are easily illustrated by considering the problem of estimating
the integral

1
a:/ f(x)dx.
0

This integral can be interpreted as the expected value

E(fU)).
where U is uniformly distributed over the interval [0, 1], assuming that f is inte-
grable. Now consider the i.i.d. random variables U!, U?, ..., UV, uniformly dis-

tributed over [0, 1], then
1Y
aN =+ ; S Wi,
can be used to approximate a. In fact, since by assumption f is integrable, we have
that a is unbiased, i.e.
E(an)=a,
and furthermore strongly consistent, that is,
ay — a
with probability 1 as n — oco. Assuming f is square integrable, the variance of ay
is given by
Var(&zv)=a—"%, (12.1.1)
N

where

1
GJ%Z/O (f(x)—a)zds.

One would expect that it is at least as hard to compute o]% as it is to compute a,

hence for applications it is useful to be able to approximate 6]%. For this purpose, we
introduce the sample standard deviation

N
o | Ly U= ay)>
TmyNE T N1
The sample standard deviation allows us to compute confidence intervals. For ex-
ample let z. denote the 1 — € quantile of the standard normal distribution, by which
we mean that

P(Z<z)=1—¢,
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where Z ~ N (0, 1). Then

- sy
an 25— (12.1.2)

is a 1 — € confidence interval for a, as N — oo. This is due to the fact that as
N — o0,

i N(O ° )
ay —ar~ ,—= .
VN
We remark that at first sight, the convergence rate N ~2in Eq. (12.1.2) might strike
the reader as being slow: for twice differentiable functions, the trapezoidal rule
achieves a convergence rate of N =2 and for four times differentiable functions,

the Simpson’s rule achieves a convergence rate of N ~*. However, we remark that
for multidimensional integrals, say over the unit cube [0, 1]d , the respective con-
vergence rates become N =7 and N~7. One should point out that sparse grid tech-
niques, see Bungartz and Griebel (2004), allow one to obtain convergence rates ar-
bitrarily close to the convergence rates N ~2 and N ~#, respectively. For more details
on sparse grids, we refer the reader to Bungartz and Griebel (2004).

The advantage of Monte Carlo methods is that one only requires the function
under consideration to be square integrable, and secondly that the convergence rate
is independent of the dimension. These two facts make Monte Carlo methods very
useful techniques for the computation of functionals of multidimensional diffusions.
Lastly, another advantage of Monte Carlo methods is that they allow the user to
obtain statistical information on the problem via confidence intervals.

12.1.2 Bias and Computational Complexity

The aim of this subsection is to introduce two concepts, namely bias and computa-
tional complexity. To illustrate these two concepts, we discuss how to price Euro-
pean call options.

Firstly, we recall the Black-Scholes model from Sect. 2.3. Under the real world
probability measure P, we model the GOP via the SDE

dS; = S,(rdt +o?dt + o dW,),

where W is a Brownian motion under the real world measure. Alternatively,
1 2
S = Soexp| rt + EO’ t+oW; |,
hence we need to compute

_ +
M) (12.13)

0)=SoE
cr,k (0) = So ( S7
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to price a European call with maturity 7" and strike K € R at time 0. We need to
sample Wr, to obtain i.i.d. samples S’T, i=1,...,N.Since Wpr ~ N(0,T), we can
obtain realizations
. (Sl _ K)+
¢ (0) = Sy————,
St

to obtain the estimator
1N
re0) ==Y ¢ (0).
7.% (0) N,-_Zl bk (0)

As discussed previously, the estimator is unbiased, and we can easily obtain confi-
dence intervals.

However, such a simulation scheme is not always available. Say, we consider the
SDE,

dS; = Si(rdt +o*(S)dt + 0o (S)dW,), (12.1.4)

for which there is not necessarily an exact simulation scheme as was the case for the
Black-Scholes model. One may then consider a discretization scheme, such as the
Euler scheme, i.e. consider

Sivar=Si(rAt +0*(S) At +0(S)HAW,), (12.1.5)

where At = % corresponds to the time step size of an n step Euler scheme, AW; =

Wiiar — Wy, and S‘o = So, where we use the notation S to emphasize that we are
approximating S. As the distribution of S7 differs from the distribution of Sz, the
resulting call prices can be expected to differ, i.e.

E((Sr jK)JF) 7éE<(ST —K)+>'
ST ST

It is important to study by how much these prices differ. Useful notions are strong
order of convergence, which is the exponent « below, if

(E(18r — 571%))? <c(A)?,

and weak order of convergence, which is the exponent 8 below if for a smooth test
function f from a given set one has

|E(f(S)) — E(f(SD)| < c(AnP,

see Kloeden and Platen (1999) for details. For purposes of this discussion, it suffices
to note that the Euler scheme achieves usually strong order @ = 1/2 and weak order
B =1, for a sufficiently smooth volatility function o (-) in (12.1.4). Strong conver-
gence is a useful concept when measuring pathwise convergence. Weak convergence
is appropriate for Monte Carlo simulation to approximate functionals.

In Monte Carlo simulation we face two errors, one introduced by sampling ran-
dom variables, the other due to the fact that we may sample from an approximated
distribution. Next we present a way of trading off these two errors. This approach
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will also be used in the subsection discussing multilevel methods. We draw random
i.i.d. samples from the distribution of St using (12.1.5) to obtain S%.,i =1,..., N,
and form the Monte Carlo estimator

N
A~ ~i
CN_NZC,
i=1
where
iy St —K)T
Cl_S( = ) ,
St
to estimate
Sr— K)*
CT,K(O)ZSOE<u>7
St

where St is given by (12.1.4). We define the mean square error (MSE), given by
A 2
MSE = E((Cy —c1,5(0))")
A 2 A A W2
=(E(CN) —c1,k(0)"+ E((Cy — E(CN))"). (12.1.6)

The first term in (12.1.6) is the bias squared, the second term is the variance of éN.
Next we discuss how to trade off bias and variance. The bias depends on the weak
order of convergence of a scheme, which we assume is given by g, i.e.

A 2
(ECN) =1k 0)” = c*(an.
Here Ar = % where n denotes the number of time steps. The variance is given by

A ~ 2y Var(ChH
E((Cy —E(CW)) = —F—
here N denotes the number of Monte Carlo samples. The computational complexity

of the scheme can be assumed to be given by

C = Nn,
since we use 7 time steps for each of the N Monte Carlo samples. The MSE is given
by
2 T* Var(CY)

MSE =c T N

The MSE is minimized if we balance n%? and N, i.e. choose
nf =N ,
i.e. C < n?P+!1 Hence the MSE satisfies

_28
MSE < C 2F+T,
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In particular, if an Euler scheme, which achieves weak order convergence 8 = 1, is
used, we have

MSE = C~3.

This convergence rate is slower than the convergence rate C~!, which an unbiased
Monte Carlo scheme can achieve. The slower convergence is due to the discretiza-
tion error, i.e. the bias. In the next two subsections, we introduce firstly an exact
simulation scheme for diffusions, which is capable of eliminating this bias for a
large class of diffusions. In the second subsection, we introduce multilevel meth-

. . . . . _2
ods. The latter methods trade off bias and variance in a manner in which the C3
convergence rate can be improved to C~!, i.e. the Monte Carlo convergence rate
achieved by unbiased schemes.

12.1.3 Exact Simulation Methods for Diffusions

There has been a growing literature concerned with the topic of exact simulation of
diffusions, see e.g. Beskos et al. (2006, 2008, 2009), Beskos and Roberts (2005),
and Chen and Huang (2012a, 2012b).

In this subsection, we briefly recall the approach from Chen and Huang (2012a).
Assume we are concerned with the following SDE on a filtered probability space

(2, A, A, P):
dS; = u(S) di + o (S,)dW,, (12.1.7)

So = s, and also define M7 := maxo<;<r S;. We point out that instead of con-
sidering the maximum of S, we could have also studied the minimum mr :=
ming<;<r S;. For many problems in finance, see Chaps. 2 and 3, one needs to com-
pute expected values of the form

E(f(Mr, St)). (12.1.8)

In this subsection, we present a Monte Carlo estimator for (12.1.8), which allows
for general SDEs of the form specified in (12.1.7). We remark that we could have
employed an Euler scheme to compute (12.1.8). However, this introduces a bias, and
furthermore, the bias tends to be larger when approximating M7 than when approx-
imating S7, see Asmussen et al. (1995) for details. We assume that the function u
is continuously differentiable, o is twice differentiable and o > 0 on the state space
of S. Now, we introduce the Lamperti transform,

F(x)= /x o(lu) du,

where s is in the state space of S. We remark that F is strictly increasing as o is
positive. Setting Y; = F(S;), we obtain by the Itd formula

dY, = b(Y,)dt +dW,, (12.1.9)
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where

_rEe) 1

o(F~1(y)) 2
For the remainder of this subsection, we focus on Y given by (12.1.9). We note that
due to the monotonicity of F, we simulate Y7 and maxo<;<7 Y and, consequently,
set S = F~1(Y7) and My = F_l(maxogtfr Y;). Furthermore, we assume that Y
does not explode, see Assumption 2.2. in Chen and Huang (2012a) for a sufficient
condition.

The exact simulation scheme in Chen and Huang (2012a) performs importance
sampling: the joint density of (Y7, maxo<;<r Y;) is not known, in general, however,
we know the joint density of (Wr, maxo<;<7 W;), as we show below. So instead
of simulating (Y7, maxo<;<7 Y;), we simulate (Wr, maxo<;<r W;), and adjust our
results by multiplying with a likelihood ratio. This likelihood ratio corresponds to a
Radon-Nikodym derivative: we change from a measure P under which Y is given
by (12.1.9) to another measure P under which the drift is removed from Y,sothatY
follows a Brownian motion corresponding to the measure P. This is formalized in
the next theorem, which is Theorem 2.1 from Chen and Huang (2012a), the proof of
which is based on a generalized Girsanov formula. For a proof, we refer the reader
to Chen and Huang (2012a).

b(y) o' (F~'().

Theorem 12.1.1 Suppose that u is continuously differentiable, o is twice continu-
ously differentiable, and o > 0 on the state space of S. Furthermore, assume that Y
does not explode. Then for Borel-measurable h : > — R,

Ep(h(YT, max Yt>) =E15(h(WT, max W;)LT),
0<t<T 0<t<T

where the likelihood ratio Lt is given by
T
L= eXP{A(WT) - / ¢(Ws)dS},
0
where W = {W,, t € [0, T} is a Brownian motion under P and

y b2 b
A(y)=f0 b(u)du and gb(y):w.

Theorem 12.1.1 yields the following equality
Ep(f(Sr. Mp) = Ep(f(F~'(vp), F~'( max ¥,)))

0<t<T
=Es(f(F'(Wr), FTY(Kr))exp{A(WT)} ),

T
Q=Eﬁ<e><p{—/ ¢(Ws)ds}
0

with O = inf{u € [0, T]: Wu = 1%7}. Computing E(f (ST, Mt)) we hence pro-
ceed as follows:

where

éT,I%T,WT>, (12.1.10)
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1. simulate @T, IET, WT
2. evaluate

T
exp{A(WT)}E,;(exp{—/O d)(WS)ds}

3. evaluate f(F~'(Wr), F-Y(K71)).

Since the last step is trivial, we focus on the first two steps.

As shown in Chen and Huang (2012a), the joint distribution of (&7, K1, Wr)
is explicitly known, see Karatzas and Shreve (1991), Problem 2.8.17: we generate
three i.i.d. random variables Uy, U;, U3, uniformly distributed on [0, 1] and set

Or =Tsin’(7U/2)

Kr = \/—2éT log(1—V)

. - - Wr
Wr=Kgr—,/2(T —® —1 — .
T T \/ ( T)( Og(T—@T))

We now focus on the second step, where one exploits an interesting connection
with a Poisson process, see also Beskos et al. (2006) for a similar observation. The
following result is Proposition 3.1 in Chen and Huang (2012a), for which we provide
also the proof.

Proposition 12.1.2 Suppose N is a Poisson random variable with parameter AT
under P, where A is a positive constant, and {ty, ..., rﬂ,} are N i.i.d. uniform ran-

dom variables on [0, T1. All these random variables are independent of W. Then

T
E; <exp{—/ ¢(Wx)ds}
0

u([1(*=5)

i=1

Proof We condition on the entire path of W= {Wt, t € [0, T]} and have
N -
A—p(Wy)
E; ( I1 (7/1

i=1
l—[<A - ¢(Wr,')> ‘ O'(Wt, L e[0.T]. N =n)> exp{—AT}(AT)".

oo
n=0 i=1 "

Since by assumption the random variables 7; are uniformly distributed on [0, T'], we
have

o (W, t €0, T]))
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Algorithm 12.1 Exact simulation of a diffusion Y given by (12.1.9)

1: Simulate N ~ Poisson (AT).
2: Generate independent t;, 1 <i < N, each of which is uniform on [0, T'].
3: Sort {1y, ..., rA~,} to obtain their order statistics:

T < <T-D <(:)T<T(j) <. <T(N)-

4: Simulate W,(I.), 1<i< ](7, given WT, @T, kT.

5: Evaluate
. ﬁ(A - ¢(WT(;))>
= — )
i=1

A— ¢(Wr,)>‘

(]_[ 0(W,,0§t§T),1\7:n>

() (A=3m)ay

N

f(f(2522) o0}
=1

S pWn) | \"exp(=ATHAT)"
(7[5 )

n!
:exp{—/o ¢>(Wl)dt}.

The proof is completed by taking expectations with respect to Wr, Kz, Or. 0

~N| - /-\

Hence we have

We now state the respective exact simulation algorithm as Algorithm 12.1.
Clearly, we have

Es(f(F~'(Wr), F~'(K1)) exp{ A(Wr)} Q) = E,(f (St, M7)).

Lastly, we need to solve the problem of how to simulate WT() given WT, K T, OT
The answer is given by the Williams path decomposition, see Williams (1974)
and Imhof (1984). Denoting Or =0, Kr =k, and Wy = w, we have that

{k=Wo—u, 0<u<6} and {k—Woyy, 0<u<T —6}

are two independent Brownian meanders, which are connected at @T =6, where
the Brownian motion W reaches its maximum over [0, 7']. Brownian meanders can
be represented in terms of Brownian bridges, see Imhof (1984). We have that



308 12 Monte Carlo and Quasi-Monte Carlo Methods

. d kO —uw) 11\’ 1,2\2 1,3\2
(Wa, Osu<0ySk— (=5 —+B" ) +(B7) +(B)

2
(Wu 6<u<T)Lk— \/<—(k — w0 Bﬁ") + (B2 + (Bi7)%.

T-0
Here B!/ = {Btl’j, 0<t<@6}, j=1,...,3, are three independent Brownian mo-
tions from O to O over [0, 6], and BZ%J = {Blz’], 0<t<T}, j=1,...,3, are three

independent Brownian motions from 0 to 0 over [0, T'], both under P. Hence we see
that simulating WT( 0 1<i< N , amounts to simulating Brownian bridges, which is
described e.g. in Glasserman (2004).

We remark that it is also shown in Chen and Huang (2012a) how to sample func-
tionals f(St, Mr,mr), recalling that m7 = ming<;<7 S;, see Sect. 4 in Chen and
Huang (2012a). Finally, variance reduction techniques tailored to the exact simula-
tion scheme are also discussed in Sect. 5.1 in Chen and Huang (2012a).

We conclude that this importance sampling technique is a useful tool allowing
us to obtain unbiased estimators of diffusions and their extremal values, which are
important functionals in finance. As these estimators are unbiased, they achieve the
Monte Carlo convergence rate.

12.1.4 Multilevel Methods

We note that exact simulation methods eliminate bias, and consequently achieve
the Monte Carlo convergence rate. Multilevel methods are markedly different, they
show how to trade off bias and variance in a way so that the Monte Carlo conver-
gence rate can be recovered. These methods were introduced by Heinrich in the
context of parametric integration, see Heinrich (1998), Heinrich and Sindambiwe
(1999), and by Giles in the context of simulating SDEs, see Giles (2008b), and
Giles (2008a). The idea behind the multilevel method is to consider discretization
schemes, such as the Euler scheme discussed in the preceding subsection, with dif-
ferent step sizes. Recall that above, we used the time step size Ar = %, now we
choose

T
Af = s
n
where [ =0, ..., L. Furthermore, for a stock price given by

dS; =a(S;)dt +b(S;)dW;,

where W denotes a scalar Brownian motion, we assume that we are interested in
computing the functional

E(f(S1)).

Denoting f(S7) by F, we use 5‘1 and I:"l to denote the approximations to St and F,
respectively, obtained by using a discretization scheme with time step size Ag. It is
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useful to introduce for L € {1, 2, ...} the following telescoping sum,

L
E(Fp)=E(Fo)+ ) E(Fi— Fi-1). (12.1.11)

I=1
The multilevel algorithm approximates each expectation on the right hand side of
(12.1.11) in a way that minimizes the overall computational complexity. We need to
introduce some further notation: we use Yo as an estimator for £ (Fo) using Ny inde-
pendent samples and Yl as an estimator for £ (Fz Fl,l) based on N; independent

samples. In particular, we set for/ € {0, 1, ..., L}
N
Yi=N! Z(F; ~F), (12.1.12)

where {Fl Fl’ 1} _, are assumed to be i.i.d and we set F! ' =0. We now discuss
how to obtain realizations of Fl’ Fl’_l. the key point is that for fixed / and i,
the same Brownian path is used to construct 1:7 and F, li—l' In Giles (2008b), it is
suggested to first construct the Brownian increments to obtain F, [i and then to sum
them in groups of size n to obtain the Brownian increments used to construct F}_.
For the same fixed /, we repeat this procedure to obtain the i.i.d. samples {F[i -
I:“l"_1 };V:’ |- For a different level /, we again proceed by first constructing the Brownian
increments for the fine path ﬁli and then summing the increments in groups of size
n to compute the realization of the coarse path F;_,. Hence for a fixed level /, the
realizations {F Ii — 17"1’;1 }ZNZZ] are independent of each other, but for a fixed i, I:"li and
1:7_ | are obtained using the same Brownian path. The latter property allows us to

apply strong convergence results when analyzing the variance of (F li - I:“Ii_ 1) as
shown below. Finally, we remark that for different levels /; and /5, the estimators
Y}, and Y}, are independent of each other as independent Brownian paths are used

for the construction. By the independence of {1:"15 - 1:";;1}?/:’1 forl €{0,..., L}, we
obtain

Var(¥)) = N, Var(F; — Fi_1) = N, 'V,

i.e.wesetV; = Var(I:} — E_l). The combined estimator is now given by the formula

L
Yy=>» v, (12.1.13)
=0
and its variance by
L L
Var(Y) = ZVar(?,) = ZN,‘I v, (12.1.14)
=0 =0

by the independence of 170, Y Tyevns Y, 1. If we treat the N; as continuous variables,

the variance of ¥ will be minimized by choosing N; to be proportional to v/V; Az,
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The idea of the multilevel method can now be summarized as follows: for the
coarse level, i.e. those for which Az is large and hence those for which the com-
putational cost is low, one performs a large number of simulations to reduce the
overall variance. On the other hand, for the fine levels, i.e. those for which A is
small and hence those for which the computational cost is high, one only performs
few simulations. As the bias associated with the estimator ¥ in (12.1.13) is given by

|E(Y) — E(F)| = |E(FL) — E(F)

bl

one may conclude that on the coarse levels, one reduces the variance, but on the fine
levels one reduces the bias. To estimate the bias, as demonstrated in the preceding
subsection, one requires a weak convergence result. However, to bound the variance
Vi, one can employ a strong convergence result. We note that

Vi =Var(F; — Fi_1) < (Var(Fy — F)'/* + Var(Fy_y — F)'/?)*.
Now,
Var(F; — F) < E((Fy — F)?). (12.1.15)
If we have a strong convergence result for the right-hand side in (12.1.15), such as
strong order % for an Euler scheme,
E((Fi — F)’) = 0(An),

we have that V; behaves like O(At#). Recall from Eq. (12.1.6) that the MSE is
given by bias squared plus variance, where bias depends only on the time step size
and variance only on the sample size. Hence to balance the sample size with the
time step size, we set N; proportional to Af;. We now fix € > 0, which can be
interpreted as the target root mean square error we want to achieve. Then setting
N; = O(e 2L Ay), we have from (12.1.14) that Var(?) = 0(e?). Now we choose
L so that the bias decreases sufficiently fast. In particular, by setting

1 —1
L gD
logn

we obtain that Aty = Tn~t = O(e). If we can apply a weak convergence order 1
result, we have

|E(FL) — E(F)| = 0(e).

Hence the MSE of the scheme (12.1.13) is O(€2) at a computational cost of

L

L
ZNZA_III = O<ZE_2AQA—11‘1L> = 0(6_2(10g6)2),
=1

=1

which is the Monte Carlo convergence rate of an unbiased scheme, up to the (log €)>
factor. This shows that by trading off bias and variance, a scheme based upon biased
discretization schemes can recover the Monte Carlo convergence rate achieved by
an unbiased scheme.
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12.2 Quasi-Monte Carlo Methods

In this section, we briefly review quasi-Monte Carlo (qMC) methods focusing on
the application to the computation of functionals of multidimensional diffusions.
Quasi-Monte Carlo methods can roughly be divided into integration lattices and
nets. For more details on integration lattices, we refer the reader to Niederreiter
(1992) and Sloan and Joe (1994). For more information on nets, we refer the reader
to Niederreiter (1992) and Dick and Pillichshammer (2010). Finally, for applications
of gMC methods to finance, we refer the reader to Glasserman (2004), Chap. 5,
Jackel (2002), Chap. 8, and Korn et al. (2010), Chap. 2.

Quasi-Monte Carlo rules are equal weight integration lattices that can be used to
approximate integrals over the unit cube, which are typically of high dimension. In
this section, we focus on the construction of qMC point sets, which we are going to
apply to finance problems in the next section. We concentrate on nets, in particular
digital nets, the explicit construction of which we now outline.

12.2.1 The Digital Construction Scheme

We now formally introduce the digital construction scheme, which allows us to
define digital nets.

Definition 12.2.1 Let b be a prime and m be an integer. Let C1,...,Cgbem x m
matrices over the finite field Z;. We construct b points in [0, l)d as follows: for
O<h<b™leth=ho+hib+- -+ hyu_1b" " be the b-adic expansion of A.
Identify & with the vector h = (hy, ..., hm_l)T € Zg. For 1 < j <d we multiply
the matrix C; by h, i.e.

Cih=:(yj 1 (D). ....yjm) " €L}

and set
__yjah) Yjm(h)
Xh’j.—T—‘r"' bm .
The point set {xg, x1,...,xpm_1} is called a digital net over Z; with generating
matrices Cy, ..., Cy.

Having defined the digital construction scheme, we are now in a position to define
digital nets.

Definition 12.2.2 Let b be a prime, ¢ a nonnegative integer, and m € N, Z;, the
finite field of order b and Cj,...,Cy € Z;™ with C; = (cj,l,...,cj,m)T. If
Vd;, j=1,...,d,0<d; <m, such that Z‘;:ldj =m — t, the vectors {c;;,i =
1,...,d;, j=1,...,d} are linearly independent, then the matrices C1, ..., Cy gen-
erate a digital (¢, m, d)-net over Zy,.
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We now briefly comment on the parameters that characterize a digital net:

e m determines the number of points, which is b,
e d determines the dimensionality of the point set;
e 1 is the quality parameter of the digital net, the lower the better the net is.

Having defined digital nets, we note that in order to compute functionals of multidi-
mensional diffusions, we need to have access to the generating matrices C1q, ..., C .
Fortunately, many examples of such matrices are known, see e.g. Faure (1982),
Niederreiter (1992, 2005, 2008), Niederreiter and Xing (1999), Sobol (1967) and
the references therein. Efficient implementations of qMC point sets have been pub-
lished in the literature, see e.g. Joe and Kuo (2003, 2008), for the Sobol sequence
and Pirsic (2002) for an implementation of the Niederreiter-Xing sequence. Imple-
mentations of different sequences are also discussed in Hong and Hickernell (2003).
We now illustrate the above definitions with some examples.

Example 12.2.3 The Hammersley net, Hammersley (1960), is an example of a dig-
ital (0, m, 2)-net over Z;. Its generating matrices are given by

1 0 - 0 0 -« 0 1
=% " | ad = 0
) 0 .o
0 -~ 0 1 L 0 .. 0

Example 12.2.4 The following matrices generate a strict digital (1, 3,4)-net over
Z and stem from a Niederreiter-Xing sequence as implemented in Pirsic (2002):

1 1 1 1 00
cC;=10 1 0], C,=10 0 1],
0 00 010
1 10 0 1 1
C;=|1 0 0], Cs=11 1 0
0 0 1 1 1 1

Example 12.2.5 The following matrices generate a strict digital (2, 3, 4)-net over Z:

110 1 0 1
ci=|100], cC=|101],
1 10 000
00 1 010
ci=[1 0 0], ci=|0 1 0
00 1 000

Since Paskov and Traub (1995) it has been known that gMC methods can be suc-
cessfully applied to finance problems. In theory, see e.g. Niederreiter (1992) and
Dick and Pillichshammer (2010), for functions of bounded variation in the sense
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of Hardy and Krause, see Niederreiter (1992), qMC rules can achieve convergence
rates arbitrarily close to N~!, which is a significant improvement on the N~1/2
convergence rate achieved by MC methods. However, as evident from the discus-
sion in this section, qMC rules are deterministic point sets and provide no practical
information on the actual error incurred. Monte Carlo methods on the other hand
allow for the computation of confidence intervals, giving statistical information on
the error. We now remedy this shortcoming and randomize the qMC point sets. This
allows us to supplement the faster convergence rates enjoyed by qMC rules with sta-
tistical information. Though different randomization techniques exist, see e.g. Dick
and Pillichshammer (2010), we focus on Owen’s scrambling algorithm, introduced
in Owen (1995), see also Owen (1997), which produces optimal convergence rates,
as we explain below.

12.2.2 Owen’s Scrambling Algorithm

In this subsection we discuss Owen’s scrambling algorithm, which was introduced
in Owen (1995). We describe this algorithm using a generic point x € [0, 1), where
x=(x1,...,xd) and

IRIANRTE
Xj= b + b2 + .
Then the scrambled point shall be denoted by y € [0, 1)‘1, where y = (¥1, ..., Ys),
nij1 nj2

The permutation applied to &;;, j =1,...,d, depends on §;, for 1 <k < /. In
particular, n; 1 =m;(§j,1),nj2 =7 ,(§;,2),Mj,3 =7jg; £ ,(&j,3) and in general

Mjk =Tk 1,n851Ejk), k=2,

where ; and TjgtEjpr k > 2, are random permutations of {0, ..., b — 1}. We
assume that permutations with different indices are mutually independent. It was
shown in Owen (1995), Proposition 2, that if we apply Owen’s scrambling algorithm
to a digital net, each of the resulting points is uniformly distributed in the unit cube.
Finally, for an efficient implementation of the scrambling algorithm we refer the
reader to Hong and Hickernell (2003) and Matousek (1998).

12.2.3 Numerical Integration Using Scrambled Digital Nets

We now discuss the effectiveness of scrambled digital nets. The definitive reference
on integration using scrambled digital nets is Chap. 13 in Dick and Pillichshammer
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(2010), and we briefly discuss one of the main results from this chapter. We intro-
duce the estimator

A 1\
(=52 1o,
i=0

where the point set { )’i},N: 51, for N = b™ and m € N, is obtained by applying
Owen’s scrambling algorithm to a digital net. In Dick and Pillichshammer (2010),
the authors discuss functions f that enjoy generalized variation in the sense of Vi-
tali of order o, where 0 < o < 1, see Chap. 13 in Dick and Pillichshammer (2010).
Essentially, o determines the degree of smoothness of f, @ = 0 corresponds to func-
tions that are only square integrable, and « = 1 corresponds to functions with square
integrable mixed partial derivatives. One can think of o as a continuity parameter,
the larger «, the smoother the function. One of the main results of Chap. 13 in Dick
and Pillichshammer (2010) is Theorem 13.25, which states that

Var(1(f)) < Cpp,aN~IT2,

where C,, 1 4 denotes a constant dependent on m, ¢, and d. Some comments should
be made: for « = 1, we have Var(f(f)) < Cm,,,dN_*%, which is a significant im-
provement upon N !, the Monte Carlo rate. For square integrable functions f, one
obtains Var(i (f)) = o(N~1), which is still an improvement on the Monte Carlo
rate. Finally, we note that scrambled digital nets are adaptive in the following sense:
the smoothness « of the integrand under consideration need not be known a priori.
Scrambled digital nets will always deliver the optimal convergence rate, N~ (12
for 0 < o < 1. These observations suggest that scrambled digital nets are very useful
tools when computing functionals of multidimensional diffusions.

12.2.4 Multilevel Quasi-Monte Carlo Methods

We conclude this section by recalling that multilevel methods could be used to com-
bine biased estimators in such a way as to recover the Monte Carlo convergence rate
of an unbiased scheme. The same comment applies to multilevel quasi-Monte Carlo
methods. In a series of papers, see e.g. Gnewuch (2012a, 2012b), Hickernell et al.
(2010), Niu et al. (2011), Baldeaux (2012b), Baldeaux and Gnewuch (2012), it was
shown how to combine biased qMC rules using a multilevel approach to recover the
optimal gMC rate. We refer the reader to these references for details.

12.3 Applications Under the Benchmark Approach

We now apply quasi-Monte Carlo methods to the pricing of realized variance prod-
ucts, see Sect. 8.5.2. In Sect. 13.5 we will discuss how to recover the joint distri-

bution of (Y7, fOT Yi[ dt). In this subsection, we discuss how to apply quasi-Monte
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Carlo methods to this problem. This approach is applied to the pricing of put options
on realized variance and volatility. We compare the results with an almost exact sim-
ulation scheme. In the case of the put option on realized variance, we compare the
results with the closed-form solution from Sect. 8.5.2.

We firstly discuss how to map the joint density to the unit square [0, 1]>. For a
detailed discussion, with illustrations, we refer the reader to Baldeaux et al. (2011b),
here we only present the outcome of the analysis. Assume that the joint density of
(Yr, fOT Yi[ dt), which we obtain from (5.4.16) by inverting the Laplace transform
numerically, is given by f(y,z), where the variable y corresponds to Y7 and z
to f L dt. We have the following representation for a general functional H of
reahzed variance

H(TLar
E(M):/ iz)f(y 7)dydz.
Yr o Jo

We alert the reader to the fact that mapping the Jomt density into the unit square is
not a trivial problem, in particular, since we do not have an explicit representation
for f. The difficulty in mapping joint densities incorporating dependence structures
to the unit cube was also discussed in Kuo et al. (2008). However, the problem stud-
ied in Kuo et al. (2008) was slightly different, as the joint density was a multivariate
normal density, which is known explicitly. In this section, we map the joint density
to the unit square using the transformation

x1 — L —exp{—A1y}, (123.1)

xy — 1 —exp{—A2z},
i.e. we base the transformation on the cumulative distribution function of the expo-
nential distribution. We remark that A and A, can differ, a feature which turns out
to be crucial for the approach. Furthermore, another important feature of the trans-
formation (12.3.1) is that it is easily interpretable, which is important, in particular,
since we do not have access to an explicit representation of the joint density. We
display in Fig. 12.3.1 the resulting joint density for A; = 0.5 and A, = 0.18. This
particular transformation is used for numerical integration, for a detailed discussion
of this problem, see Baldeaux et al. (2011b).

We now discuss how to employ quasi-Monte Carlo methods where we use the

notation

x1 =¥1(y) =1 —exp{—A1y},

x2 =¥(2) = 1 —exp{—Aaz}, (12.3.2)
hence
log(1 —
Sy =,
7) = Ery
and
Y1) =Arexp{=Aiy}, (12.3.4)

Y2(2) = A exp{—A2z}.
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Fig. 12.3.1 Joint density of
(Yr. [y $db) for Yo =1,
n=0.052,T=1,1; =0.5,

l»=0.18

We employ digital nets as discussed in the previous section. Given a digital net
{(xi1, x,-,z)}lN: | €10, 1)2, we approximate the integral under consideration as fol-
lows:

/O @f(y,z)dydz

0 y
_ /‘ /‘ HWy () f7 (), % (0)
o Jo vl ) v )Y @ (@ ()

_ /1 fl HWy @) f ). ¥ (x2))
o Jo vl Md—xDra(l—x2)

dx1 de

dxidxy
1 i HW; ' (x2) £ ), %5 (i2)
N ) M —xira(l—xio)

i=1

(12.3.5)

As we deal with a two-dimensional integration problem, we base our quasi-Monte
Carlo rule on the Sobol sequence, which, in two dimensions, is well known to have
the optimal quality parameter + = 0. Furthermore, to be able to estimate standard
errors, we use [ independent copies of the quadrature rule presented in (12.3.5),
each of which is obtained by applying Owen’s scrambling algorithm, see Sect. 12.2,
to the quasi-Monte Carlo point set {(x; 1, xi,z)}lN: |- We remark that the scrambling
algorithm is implemented according to Hong and Hickernell (2003), and MatouSek
(1998). Consequently, we estimate the integral as follows:

=

1 1
1 1 1 ; ;
IRQMc=7§ Ij=7§ NE g/ v)h), (12.3.6)
j=1 j=1"" i=l
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where {(y{l, yZz)}fvzl, j=1,...,1, is obtained from the quasi-Monte Carlo point
set {(x;.1, x,',z)}fv= | by applying Owen’s scrambling algorithm. We estimate standard
errors via

L =1 2
orROMC = \/ Z/—l(lé - SQMC) . (12.3.7)

For purposes of comparison, we will also look at Monte Carlo estimators. In this
case, we use [N points {(u; 1, u,-,g)}f.jl 1» independent and identically distributed in
[0, 1]2, estimate the integral under consideration via

IN

1
Inc =14 ;g(ui,l Ui ), (12.3.8)
1=

and compute standard errors using

IN
; i ui2)— 1
UMC:\/Z,:](&’(”,I ui2) MC)' (123.9)

IN(N — 1)

Numerical results for puts on realized variance and volatility are presented in
Sect. 12.4. Finally, we would like to point out that the numerical scheme presented
in this subsection could also be used for variance reduction, e.g. it could serve as a
control variate, if models less tractable than the stylized MMM are employed.

12.4 Numerical Results

In this section, we present some numerical results illustrating the method introduced
in Sect. 12.2. First, we discuss put options on realized variance, for which analytical
solutions are available using the results from Sect. 8.5.2 and, subsequently, we dis-
cuss put options on volatility. For the latter, closed form solutions are not available,
but we check our results using the almost exact simulation from Sect. 12.4.1.

12.4.1 Almost Exact Simulation for Functionals of Realized
Variance

Another method for computing prices of functionals of realized variance is based on
a discretization of the integral appearing in the definition of realized variance, i.e.

T - 1
—dt~ — 12.4.10
/ Y i (12.4.10)
0 i=0 !
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where we choose fy = 0, ¢, = T. Furthermore, in this section, we use the trapezoidal
rule, i.e. we set

T .
w; =— fori=1,...,n—1,
1\} (12.4.11)
w;=— fori=0,n
Obviously, Y., i =1,...,n, can be simulated exactly. It is well known that
Y’W follows a X2(4 ) distribution, where o = _—~%— and Yo = y, see

e.g. Sect. 3.1, Platen and Rendek (2009) or Jeanblanc et al. 52009) We use a simple
Monte Carlo simulation for this approach. A quasi-Monte Carlo point set could have
been employed, too. Finally, we remark that the multilevel Monte Carlo method, as
discussed in Sect. 12.1, could also be useful in this context.

Since the discretization of the integral introduces a bias, we refer to the scheme as
being almost exact. The computational effort needs to be divided up between vari-
ance and bias reduction. Following the approach in e.g. Duffie and Glynn (1995),
see also Sect. 12.1, we consider the mean square error,

R T 1 2
([ )
0o Y
where f(-) is the functional of interest and ¥ = % Zj»v:l( OOy wi #)), where
i

Yt{ ,j=1,..., N, are independent copies of Y;,. Consequently,

EZVar<f<Z]?V=oin%i>>+< ( (szytl)) <f<foTyitd’>>)2'

For the functionals under consideration in this paper,

_ A\t
f(z)=L 2 (12.4.12)
Yr
and
_ +
f(z)=L Vo) , (12.4.13)
Yr

respectively, estimates on the bias

(1S )) -2 )

do not seem to be known. Consequently, we estimate the bias numerically, using the
Laplace transform method from Sect. 8.5.2 and the quasi-Monte Carlo method from

Sect. 12.2 to obtain reference values for E( f ( fOT Yi[ dt)). This allows us to numeri-
cally investigate the bias, which we find to be O~ for (12.4.12) and (12.4.13).
Consequently, we can now divide the computational effort between variance and
bias reduction. Using our numerical estimates on the bias, we find that for both
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functionals, (12.4.12) and (12.4.13), considered in this paper,
MSE=SL 4+ 2 (12.4.14)
N % o

where ¢ and ¢ are positive constants. The computational cost of this scheme is
proportional to nN. Consequently, given a computational budget C, (12.4.14) sug-
gests that one should choose N = C?/3 and n = C'/3, see e.g. Duffie and Glynn
(1995) and Sect. 12.1. In this section, we will make use of this choice of n and N,
for a given computational budget C.

We remark that this approach paints a very favorable picture for the almost exact
simulation approach: the availability of reference solutions allows us to estimate
the bias, which in turn allows us to trade-off variance and bias reduction, using the
mean-square-error as a criterion. Should reference solutions not be available, one
might have to divide the computational effort in a more ad-hoc fashion, resulting in
a worse performance of the method.

Finally, we point out that this method could also be applied to corridor variance
swaps, the floating leg of which is given by

T
/O L. pp d[log(5™)],. (12.4.15)

The almost exact simulation scheme presented in this subsection allows us to handle
corridor variance swaps.

12.4.2 Numerical Results for Put Options on Realized Variance

In this subsection, we apply the numerical scheme introduced in Sect. 12.2 to com-
pute

K— [T Lant
E[(f“—yt)} (12.4.16)

Yr

from which we can compute prices of European puts on realized variance by multi-
5

. S, .
plying by the constant %50 We use the following set of parameters
&7 ST

Yo=1, K=5 =005, T=1,

and obtain from Sect. 8.5.2 the true value of (12.4.16) as being around 3.11. In
Figs. 12.4.2 and 12.4.3, we show estimates of (12.4.16) and standard errors ob-
tained from the quasi-Monte Carlo and the Monte Carlo method, as detailed in
Sect. 12.2, and the almost exact simulation scheme from Sect. 12.4.1. For the quasi-
Monte Carlo method, estimates of (12.4.16) and standard errors are calculated us-
ing (12.3.6) and (12.3.7), where we choose [ = 30 and N = 2™ and vary m. On
the x-axes in Figs. 12.4.2 and 12.4.3, we show the logarithm of the computational
complexity of the problem, that is the logarithm of the number of function evalu-
ations performed, which is log(/2"2). As we mentioned before, the computational
complexity changes with m.
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Fig. 12.4.2 Estimates of (12.4.16) versus logarithm of the number of function evaluations

—o— QMC
0.001 -
—m— MC
5x1074
—&— AEMC
| | | | | =3
2x10* 5x10* 1x10° 2% 10° 5x10° 1x10°

Fig. 12.4.3 Standard errors for the put option on realized variance versus logarithm of the number
of function evaluations

We compare the performance of the quasi-Monte Carlo point set to the perfor-
mance of the standard Monte Carlo method, which uses /2™ two-dimensional points
to ensure that the two methods are of the same computational complexity. Estimates
of (12.4.16) and standard errors are obtained from (12.3.8) and (12.3.9). We con-
clude that scrambled quasi-Monte Carlo point sets offer a marked advantage over
plain Monte Carlo simulation.

Finally, we use the almost exact simulation scheme (AE MC), discussed in
Sect. 12.4.1. As we numerically determined that the bias is O(n~1), we choose



12.4 Numerical Results 321

—@— True Value

—m— QMC
—&— MC

—4a— AEMC

3.45

L L L L L L
T .Y
2x10* 5% 10* 1x10° 2x10° 5% 10° 1x10°

Fig. 12.4.4 Estimates of (12.4.17) versus logarithm of the number of function evaluations

N = (122)2/3 and n = (12"2)'/3, ensuring that the almost exact simulation scheme
is of the same computational complexity as the previous two approaches. We note
that due to the fact that the computational effort is to be divided up between variance
and bias reduction, the two competing methods offer better estimates and standard
errors converge at a faster rate, as one would expect. These numerical results high-
light the usefulness of the Lie symmetry methods, which allow us to obtain explicit
formulae for the Laplace transforms of put option prices and the joint distribution

of (Yr, [y +db).

12.4.3 Numerical Results for Put Options on Volatility

In this subsection, we present numerical results for put options on volatility. In par-

ticular, we compute
E<(K Yy I %dl)+)

Yr

from which we can obtain prices of European puts on volatility by multiplying by
5+

(12.4.17)

%SO’ which is constant. As in Sect. 12.4.2, we choose the set of parameters
@ o7

Yo=1, K =5, n =0.052, T=1.
As discussed in Sect. 8.5.2, we do not have a closed-form solution for (12.4.17).
In Figs. 12.4.4 and 12.4.5, we show estimates of (12.4.17) and standard errors, re-

spectively, obtained from the quasi-Monte Carlo and Monte Carlo method as de-
tailed in Sect. 12.2 and the almost exact simulation scheme from Sect. 12.4.1. As
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Fig. 12.4.5 Standard errors for the put option on volatility versus logarithm of the number of
function evaluations

in Sect. 12.4.2, for the quasi-Monte Carlo method, estimates of (12.4.17) and stan-
dard errors are calculated using (12.3.6) and (12.3.7), where we choose / = 30 and
N = 2" and again we vary m. Following the discussion in Sect. 12.4.2, on the
x-axes in Figs. 12.4.4 and 12.4.5 we show the logarithm of the computational com-
plexity, i.e. the logarithm of the number of function evaluations, which is log(/22),
where we vary m.

For the Monte Carlo method, we use /2" two-dimensional points to ensure
that the two methods are of the same computational complexity. Again, we obtain
estimates of (12.4.17) and standard errors from (12.3.8) and (12.3.9), and conclude
that the quasi-Monte Carlo point sets offer a marked advantage over plain Monte
Carlo simulation.

Regarding the almost exact simulation scheme, the bias seems to be O (n_l), re-
sulting in the same choice for n and N as before, N = (122)%/3 and n = (12"2)!/3.
We find again that dividing up the computational effort between variance and bias
reduction results in the competing two methods outperforming the almost exact sim-
ulation scheme, as expected, highlighting the importance of the results obtained us-
ing Lie symmetry methods.



Chapter 13
Computational Tools

It is the aim of this chapter to introduce computational tools, which can be used
to implement functionals presented in this book. In particular, we focus on the non-
central chi-squared distribution, which appeared in the context of the MMM and the
TCEV model, and the non-central beta distribution, which appeared in the context
of pricing exchange options. Lastly, we discuss the inversion of Laplace transforms,
which can be used to recover transition densities from the Laplace transforms.

13.1 Some Identities Related to the Non-central Chi-Squared
Distribution

The non-central chi-squared distribution featured prominently when pricing Euro-
pean call and put options under the MMM and TCEV model, see Sect. 3.3. In the
current section, we recall the distribution, and in Sect. 13.2 we will present an algo-
rithm showing how to implement the distribution, where we follow ideas presented
in Hulley (2009).

First, we recall the link between the squared Bessel process and the non-central
chi-squared distribution, which is given by

Xtd 2 X
rR\T)

where X = {X,, t > 0} denotes a squared Bessel process of dimension §, and X52 Q)
denotes a non-central chi-squared random variable with § degrees of freedom and
non-centrality parameter A > 0. We recall from Lemma 8.2.2 that the non-central
x2-distribution with § > 0 degrees of freedom and non-centrality parameter A > 0
has the density function

( BA)—I x4+ A (x)
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Here I,(x) =>_ >0 N‘(JITH) (%)zj TV denotes the modified Bessel function of the
first kind of order v > —1. The following equality is given in Hulley (2009), where

1
A 1 x (A\2
—p(x,4,x)=—e‘%(—) I(Vox)
X 2 X
1

=—e—T’<—)_711(~/ﬂ)=p(x,o, A, (13.1.2)

for x € (0, 00) and A > 0, since the modified Bessel function of the first kind sat-
isfies I} = I_1, see e.g. Abramowitz and Stegun (1972), Eq. (9.6.6). Clearly, this
equality entails the probability density function, of a non-central chi-squared ran-
dom variable of zero degrees of freedom, p(x,0,A). Such a random variable is
comprised of a discrete part, as it places positive mass at zero, and a continuous part
assuming values in the interval (0, co). We return to this issue when discussing this
type of probability distributions below. From Eq. (13.1.2), we immediately obtain
the following formula, which is employed frequently in the context of the MMM,

see Sect. 3.3:
A, S) 2 )
E| ——— A, S
(x}(w,sng(x“( @)
A(t,S)}

=E(2(xi(»(t,$)))) — 2(0) eXP{‘ 2

for an appropriately integrable function g(-). Next, we introduce the cumulative

distribution function of a non-central chi-squared random variable. The following

equality, see Eq. (29.3) in Johnson et al. (1995), introduces the non-central chi-

squared distribution as a weighted average of central chi-squared distributions, the
weights being Poisson weights:

oo

P =r) =Y

j=0

(13.1.3)

exp{—2/2}(/2)/
Jj!

P(X312j < %), (13.1.4)

for all x € (0, 0), § > 0 and A > 0, where ng denotes the central chi-squared ran-
dom variable. The distribution of the central chi-squared random variable admits
the following presentation in terms of the regularized incomplete gamma function
P(-,-), see Johnson et al. (1994), Eq. (18.3):

P( 2<)c)—_P éf (13.1.5)
XS— 2’2 ) 1.
for x € (0, o0) and § > 0, where

Pa,z) = % /Ozexp{—t}t‘“1 dt, (13.1.6)

for z € KT and a > 0. We can obtain an expression similar to Eq. (13.1.4) for the
density of a non-central chi-squared random variable,
00 .
exp{—2/2}(2/2)/ :
plx,8, )=y = (e 6 +2)),
—0 J:
]:
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for x € (0, 00), § > 0 and A > 0, and where p(x, §) denotes the probability density
function of a chi-squared random variable with § > 0 degrees of freedom. Finally,
we focus on the non-central chi-squared distribution with zero degrees of freedom,
which also featured in the context of the MMM in Sect. 3.3. From Eq. (13.1.4), we
get

2, exp(— A/2}< Y
)= —— —Pla

P(xg(») <x) P(x5; <x), (13.1.7)

Jj=0

for x > 0 and A > 0. However, xS, a central chi-squared random variable of zero
degrees of freedom, is simply equal to zero, i.e.,

P(xg) <x) =1,

for all x > 0, hence

P(xg(\) = 0) = exp{—1r/2},

where A > 0. From Eq. (13.1.7) we get
P(xd) <x)=P(x§(1) =0)+ P(0 < x§() < x)
X
=exp{—)»/2}+/ p(x,0,1)dx,
0

for x > 0, A > 0. We remark that a non-central chi-squared random variable of
0 degrees of freedom is not continuous, but places mass at the origin, and hence
p(x,0, 1) is not a probability density function. Nevertheless, it is obtained by for-
mally setting 6 = 0 in Eq. (13.1.1).

We conclude this section with some useful identities pertaining to the non-central
chi-squared distribution. These equalities feature frequently in Sect. 3.3. We recall
that p(-, 8, 1) denotes the probability density of a x2-distributed random variable,
and we use ¥ (-, 8, 1) to denote the distribution of a x2-distributed random variable
with & degrees of freedom and non-centrality parameter A.

Lemma 13.1.1 The following useful properties hold:

v=2
A\
(;) px,v,1)=p,v,x) (13.1.8)
o0
/p(x,v+2,y)dy:lll(x,v,0) (13.1.9)
0
o0
/p(x,v—i—Z,y)dy:d/(x,v,)») (13.1.10)
A

A
/ P, v+2,y)dy =W (x,v,0) — ¥(x,v,1). (13.1.11)
0
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13.2 Computing the Non-central Chi-Squared Distribution

The aim of this section is to introduce an algorithm allowing us to compute the non-
central chi-squared distribution. We recall from Sect. 3.3, that in order to price calls
and puts, we need to be able to evaluate this distribution function. Furthermore, we
point out that we need to be able to evaluate this distribution function for zero de-
grees of freedom and for a variety of non-centrality parameters. In particular, for
large maturities, the non-centrality parameter is small, whereas for small maturities,
the non-centrality parameter is large. This section follows Hulley (2009) closely. As
in this reference, we base our approach on an algorithm from Ding (1992), which
performs well for small values of the non-centrality parameter, but not for large val-
ues. For this reason, we employ an analytic approximation due to Sankaran (1963),
for large values. We introduce the non-central regularized incomplete gamma func-
tion, given by

> —b}bJ
Pa.b.z) ::Z%P(uﬂ,z), (13.2.12)
P

for all z € ®10 and a, b > 0. Formally, we set P(0, z) := 1, as the regularized in-
complete gamma function from Eq. (13.1.6) is not well-defined in this case. We can
express the distribution function of the non-central chi-squared and the chi-squared
random variables in terms of the non-central regularized incomplete gamma func-
tion,

where x € (0, 00) and § > 0, and

§ A Xx
P 2 A) < = P A A A ]
(x5 = x) (2 2 2)
for x € (0, 0o) (respectively x € Rt), § > 0, (respectively § = 0) and A > 0. We
assume for the remainder of this section that one of the following conditions is
satisfied:

e z€(0,00)and a, b > 0;
e zeNt,a=0and b >0,

which correspond to the cases § > 0 and § = 0, respectively.

In a first step, we rewrite the terms P(a + j,z) on the right-hand side of
Eq. (13.2.12) in terms of an infinite sum. Using integration by parts and the identity
I'la+j+ 1) =(a+j)I(a+ j), we obtain

exp{_Z}ZaJrj

P(a+]+l,Z)ZP(a+],Z)—m,

(13.2.13)
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which also holds for a = j = 0, as by definition P(0, z) = 1. A recursive application
of Eq. (13.2.13) yields

. . exp a+] eXp{—Z}Za+k
Pla+jz)=Pla+j+1,2)+ = , (13.2.14
@t (@t ) I'(a +J+1) ZF(a+k+1) ( )
for j €{0,,12,...}. Defining
k .
_ exp{—b}b’
Ak—ZT
j=0
and
_ eXp{—Z}z’H'k
T Ta+k+1)
we have
o0
Pla,b,2) =) ATk (13.2.15)
k=0

The idea is to truncate the series in Eq. (13.2.15),

N—-1 oo
P(a,b,z) = Z ArTi + Z ArTi

=Pn(a,b,7) +ey.

We now aim to find an effective bound for ey = Z,fi ~ Ak Ty. We have the trivial
bound

k i 0 i
—b}bJ —b}b)
I b LI S LI

j=0 J! j=0 J!

and hence
o0 o
EN = Z ATy < Z Tk.
k=N k=N
We note that the Ty, k € A/, admit the following recursive formula:

_ a-+k _ a+k—1
= ST 2 expla)z = 7. (13.2.16)
Fa+k+1) a+k T(a+k) a+k

for k e . Hence
B k z k—N+1T
Py N1,
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for Ne N and k € {N,N + 1, N +2,...}. This allows us to obtain the following
bound on ey :

00 o \kNA 00 N .
e : Ty_1 = Ty_1= ——Ty_1,
N<Z<a+N> Nt Z(a+N) N =g N V!

k=N k=1
(13.2.17)

foreach N € {N*, N*+ 1, N* +2, ...}, where
N*:=min{n €{0,1,2,...} |z <a+n}.

In Algorithm 13.1 below, we present pseudo-code for an algorithm which com-
putes the non-central chi-squared distribution. In words, the algorithm proceeds
as follows: we specify a desired level of accuracy, say € € (0, 1). Next, we com-
pute N*. Obtaining N* is crucial, as our error bound in Eq. (13.2.17) only applies
for N > N*. We then compute I5N* (a, b, z), and consequently check the trunca-
tion error incurred via Eq. (13.2.17). We then proceed to add further terms ATk,
where k € {N*, N* 4+ 1, N* +2,...}. As soon as the bound for the truncation er-
ror €y has fallen below €, we truncate the loop and obtain a value 75(61, b,z) e
(P(a,b,z) —€,P(a,b,z)), where N € {N* N*+ 1, N*+2, ...}.

Finally, we discuss the implementation of the algorithm. Recall that the Ty can be
computed recursively using Eq. (13.2.16), with only one multiplication and division
required to compute the next term. Lastly, Ax admits the representation

k P k
exp{—b}b’/ exp{—b}b
P S (L . LY

j=0

where

exp{—b}b**t1 b
Be=— =B
Hence we can also obtain the Ay recursively, with one multiplication, division, and
addition required. This means that we can compute f’N (a, b, z) in linear time, i.e.
using O (N) operations. In a detailed study, Dyrting (2004) discovered that the al-
gorithm outlined above performs well for small and moderate values of b. For large
values of b, the series in Eq. (13.2.12) converges slowly, meaning a large number
of terms have to be used to achieve a particular precision €. Furthermore, underflow
problems can occur, as the individual terms in the series are small.

To remedy this shortcoming, Hulley (2009) fixed a maximum number of terms
to be used in the summation. Once this limit is reached, an analytical approximation
to the non-central incomplete gamma function is used. For this there are numerous
possibilities, see Johnson et al. (1995), Sect. 29.8. We follow the advice of Schroder
(1989), who recommends the analytic approximation due to Sankaran (1963),

Pa,b,z) = ®(x),
where @ denotes the standard normal cumulative distribution function and
Q—h) h
CL=hp(l—h+=3"2) — ()
h2p(1 +mp)
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with

2 (a+b)(a+3b) 1 a+2b
T3 @22 0 P 2asn?
This is a robust and efficient scheme, see Dyrting (2004). In addition, the approxi-
mation improves as the value of b increases. This fact is of particular relevance to

us, as the performance of our original scheme performs worse as b increases. We
present the pseudo-code of this algorithm in Algorithm 13.1 below.

h=1 m=(h—1)(1—-3h).

13.3 The Doubly Non-central Beta Distribution

We firstly introduce the (central) beta random variable, after that the singly non-
central beta random variable and finally the doubly non-central beta random vari-
able, all with strictly positive shape parameters. However, in Sect. 3.3, we presented
formulas for exchange options in terms of the non-central beta distribution with one
shape parameter assuming the value zero, see Eq. (3.3.16). Hence in this section, we
follow Hulley (2009) and extend the doubly non-central beta distribution allowing
for one shape parameter assuming the value zero. In Sect. 13.4, we show how to
compute the doubly non-central beta distribution.

It is well-known that the (central) beta random variable with shape parameters
81/2 > 0 and §,/2 > 0 admits the following representation in terms of chi-squared
random variables,

2
X5,

S (13.3.18)
2 2
X5 + X5,

1851 8y =
see Johnson et al. (1995), Chap. 25. As chi-squared random variables are strictly
positive, Bs, 5, assumes values in (0, 1). The distribution of Bs, s, can be expressed
in terms of the regularized incomplete beta function,

51 &
P(Bs,5, <x)=1 505 ) (13.3.19)
for x € (0, 1), where
I'a+b) (% ., b1
I.(a,b) = ———=— 71—t dt, 13.3.20
:(a,D) Far®d) Jo ( ) ( )

forall z € [0, 1] and a, b > 0. We now define the singly non-central beta distribution,
with shape parameters §1/2 > 0 and §,/2 > 0 and non-centrality parameter A > 0,
which is given by

X5 ()
x5O+ x5,
This distribution was introduced in Tang (1938) and Patnaik (1949), in connection
with the power function for the analysis of variance tests. We remark that (13.3.21)

Bsy.5, (A, 0) := (13.3.21)
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Algorithm 13.1 Non-central regularized incomplete gamma function

Require: a,b,z e RT, € € (0, 1) and maxiter € N’
1: errbnd < 1
2: ifz—a ¢{0,1,2,...} then
3 NY<«[(z—a)]
4: else
5 N* <« [z—a]l+1
6: end if
7: if N* — 1 < maxiter then
8
9

A <« exp{—b}

: B <« A .
10: T « SR
11:  value<— AxT
12: k<1
13:  whilek < N*—1do
14: B <~ % X B
15: A< A+ B
16: Teﬁ x T
17: k<—k+1

18:  end while
. Z
19: errl‘)nd < ath—2 x T .
20:  while errbnd > € and k < maxiter do

21: B <« % X B

22: A< A+b

23: T « azﬂ x T

24: value < value + A x T
25: k<—k+1

26: errbnd <« a+ZT—z x T

27:  end while

28: end if

29: if errbnd > € then
: _ 2 (a+b)(a+3b)
300 h<«1 E R T
: 1 _a+2b
P gy
322 m<«(h—1)(1—-3h)
. 1*h[7(17h+(2_h#),(ﬁ)h
W h/2p(1+mp)
34: value <« @ (x)
35: end if

36: return value

is referred to as Type I non-central beta random variable in Chattamvelli (1995),
distinguishing it from a Type II non-central beta random variable, given by

2
X8,

Bs1,8,(0,4) :=1—Bs,5,(A,0) = .
b o X6, ) + X,
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The doubly non-central beta distribution, with shape parameters §;/2 > 0, 2 > 0
and non-centrality parameters A| > 0 and A, > 0 is given by

X5, 1)
X5 O0) + x5,(2)
We recall from Eq. (13.1.4) that the distribution of the non-central chi-squared dis-
tribution could be expressed as a Poisson weighted mixture of central chi-squared

distributions. Analogously, the distribution of the non-central beta distribution can
be expressed as a Poisson weighted mixture of central beta distributions

exp{—2/2}(1/2)/
J!

Bs1,8, (A1, A2) = (13.3.22)

]

P(ﬂglssz()", 0) 5 .X) = Z

j=0
forall x € (0, 1), 81,62 > 0and A > 0, and

P (5.5, (k1. 12) < x)

P(Bs\+2j,8, < x), (13.3.23)

1 expl—A1/2}(A1/2)) = exp{—ha}(h2/2)F
ZJZ:(:)exp 12! 1/ ];exf’ i! 2/ P(Bs,+2j,5,+2k < X),

forall x € (0, 1), 81,82 > 0and Ay, Ao > 0.

Now, we discuss how to extend the singly and doubly non-central beta distri-
butions to the case where one of the shape parameters is zero. We remark that the
distributions in (13.3.23) and (13.3.24) do not allow for this, as the gamma function
is not defined at zero. We hence follow Hulley (2009), where techniques from Siegel
(1979) were used to extend the non-central chi-squared distribution to include the
case of zero degrees of freedom. As with the non-central chi-squared distribution,
the distribution of the non-central beta distribution with one shape parameter equal
to zero is no longer continuous, but comprised of a discrete part placing mass at the
end points of the interval [0, 1], and a continuous part assuming values in (0, 1).
Setting 6, = 0 in Eq. (13.3.21), results in a random variable identically equal to one.
However, setting §; = 0 yields a non-trivial random variable assuming values in
[0, 1). Similarly, setting 6; = 0 in (13.3.22), results in a non-trivial random variable
assuming values in [0, 1) and setting 6, = 0 in Eq. (13.3.22) results in a non-trivial
random variable assuming values in (0, 1]. For the remainder of this section, we set
61 =01in Egs. (13.3.23) and (13.3.22) and set § = §> > 0 and define

xg )

Bo,s(A,0) i= ————,
X3 + 12

(13.3.24)

forall § > 0and A > 0, and
XG0
Xe) + xZ(h2)

for all § > 0, and A1, A > 0. The following result from Hulley (2009) shows how to
extended the doubly non-central beta distribution to the case where one of the shape
parameters assumes the value zero.

Bo.s (A1, A2) == (13.3.25)
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Proposition 13.3.1 Suppose x € [0, 1), 6 > 0, and L1, Ap > 0. Then

0]

—21/2}(A1/2) & — 3} J2)K
P(ﬁo,a(xl,xz)fx)zzexp{ 1/.'}( 1/2) Zexp{ i}'( 2/2)
Jj=0 J: k=0 :
X P(Bajsvar =x). (133.26)

Proof We employ Egs. (13.3.25) and (13.1.4), (13.1.5), (13.1.6), (13.1.1), to obtain

P(Bo,s(h1,22) <x)

X

= P(x(?(m < x§(xz>)

=f P(x(%(ms %s)ms,a,mds
0 —X

o]

_ NP2 /200D (0
D N AUCE=)

1—x

|
j=0 J

1 { kz+§}(§>a42 X (JIRE/2) Tk
X —expy ———— Z—

2 dg
2 2 K\ (§/2+k)

A
2 k=0
52

o exp{—A1/2}(A1/2)) o~ exp{—A/2} 12\ 2
=2 > (%)

1l
Jj=0 J: k=0

2 =
r'6/2+k I=1-x

0 %Jrk _
X/ (226/4) exp{ 5/2}P( 2 x§ )dé
0

e9]

> — j _ k
=exp{—)»1/2}+zexp{ )‘I/Z}QI/ZVZexp{ 72)(2/2)

j=1 J! k=0 k!

L[ E/2)T expl—£/2) (. x
x 5/0 r'/2+k) P(” 21 —x)$> ds

e¢]

> — i _ k
=exp{—m/2}+ze"p{ M/2}@1/2)’26@{ Mg}(kz/Z)

il
j=I1 J: k=0

x¢
S S Rty S S /m Jeloaey
X F(j)F(3/2+k)/0 e exp{—¢} A t exp{—t}dtd¢

&\ expl—i1/2}(11/2)7 o expl—12/2} (ha/2)F
=exp{—K1/2}+ZeXp{ 1/.‘}( 1/2) ZGXP{ 22‘}( 2/2)
j=1 J: k=0 :

2+ j+k [T= ui=1

F(HEG/2+k) Jo  (14+u)d/2titk

du
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e —21/2Y(01/2) & —22/2}(0n /2)F
=exp{—k1/2}+ZeXp{ 1/"}( 1/2) ZCXP{ 22‘}( 2/2)
j=1 J: k=0 :
5 F(§/2+j+k) * w1 = )2k gy,
r(jHre/2+k Jo
=exp{—A1/2}
o exp{—A1/2}(A1/2)) o exp{—Aa}(a/DF (8
+Z i 2 k! I’“(”E“‘)
j=1 k=0
= exp{—A1/2}
> —21/2}(01/2) & —da}(hn/2)k
Jr'X;GXP{ 1§!}( 1/2) §GXP{ i}v( 2/2) P(Bajseak <),
j= =

(13.3.27)

where we used the transformations £ /2 +> ¢,t/¢ +— u, and u/(1 +u) — v, together
with Eq. (13.3.19). We note that since central chi-squared random variables with
zero degrees of freedom are equal to zero, the same applies to B s+2k, for all k €
{0,1,2,...}, see Eq. (13.3.18). Hence we have

exp{—A2}(A2/2)F

exp{—A1/2) =exp(~11/2} ) .

k=0

P(Bo,s+2k = x),
which completes the proof. 0

Inspecting Eq. (13.3.27), we remark that the first term can be interpreted as
P(Bo.s (X1, A2) = 0) and the double sum as the probability P (0 < Bo.s(r1, r2) < x)
forall x € (0,1),§ > 0and Ay, 2> > 0. Hence we can decompose the distribution of
Bo.s (11, A2) into a discrete component placing mass exp{—A;/2} at zero and a con-
tinuous component describing the distribution over (0, 1). Finally, setting 1, = 0 we
obtain the distribution of a singly non-central beta random variable

exp{—1/2}(%/2)/
!

oo

P(Bs.0(0,1) <x) = Z

J=0

P(Bs2j <x), (13.3.28)

for all x € [0, 1), § > 0 and A > 0. Finally, we present the extended versions of the
Type II beta random variables,

X5

Bs.0(0,A):=1—Bos(1,0) = —"—, (13.3.29)
xa) + x}
forall § > 0and A > 0, and
2
x5 (A2)
Bs,0(h2, A1) :=1—Bos(hi, A2) = s 72 (13.3.30)

X3 + xF(h2)

where 6 > 0 and A{, Ay > 0, whose values lie in (0, 1]. Equations (13.3.30),
(13.3.26), and (13.3.18) yield
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P(Bs.0(r2, A1)
=1-P(Bo.s(A1,22) <1 —x)
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X expl—h1/2}(01/2)F N expl—ia/2)}(ha/2)F
:l—ZeXp{ 1§!}( 1/2) ZGXP{ 22!}( 2/2) P(Brjs+26 <1—x)
= k=0
X expl—h1/2} (A1 /2) S expl—ia/2}(ha/2)
:Zexp{ 1/"}( 1/2) ZGXP{ 22'}( 2/2) (1= P(Brjstok <1—x))
) J: k=0 '
X expl—h1/2} (A1 /2)F n expl—a/2)(ha/2)
zz:exp{ 1§'}( 1/2) ZGXP{ 22'}( 2/2) P(Bs+2k,2j < x),
=0 ' k=0 '

for all x € (0,1], 6 > 0 and Ay, A2 > 0. We note that 852 o is identically equal to
one for all k € {0, 1,2, ...}. Hence S5 0(A2, A1) can be decomposed into a discrete
component that places mass exp{—A1/2} at one and a continuous component taking
values in (0, 1) for all § > 0, A1, A2 > 0. Similarly, we obtain

% exp{—A/2}(0/2)I
P(ﬁa,o(O,A)gx)zzeXp{ é'}( 20,

j=0

i <Xx),

(,36,2]

for all x € (0,1], 6 > 0 and A > 0. Again, S5, is identically equal to one, hence
Bs.0(0, A) can be decomposed into a discrete part placing mass exp{—A\} at one and
a continuous component assuming values in (0, 1).

13.4 Computing the Doubly Non-central Beta Distribution

In this section, we present an algorithm, which shows how to implement the doubly
non-central beta distribution. The algorithm is based on Hulley (2009), where an
idea from Posten (1989, 1993) is used to enhance an algorithm presented by Seber
(1963) for computing the distribution function of standard singly non-central beta
random variables.

We define the doubly non-central regularized incomplete beta function

o) i 00 k
exp{—c}c’ exp{—d}d
L.b.e.d):= Xp{j,C}CE Xp{k,} La+j,b+k), (13431
=0 : k=0 :

forall z € [0, 1]and a, b, ¢, d > 0, such that either a > 0 or b > 0 and where I, (a, b)
is given by Eq. (13.3.20). We formally set

0 ifz<l;
1 ifz=1,
for all z € [0,1] and a,b > 0. This is necessary, as the gamma functions in

Eq. (13.3.20) are not well-defined at zero. We note that we can express the dis-
tribution functions of both the central and the non-central beta distributions in terms

L0,h):=1 and I(a,0):= { (13.4.32)
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of the doubly non-central regularized incomplete beta function in Eq. (13.4.31). In
particular, we have

81 &
P(lg51,52—x)—1 <2 2 OO)

for all x € (0, 1) and &1, 62 > 0. The distribution of the Type I singly non-central
beta distribution satisfies

51 6 A
P(Bs,.5,(.,0) <x) = I, (21 22 > o),

for all x € (0, 1) (respectively x € [0, 1) ), ;1 > O (respectively §; =0), > > 0 and
A > 0, while for the Type II singly non-central beta distribution we obtain

$ 81 A
P(Bs,.5, (0, ,\)<x)_1<22 210,5)

for all x € (0, 1) (respectively x € (0, 1]), §; > 0 (respectively §; = 0), > > 0 and
A > 0. Lastly, the distribution function of the doubly non-central beta distribution
satisfies the equality

2°2°2°2

for all x € (0, 1) (respectively x € [0, 1); x € (0, 1]), &1, 62 > O (respectively 8; =
0, 8, > 0; 81 >0, 8o =0) and A1, Ay > 0. We assume that one of the following
parameter combinations is in force:

1) z€@,1),a,beN,c,d>0;

(i) z€[0,1),a=0,beN,c,d>0;
(iii) z€(0,1),aeN,b=0,c,d > 0.

81 & A1 A2
P (Bsy.5, (M1, 12) < x) = 1x< )

Assuming condition (i) is in force, we obtain from Seber (1963)

exp{ d}dk b+k—1 )
— e S et b ny(a—
I(a,b,c,d)=exp{—c(l —z)}z* Z o Z A =2)"L;7 " (—cz2)
k=0 n=0
=exp|—c(1—2)}z ZPka, (13.4.33)
where we have defined the Poisson Welghts
—d}d*
po=ZPEAd 012 )
k!
and
b+k—1
Ty = Z (1-2)"L D(—cz), kef0,1,2,...}.
n=0

When condition (ii) is satisfied with z = 0, the problem is trivial, Ip(0, b, c,d) =
exp{—c}. But for condition (ii) and z € (0, 1), Egs. (13.3.20) and (13.4.32) yield
L(j,b+k)y=1—1L_,(b+k,j), foreach j,ke{0,1,2,...}, and hence
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_olel & — k
1,0, b,c,d) = ZCXP{ mak ZeXp{kvd}d (1= Ii_o(b +k. )
j=0 J: k=0 )
>, exp{—c}c! o exp{—d}d* ,
ZI—Z H Z A I (b+k,j)
j=1 k=0
b o exp{—cjc/ = ny(b—1)
=1—exp{—dz}(1—72) Z — ZZ Ly ™V (=d(1 -2))
j=1 ’ n=0
=1—exp{—dz}(1 —2z)" ZP ZT , (13.4.34)
j=1 n=0

from (13.4.32) and Seber (1963). Finally, if the arguments satisfy condition (iii)
with z = 1, then the problem is again trivial since /1 (a, 0, ¢, d) = 1. On the other
hand, if the arguments satisfy condition (iii) with z € (0, 1), then applying (13.4.32)
and Seber (1963) yields

i —clel & —d}d*
L(a,0,c.d)= 3 SR S Rdd, (L

j=0 ! k=1 k!
k K
= exp{—c(l — 2)}2" ZCXP{ 4 Za "LV (—c2)
k=1
0 k—1
=exp{—c(1 = 2)}z*Y_P Y T (13.4.35)
k=1 n=0

We remark that by L,(,a) we denote the Laguerre polynomials, which are defined for
nef{0,1,2,...},a e X\ {—1,-2,...}. However, for ¢ € {0, 1,2, ...} we have

LO0=3" <" +°‘)£, (13.4.36)

n—m) m!
m=0

for all £ € M and each n € {0, 1,2, ...}. Equation (13.4.36) implies the following
recurrence relation, see also Abramowitz and Stegun (1972), Chap. 22,

LY@ =1,
LY@ =a—1+t¢, (13.4.37)

W) =n+a—1-0L@ (@) = (n+a— DLY, @),

for all ¢ € N, and for all ¢ € {0,1,2,...} and n € {2,3,...}. Comparing
Egs. (13.4.33), (13.4.34), and (13.4.35), we note that it suffices to focus on condition
(1), as conditions (ii) and (iii) can be covered using the same algorithm. Regarding
the outer, infinite sum, we employ an idea from Posten (1989, 1993), and sum the
terms in decreasing order of the Poisson weights. The maximal Poisson weight is
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approximately attained by the index value k* = [d], hence we truncate the outer

sum to the range of index values (k* — N¢)™, ..., k* + N, where N is given by
kK*+N
N¢ :=min Ne{O,l,Z,...}| Z Pr>1—¢€y, (13.4.38)
k=(k*—N)*

i.e. we approximate I, (a, b, ¢, d) using iz (a, b, c,d), which is given by

k*+Ne
In.:(a.b.c.d)y=exp{—c(1-2)}z* > PAL. (13439)
k=(k*—Ne)*

We now aim to produce a good bound on the approximation error
I.(a,b,c,d) — fNe,z(a, b,c,d). (13.4.40)
From Seber (1963) we have
exp{—c(l - z)}z“Tk =1I;(a,b+k,c,0)€(0,1), (13.4.41)

hence

I.(a,b,c,d) — Iy, ;(a,b,c,d)

(K*—N)t—1 o0
:exp{—c(l—z)}z“< > AL+ Y Pka)

k=0 k=k*+Ne+1
(k*_Ne)Jr_] [ee] k*+N¢
< Z P, + Z P.=1- Z P <e,
k=0 k=k*+Ne+1 k=(k*—N.)

where we used the fact that the Poisson weights sum to one and the last inequality
follows from the definition of N.. Hence we have

iNe,Z(a7 b7 Cyd) € (Iz(a5 b9 C, d) — €, Iz(a’ b5 c, d))y

so the truncation error is bounded by €. Clearly, the value of N, cannot be de-
termined explicitly in advance, but can only be determined by iteratively adding
Poisson weights until their sum exceeds 1 — €. The Py satisfy

Pr=P d

k= P17

for each k € NV, which allows for a rapid computation of these weights. Finally, we

attend to the inner sum in Eq. (13.4.33). In Algorithm 13.2 below, we make use

of a list, which stores the values of the Laguerre polynomials, which are used to

compute the Ty. Firstly, we calculate the Laguerre polynomials needed to compute

T+, and store them in a list. Thereafter, we use the following iterative scheme, based
on (13.4.37) to compute Tixy1, Tix—1, Tixy2, Tix—2, .. .
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Algorithm 13.2 Doubly non-central regularized incomplete beta function

Require: a,be N, c,d € (0,00),z€(0,1)and e € (0, 1) or
a=0,beN,c,de(0,00),z€[0,1)and € € (0, 1) or
aeN,b=0,c,de(0,00),z€(0,1]and € € (0, 1)

1: switch (z)

2: case z =0:

3: value < exp{—c}

4: casez=1:

5: value <1

6: otherwise:

7. if a =0 then

8: a<b

9: c<d

10: [

11: swapflag < true

12: else

13: swapflag < false

14: end if

15: kmin < kmax <« [d] V2

16: cumPoiss <« W

17: forn=0:b+ kmax — 1 do

18: switch (n)

19: case n =0:
20: Laglist < (1)
21: casen = 1:
22: Laglist < Laglist Wa + cz
23: otherwise:
24- Laglist < Laglist¥ (2n+a72+CZ)XLaglis!((end)z/lf(rH»a*z)XLaglisl((end*l))
25: end switch
26: Tmax < Tmax + (1 — z)" x Laglist({(end))
27: end for
28: Tmin < Tmax
29: value <— Pmax x Tmax

30: if » =0 then

31: errthrshld <— 1 — exp{—d} — ¢

32: else

33: errthrshld < 1 — €

34: end if

35: while cumPoiss < errthrshld do

36: kmax < kmax + 1

37: Pmax < Pmax x -

38: Laglist - Laglist W (a+2b+2kmax—4+€z)><Laghsl(})(f:ii?ﬂ:_(cll+b+kmax—3)XLaglls(((end—Z))
39: Tmax < Tmax + (1 — g)bHma—1 Laglist( {end) )
40: value < value + Pmax x Tmax
41: cumPoiss < cumPoiss + Pmax
42: if kmin > 2 or kmin > 1 and b > 0 then
43: Pmin < Pmin x kuin
44: Tmin < Tmin — (1 — 2)? =1 x Laglist((b + kmin))
45: value < value + Pmin x Tmin

46: cumPoiss <— cumPoiss + Pmin

47: kmin < kmin — 1

48: end if

49: end while

50:  if swapflag then

51: value <— 1 —exp{—c(1 — 2)}z% x value
52: else

53: value < exp{—c(1 —z)}z% x value

54: end if

55: end switch
56: return value
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-1
Ty =Ti—1 + L,(ik_)l(—cz)

T +1 ifk=1-b

=T+ 0-2)a—-2—-cz) ifk=2—->b
_\btk—1 _ _ .

Tt + S5 (AL (—c2) = Be LDy (—c2)) ifk =3 b,

for each k € N, where Ay :==a +2b+2k —4+czand By :==a+b+1—3.
We present in Algorithm 13.2 below the algorithm, which shows how to compute
the doubly non-central regularized incomplete gamma function, which is given in
Hulley (2009). The term Laglist denotes the list of Laguerre polynomials, and
list ((i)) references element i of list, and by the symbol list ¥ x we mean that
the value x is appended to list.

13.5 Inverting Laplace Transforms

In this section, we discuss how to compute values of a function f : Rt — R from
its Laplace transform

fs)= fo exp{—st} f (1) dt,

where s is a complex variable with a nonnegative real part. We present the Euler
method from Abate and Whitt (1995), which is based on the Bromwich contour
inversion integral. We let this contour be any vertical line s = a so that f (s) has no
singularities on or to the right of it, and hence obtain, as in Abate and Whitt (1995),

f() = @ /Oo Re(f(a + 1u)) cos(ut) du.
0

The integral is evaluated numerically using the trapezoidal rule. Specifying the step
size as h gives

F@O fil) = @Re

(f@) + m 3" Re(f @+ tkh)) cos(khr).

k=1

Setting h = 7> and a = %, one arrives at the nearly alternating series

__exp{A/2} A é exp{A/2} > Nk ~f A+ 2km
fuly === Re(f<2t))+—t ,;( 1 Re(f(—% ))

(13.5.42)

Regarding the parameters, we need to know how to choose A: In Abate and Whitt
(1995) it is shown that to achieve a discretization error 1077, we should set A =
y log 10. Consequently, truncating the series after n terms, we have

sp(t) = %I?Q}Re(f<é>> + w Y (=Dfar(o), (13.5.43)

2
! k=1
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ak(t)zRe(f(A—l—TZIknl)).

Lastly, we apply the Euler summation, which explains the name of the algorithm.
In particular, we apply the Euler summation to m terms after the initial n terms, so
that the Euler summation, which approximates (13.5.42), is given by

where

m

Emnn=Y (’Z)zmsm(n, (13.5.44)

k=0

where s, (¢) is given by (13.5.43).We note that E(m,n,t) is the weighted average
of the last m partial sums by a binomial probability distribution characterized by
parameters m and p = % In Abate and Whitt (1995), the parameters m = 11 and
n = 15 are used, and it is suggested to increase n as necessary. In the following
subsection, we illustrate how to use this algorithm to recover a bivariate probability
density function. Using Lie symmetry methods, the first inversion can be performed
analytically, for the second we use the Euler method presented in this section given
by (13.5.44).

13.5.1 Recovering the Joint Distribution to Price Realized Variance

In this subsection, we apply the methodology discussed in this section to the pricing
of realized variance derivatives, in particular, options on volatility, see Sect. 8.5.2.
To price such products, we need to recover the joint distribution of (Y7, fOT YL, dt).
At first sight, obtaining the joint distribution should entail the inversion of a double
Laplace transform. However, since Lie symmetry methods provide us with funda-
mental solutions, we already have the inversion with respect to one of the variables.
Consequently, one only needs to invert a one-dimensional Laplace transform nu-
merically, to obtain the joint density over i+ x RT. We subsequently map the joint
density into [0, 1]2, following the discussion in Kuo et al. (2008), and hence can
employ a randomized quasi-Monte Carlo point set to compute prices. Assuming
that the one-dimensional Laplace transform can be inverted at a constant computa-
tional complexity, the resulting computational complexity is O (N), where N is the
number of two-dimensional quasi-Monte Carlo points employed.

We numerically invert the one-dimensional Laplace transform given in (5.4.16)
using the Euler method from Abate and Whitt (1995), which was also employed
in Hulley and Platen (2008), see also Craddock et al. (2000). We display the joint
density in Fig. 13.5.1.

Inverting the Laplace transform produces the joint density of (Y7, fOT Yi, dt) over

RT x RNT. One could now employ a product rule, such as the tensor product of two
one-dimensional trapezoidal rules, using N points for each co-ordinate, and perform
the numerical integration using N2 points, at a computational complexity of O(N?),
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Fig. 13.5.1 Joint density of
T 1

(YT,fO T,dt) for Yo =1,

n=0.052,T=1

assuming the Laplace inversion can be performed in constant time. However, instead
we map the joint distribution into the unit square, and employ an N point quasi-
Monte Carlo rule to obtain a quadrature rule whose computational complexity is
only O(N), see Sect. 12.2.



Chapter 14
Credit Risk Under the Benchmark Approach

In this chapter, we discuss how to model credit risk under the benchmark approach.
We employ the techniques from Sect. 12.3 in Filipovi¢ (2009), and we show how
under the benchmark approach, the Laplace transforms derived in this book can be
incorporated in this framework. The structure of this chapter is as follows: firstly
we introduce an affine credit risk model in Sect. 14.1. This model satisfies the key
assumptions of Sect. 12.3 in Filipovi¢ (2009). Hence the results presented there ap-
ply, which we recall for the convenience of the reader. Consequently, in Sect. 14.2,
we show how to price credit default swaps (CDSs) and introduce credit valuation
adjustment (CVA) in Sect. 14.3 as an extension of CDSs. In particular, our model
can capture right-way—and wrong-way exposure. This means, we capture the de-
pendence structure of the default event and the value of the transaction under con-
sideration. For simple contracts, we provide closed-form solutions, however, due to
the fact that we allow for a dependence between the default event and the value of
the transaction, closed-form solutions are difficult to obtain in general. Hence we
conclude this chapter with a reduced form model, which is more tractable than the
model from Sect. 14.1.

14.1 An Affine Credit Risk Model

In this section, we aim to introduce a realistic, yet tractable model for credit risk.
In particular, our model allows for a stochastic interest rate, and a stochastic default
intensity, both of which are correlated with the GOP. Mathematically, the model
is based on the approach in Sect. 12.3 in Filipovi¢ (2009). We point out that our
model satisfies the assumptions (D1) and (D2), see pages 230 and 233 in Filipovi¢
(2009), and hence we can employ the results presented in this reference. For further
technical background, we refer the reader to this reference.

We fix a probability space (§2, A, P), where P denotes the real world probability
measure. Next, we present a model for the evolution of financial information. We
remark that in our model, only having access to market information is not sufficient
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to decide whether or not default has occurred or not. We now present this model,
which is a doubly stochastic intensity based model. We introduce a filtration G =
(G1)1>0, satisfying the usual conditions and set

gOOZU{g[»tZO}CnA»

and a nonnegative G-progressively measurable process A = {A;, ¢ > 0} with the
property

t
/ Asds <00, P-as.forallt>0.
0

Next, we fix an exponential random variable ¢ with intensity parameter 1, indepen-
dent of G, and we define the random time

t
T :=inf{t: / Agds > d)}
0

assuming values in (0, co]. From the independence property of ¢ and Go,, we have

that
t
goo) :exp{—f As ds}. (14.1.1)
0

Lastly, we condition both sides in the preceding equation on G; and obtain

t
P(1:>t|goo):P(¢>/ Asds
0

t

P(t>1| g,)zexp{—/
0

Equations (14.1.2) and (14.1.1) are consistent with the assumptions (D1) and (D2)
in Filipovi¢ (2009), which are hence satisfied in our model. Next, we set

H; = 1{151}

A ds}. (14.1.2)

and H; = o {H;, s <t} and set A, = G; V H,, the smallest o -algebra containing G,
and H;. We remark that the inclusion G; C A; is strict, having access to G; does not
allow us to decide whether default has occurred by ¢, i.e. the event {r <t} is not
included in G;, so 7 is not a G-stopping time. We find this realistic, since it means
that only by observing financial data such as stock prices and interest rates, one
cannot determine whether default has occurred or not, as additional, non-financial
factors, can be assumed to be relevant to this decision, too. The following lemma is
Lemma 12.1 in Filipovi¢ (2009).

Lemma 14.1.1 Let t > 0. Then for every A € A;, there exists a B € G, such that

AN{r>t}=BN{r >t}

We have the following corollary to Lemma 14.1.1, the proof of which is analo-
gous to the proof of Lemma 12.1 in Filipovi¢ (2009).

Corollary 14.1.2 Let t > 0. Then for every A € A,, there exists a B € G, such that
AN{t <t}=BN{t <t}. (14.1.3)
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The first part of the following lemma is Lemma 12.2 in Filipovi¢ (2009), the second
part of the next lemma forms part of Lemma 12.5 in Filipovié¢ (2009).

Lemma 14.1.3 Let Y be a nonnegative random variable and ). and t be as defined
above. Then

t
E(l{r>t}Y | A) = 1{r>t}exp{/0 As ds}E(l{‘[>t}Y | Gt),

forallt > 0.IfY is also Goo measurable, then we have

E(l{rst}Y | At) = l{rgt}E(Y | gt)
Proof The first part of the lemma is proven in Filipovi¢ (2009), see the proof of
Lemma 12.2. For the second part, let A € A;, and note that by Corollary 14.1.2,
there exists a B € G, with property (14.1.3). We now use the definition of con-

ditional expectation, the fact that 1;<;}14 = 1jr<;j1p, that ¥ € G and that
P(t <t|Gs) = P(r <t|G;), which follows from Egs. (14.1.2) and (14.1.1):

/l{rft}YdPZ/ I{Tfl‘}YdP

A B
:LE(I{TSt}Y | gt)dP
2/ E(E(I{ISI}Y|goo)|gf)dP

B

— /B E(YE(jz=y) | Goo) | G1)dP
- fB E(Y | G)E(lz=y) | G)dP
_ /B E(lz=nE(Y 1G) | Gi)dP
Z/BI{TSI‘}E(Y|gt)dP

- / Ve ECY | G dP.
A
Hence we have

EQ<nY | A) =E(lz<nE(Y | G) | A) =1z E(Y | Gy). 0

The following formula is useful, when considering claims which are independent
of default risk. It is an immediate corollary to Lemma 14.1.3.

Corollary 14.1.4 Let Y be a nonnegative random variable which is G, measur-
able. Then

EY | A)=EY|G).
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We now present our specific model, which is based on affine processes. Firstly,
we define the square-root process Y = {Y;, r > 0}, given by

dY, = (1 —nY)dt + /Y, dW/,
where W' is a G-Brownian motion and we define the deterministic time-change
a; = agexp{nt},
see also Sect. 3.3, and we model the discounted GOP as
S'f =Y.
We now describe the short-rate using the stochastic process
ri=a; +b"Z + " [ (V). (14.1.4)

where a’ is a nonnegative deterministic function of time and »" and ¢" are non-
negative constants and f"(x) =x or f"(x) = % The process A {le, t>0}isa
square-root process given by

dz} =" (0' = z))di +o'\/Z} aW?, (14.1.5)

where k1,01, 6! > 0and 2«'0! > (o 1)2, where W2 is an independent G-Brownian
motion. We now introduce the GOP, which is given by

§% = B, 8%, (14.1.6)

where B, = exp{f(; rs ds}. Furthermore, by setting f"(x) =x or f"(x) = )17 respec-
tively, we retain analytical tractability via Propositions 7.3.8 and 7.3.9. Finally, we
introduce a model for the stochastic intensity

AM=al +bMZ}+ ) +dhZ2, (14.1.7)

where 2,02, 62> 0, a* is a nonnegative function of time. The constants b,
and d* are nonnegative, and 72 = {th, t > 0} is a square-root process:

dz} =«*(0> — Z7)dt + 0>\ 2} dW},

where 2«2602 > (6%)?, and W3 is an independent G-Brownian motion. We conclude
that A, r, and S5 are dependent, as they share some of their respective stochastic
drivers.

We conclude this section with presenting pricing formulas for some standard
claims, namely zero coupon bonds and European put options on the GOP. In
Sect. 14.3, we will study these products in the presence of CVA. We remark that
the affine nature of our model and the Laplace transforms derived using Lie sym-
metry analysis allow us to obtain these option pricing formulas. Regarding the zero
coupon bond with maturity 7' > 0 at time ¢ € [0, T], we have from the real world
pricing formula (1.3.19)
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1
PT(t):S,‘S*E(—s A,)
Sbe
(o)
_ — | g,
Sbe

o 1 T T T
=—Y,E<—exp{—/ agds—br/ Zslds—cr/ f(Ys)dng,)
ar Yr ' t 1
T _ar T r
R N P P L
(0% t

Yr
T
X E(exp{—b’/ ZS1 ds} ‘g,).
t

We remark that the expectations

. (exp{—cr IT vy dsy
Yr

)
e [ o))

can be computed using Propositions 7.3.8 and 7.3.9.

Having introduced zero coupon bonds, we now attend to swaps, in particular,
we consider a fixed-for-floating forward starting swap settled in arrears. We fix a
finite collection of future dates T, j =0,...,n, To > 0,and T; — T;_; =:6; > 0,
J=1,...,n. The floating rate L(T}, Tj41) received at time T is set at time T}
by reference to a zero coupon bond for the time period [T}, Tj1), in particular,

and

Prl (1) = 14 8,1 L(T. Ty ). (14.1.8)

The interest rate L(7}, Tj41) is the spot LIBOR that prevails at time T for the
period of length §;1. A long position in a payer swap entitles the investor to receive
floating payments in exchange for fixed payments, so the cash flow at time T is
L(Tj—1,T;)8; —«d;. The dates Ty, ..., T,,—1 are known as reset dates, whereas the
dates T4, ..., T,, are known as settlement dates. The first reset date Ty is known as
the start date of the swap. For t < Tj, the real world pricing formula (1.3.19) gives
the following value for a swap:

n Sx

S
FSer,(t):=E (Z ﬁ(L(TH, Tj) —«)8;

j=1 T]'

.A,). (14.1.9)

We now show how to rewrite the value of a swap as the difference of a zero coupon
bond and a coupon bearing bond. From Eq. (14.1.9), we obtain

n

B S 1 ‘
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Focusing on the computation of a single term in this sum we obtain

E(S;S*< : 1+ 6))‘,4)
SO L gk,
sy \ Pr;(Tj-1) 7)1

SO §o
= E(é ‘ A,) —(1 +/<8,-)E<ﬁ
J

)

S% PTj(ijl) g_
Sx st*
St 1 Tj-1
= E(Sa* Pr (Tj—1) E( o ATj1> ‘ At) — (1 +«8;) Pr; (1)
Tj_] J Tj
=Pr;_, (1) = (1 +«8;) Pr; (1). (14.1.11)

Substituting Eq. (14.1.11) into (14.1.10), we obtain

n
FSe.1,(t) = P, (t) — Zc./ Pr; (1), (14.1.12)
j=1
where c; =«6;, j=1,...,n—1and ¢, =1+ «§,. We remark that Eq. (14.1.12)
is analogous to Eq. (13.2) in Musiela and Rutkowski (2005). In Sect. 14.3, we show
that in the presence of default risk, even a simple linear product like a swap is in fact
treated like an option a swap, or a swaption, which we now introduce.

The owner of an option on the above described swap with strike rate k maturing
at T = Tp has the right to enter at time 7' the underlying fixed-for-floating forward
starting swap settled in arrears. The real world pricing formula (1.3.19) yields the
following price for such a contract:

(FSe,1,(To)) ™"

PS,.1, = Sf*E( .
To

Az). (14.1.13)

We remark that, as discussed in Sect. 13.1.2 in Musiela and Rutkowski (2005), it
seems difficult to develop closed form solutions for swaptions. However, as we
employ a tractable model, we can easily price swaptions via Monte Carlo meth-
ods: from Eq. (14.1.13), it is clear that in order to price the swaption, we need to
have access to the joint distributions of (Y7, flT f"(Ys)ds) conditional on Y;, and

(ZIT, ftT Z!ds) conditional on Z!. These were derived in Sects. 6.3 and 6.4, which
means that we can price swaptions using an exact Monte Carlo scheme.

For purposes of credit valuation adjustment (CVA), it is convenient to introduce a
forward start swaption: here the expiry date T of the swaption precedes the initiation
date Ty of the swap, i.e. T < Ty. The real world pricing formula (1.3.19) associates
the following value with this contract:

At> .

We will return to forward start swaptions when discussing CVA.

(FSe,1,(T) "
8

PSe1y7(1) 1= Sf*E(
T
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Finally, we show how to price a European put option, where we employ
Lemma 8.3.2 and we explicitly emphasize the dependence on Ztl, Y; and S;, which
will be relevant when discussing CVA. From Corollary 14.1.4, we get

. (K =83t
prx(t,Z} Y1, 5) =5 E(TT Ay
T

. [ (K =83t
=) E(+ G
ST

SS* SS* +
-~£(( %) [9)
sy K

= KE((exp{—In(Y(, 7))} — I?)+ | G).

where K =

8
= K Y@, T) = % Hence from Lemma 8.3.2, for w > 1, it follows

)

K
=5 /) E(exp{(w+:10)(=In(Y (2, 7))} | G/)

. (K =8It
5 E(%
ST

KNf(wfl‘i’l)\.)
di
(w+1)(w—141))

We now discuss the computation of the above conditional expectation

E(exp{(w +:10)(=In(Y (2, T)))} | Gr).
From Eq. (14.1.4), we have

E(exp{(w + 1) (=In(Y(t, 7))} | G/)

T
:E(exp{—(w—i—z)»)(/ ryds—}—ln(a ) —Hn(YT)—ln(Y,))}
t t

—exp{ (w+zk)/ a ds—(w+zk)ln( >}Y(w+')A
o

(o] wrm [ v20) o)
t
T
X E(exp{—(w +l)\,)/ crfl(Ys)ds}Y;(w-H)u)
t

= f(r 2z 7).

T
E(exp{—(w + l)»)/ bz} ds}
‘

)

)

Here

)
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T
E <exp{ —(w+1A) / ¢ () ds}YT‘(“’“ g,)

t
can be computed using Propositions 7.3.8 and 7.3.9. Hence, we obtain

Pr, K(l Ztl, Y, Sl)

K 1
f,z),

T (k)—(w—l-i-zk)
Xexp{—(w—i—lk)(/t s ds+]n< ))}(w+lk)(w—l+lk)dk

The above formulas will be employed in Sect. 14.3.

and

14.2 Pricing Credit Default Swaps Under the Benchmark
Approach

We now discuss how to price CDSs. In the next section, we show how CVA cal-
culations naturally extend this concept. Firstly, we summarize a CDS transaction.
Consider two parties: A, the protection buyer, and B, the protection seller. If a third
party, say C, the reference company, defaults at a time t, where t is between two
fixed times T, and T}, B pays A a certain fixed amount, say L. In exchange A pays
B coupons at a rate R at time points Ty41, ..., Tp, or until default.

Under the benchmark approach, the techniques from Filipovi¢ (2009) can be
combined with the Laplace transforms developed in this book. Using the real world
pricing formula, the value of this contract to B at a time t < T, is given by

T — Tg(r)—
CDS; = Sf*E(l{Ta<T§Th}R¢ ./4[)
5%
b 1
+ 5% a,-RE<—“§*T"} ‘A)
i=a+1 T;
1
—Sf*LE(M A[),
53

where 6; = T; —T; 1, and Tg(z) is the first of the T;’s following 7. The interpretation
is clear, the first two terms represent payments from party A to party B, where the
first term represents the amount accrued between the last payment before default,
made at time Tg(;)—1, and the default time 7. The last term represents the payment
to be made by B in case C defaults. Using the terminology from Filipovi¢ (2009),
the second term is a zero recovery zero coupon bond, a payment R is only made
at 7; if default occurs after 7;. The third term is a partial recovery at default zero
coupon bond with payment L, and so is the first term, for which the payment at
default is (r — Tg(r)—1)R.
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We firstly value the zero recovery zero coupon bond, where we use Lemma 14.1.3:

2
T
4 1
=1{r>t}St8*eXp / Asds E( fe=7) ‘gt>
0

t
1
= 1r- S exp / Asds E<—5 E(z=1y | G1)
0 Sr

1{1:>T}

PY(1) = Sf*E(

0

! ex Asds
=1{t>t}St8*exp /)\sds E(M )
0

ST
expf Asds}
= 1{T>I}SE*E<‘/A+
ST
=1 —E(Y—exp{ f (s + s )ds} ‘@) (14.2.14)
o
o
= 1{r>t}_[Yt
ar
exp{— [ asds —b [T Zlds —da [F 72ds — [T f(¥y)ds)
x E % G,
T

a T T
= I{DI}ZYt exp{—/j ag ds}E(exp{—b/t Z ds} ‘g,) (14.2.15)
T _ T
eloof-a [ Ao a)e(SE o)
t T

(14.2.16)

where a; = al +al',b=b"+b"*,d =d*, and f(x) =c" f"(x)+c* f*(x). We point
out that from Eq. (14.2.14), one can confirm the observation from Filipovi¢ (2009)
that when pricing a zero recovery zero coupon bond, as opposed to a zero coupon
bond, one replaces the short rate process by r; + A;, which results in a lower price.
Again, the expected values in Eqgs. (14.2.15) and (14.2.16) can be computed using
Propositions 7.3.8 and 7.3.9.

We now turn to the remaining two components of the credit default swap pricing
formula. We remark that it suffices to focus on

A).

T—T —1
S)"E (*hn«sm
St
From Sect. 12.3.3.3 in Filipovi¢ (2009) we recall that the distribution of 7, condi-
tional on the event {t > ¢t} for t < u, is given by

P(t <t <ul|GsoVH)

t
= 1{t>t}exp{/ As dS}E(l{t<t§u} | Goo)
0
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t t u
=1{T>t}exp{/ )»Sds}<exp{—/ ksds} —exp{—/ Asds}>
0 0 0
u
=1{r>t}<1 —exp{—/ )\Sds}),
t

which is the regular G, V H;-conditional distribution of T given {t > ¢}. For more
details on regular conditional distributions the reader is referred to Sect. 4.1.4 in
Filipovi¢ (2009). To obtain the density function, we differentiate with respect to u
to obtain

u
1> hu exp{—/ As ds}, (14.2.17)
t

A).

for u > t. We now price the partial recovery at default bond

(t = Tp)-1)
St

Using Eq. (14.2.17) and the Fubini theorem, we compute

T —T, -1
Sf*E<¢1{Ta<rsTb} A,)

o
_ S[(S*E<f(T)1{Ta<r<Tb} ‘Az)

8
St

o T Y,
= E(E(f(r)—' exp{—/ I dS}I{T,,<t<Tb}_t ‘goo V’Hz) ‘A)
O t Y;
Ty 5 u u Yt
:1{,>,}E(/ f(u)exp{—f Ty ds})w exp{—/ )»Sds}—du
T, t t Yu
Ty 5 u u Yt
=15 f(u)E<exp{—f rsds})w exp{—/ )Lxds}_
T, t t Yu

where f(x) = (x —Tg(x)—1) and f(x) = 3—;f(x). From Corollary 14.1.4, we obtain
u u Y[

E| exp —/ rsds ¢ Ay €xp —/ Asds t —

t t Yu

3 E(Au exp{— [ (ry + A;) ds}Y;
= v

PR(1) = Sf*E( Lz, <=1}

)

At) du,

.A;) (14.2.18)

Qt). (14.2.19)

Hence we conclude that

T —[H '
P;(t) _ 1{r>t}Yt/ f(u)E<)\.u CXP{ L/‘ty(rs + As) ds} ‘gt) du.
t u

We now discuss how to compute

E()Lu exp{_ftuy(rs + Ag)ds} ‘Q)
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Since we have

u
exp{—/ (rs+ks)ds}
t
u u u u
:exp(—/ asds—b/ Zslds—d/ Zszds—/ f(YS)ds)
t t t t

=a + vz + P ) +dhZ?

and

Ll’

we have

E(exp{—/tuasds—b/t Zlds — /22 /f(Y)ds}—
ool [ s (s (o] [ 2 ds} B

E exp{—d szs} E(eXp 7 (s) ds) ‘g,)

( %)
( o)s(ef o 2] 1)
< %)
+E<e { "z ds}‘@)E(d’\Zzexp{—d/tuzszdS ‘@)
( %)
( )r

)

t

+E(p*Z] exp{ Z ds

exp{— f, J (s )ds}

o

exp{— ft f(Y )ds}

t

X

+ E exp{ Z ds} ‘g, (exp{ szs} ’Q,)
t

Af2(Yu>exp{—f, f(¥y)ds)
E g[ )
Y,
where all expectations can be computed using Propositions 7.3.8 and 7.3.9. We re-

mark that the third term in the CDS valuation formula can be computed as above, in
this case f(r) = 1.

14.3 Credit Valuation Adjustment Under the Benchmark
Approach

In this section, we discuss the computation of CVA, in the affine credit risk model
introduced in Sect. 14.1. First, we introduce CVA as an extension of a CDS: assume
two parties, A and C, have entered into a series of contracts, the aggregate value of
which at time ¢ is given by V;. We take the point of view of party A, and say that
V; > 0 if the aggregate value of the contracts at time 7 is profitable to A, and V; <0
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if the aggregate value of the contracts is profitable to C. For ease of exposition, we
assume that party A cannot default but C can, so we discuss unilateral CVA, though
of course bilateral CVA can also be discussed under the benchmark approach using
the techniques introduced in this chapter.

Party A now approaches another party, say B, for protection on its portfolio V
with C over the period [0, T']: in case C defaults, B pays the value of the part of the
portfolio that is not recovered at the time of default, only if the value of the portfolio
is positive to A, i.e. only if V; > 0, where 7 denotes the time of default of C. Hence
the payment at default is

(1- RV,

where R is the recovery rate and V,+ :=max(V;, 0). Again, for ease of exposition,
we assume that B cannot default. Using the real world pricing formula (1.3.19), we
obtain the real world price of this protection as

O Vr+
CVA;i= (1= RIS/ E( G- L)
T

.At>, (14.3.20)

for t > 0. It is crucial for CVA computations, that right-way exposure and wrong-
way exposure are taken into account. This requires the modeling of a dependence
structure between the portfolio process V and the time of default, 7: under the
benchmark approach, the value of V depends on the numéraire, which is the GOP,
S%  and hence its stochastic drivers, ¥ and Z!. However, T can in general also be
expected to depend on % if the GOP drops, which affects the value of V, a default
of C can be more likely, or less likely, depending on the nature of company C. In
Sect. 14.4, we present an illustrative example including commodities. The exposure
is called right-way if the value of V is negatively related to the credit quality of the
counter party and wrong-way is defined analogously, see Cesari et al. (2009). Our
specification of A, which takes into account Z!' and Y allows us to model this by
choosing f Mx)=x or f Mx) = % We now consider the valuation of some simple
contracts.

Firstly, we assume that V; = S;S * and that A has bought protection from B for the

period [0, T'], then
A)
=Sf*P(t <t<T|A)

= Sf*E(l{Dz} — a1y | A)
= 1{r>t}S;S*E(1 - 1{r>t}1{r>T} | -At)

s Ve
CVA[ = St*E (S—:';*l{[<f§7‘}

T

Now, we have

t
E-nli-1y | A = 15 exp{/ As dS}E(l{r>t}1{t>T} | Gr)
0

t
_ 1{r>t}exp{ /0 Ay ds}E(Ea{Dn 16r)|G)
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! T
:1{t>¢}exp{f Asds}E<exp{—/ As ds} ‘@)
0 0

T
=1{r>z}E<eXP{—/ )"sds} ’gz)
t

where we used Lemma 14.1.3 with ¥ = 1(;- 7} and Eq. (14.1.2). Finally,

T
CVA; =1{t>t}St8*E<1 —CXP{_/ )‘sds} ‘gt)’
t

and we compute
T
E(exp{— / As ds} g,)
t

as in Sect. 14.2, since A; is a function of affine processes, and the relevant Laplace
transforms are given in Propositions 7.3.8 and 7.3.9.

Now assume that V;, = Pr(¢), a zero coupon bond, which we priced in Sect. 14.1.
Again we consider CVA over the period [0, T']

.

Ar) 1{t<r§T}

v+
CVA, = S;S*E(S—E*I{I<T§T}

T

s 1
S

At)
1 <1<T
= S;S*E (7“ =T} ’ .At>

Soe
8¢ o [ Hr>T)
A ) - stE( ST 4,
Sy

1
= 1{T>I} (S;S*E<_(S
S

= 1ir=0(Pr(0) — PR(D)),

so, conditional on the event {t > ¢}, we have represented CVA as the difference
between a zero coupon bond and a zero recovery zero coupon bond. We remind the
reader that the latter was priced in Sect. 14.2.

Next, we discuss the pricing of a European put option in the presence of counter-
party risk. Recall that standard European put options were priced in Sect. 14.1. We
use the density function from Eq. (14.2.17), the fact that 1{;- is A;-measurable,
and Corollary 14.1.4 to obtain

)

7,7l vy, 8%
_ S;S*E(PT,K( o 1,97 )1{t<r§T} .A[)
ST
8
(K —-8SH+
ZS;S*E(—STl{t<t<T} Ay
S
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(K — ST
= S;S*E(E(Tfl{,<r<7} Goo V Hr) At>
T

T (K — St u
:S;S*E(l{r>t}/ (‘TT)M exp{—/ Asds}du
t t

T

A,)
s [T ((K=SH)* u
=1y SP | E(—— L hexpy— | Agdsi |G )du
t Sr t
T Sé* (K _ Sa*)—i- u
= 1{r>t}S[6*-/ E( : E<7BT Au))w exp{—/ As ds} ‘ Q,) du
t St S t

T 1 O u
240 Y,, S
:1{r>t}St5*/ E(pT’K(u ur 1 T )kuexp{—f )\Sds} g,) du.
t t
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In general, it seems difficult to simplify the above expression further. Essentially,
this is due to the fact that our model incorporates wrong-way and right-way ex-
posure, i.e. we allow for dependence between 7 and S%. Hence one would usu-
ally employ a Monte Carlo algorithm, see e.g. Cesari et al. (2009). We remark that
in Sect. 6.3, we derived the joint law of ( ft” Ysds, Y,), conditional on Y;, and in
Sect. 6.4, the joint law of ( f[” ds , Y, conditional on Y;, which are useful in devel-
oping a Monte Carlo algonthm

We now discuss the pricing of swaps in the presence of counterparty risk. In
Sect. 14.1, we presented the value of a swap as a linear combination of zero coupon
bonds. Hence, if market prices of zero coupon bonds are available, a model would
not be required to price swaps in practice. In the presence of counterparty risk, this
is different, as we now show. We set V; = F'S; 1,(t), where FS, 7,(¢) is defined in
Eq. (14.1.9), so we consider a swap with start date Ty, and we focus on CVA for the
period [0, T'] for T < Tp. We have

A)

1{t<t§T}

V+
CVA, = Sf*E(S—g*l{t<r§T}

T

FS,1, ()"
_ S[S*E<( /C,TQ( ))
S*
hence the market price of counterparty risk associated with a swap can be interpreted
as a forward start swaption with random expiry date t. Again, we use the den-

sity function from Eq. (14.2.17), the fact that 1{;~, is A;-measurable, and Corol-
lary 14.1.4 to obtain
A,)

S;S*E<(FSK TNT
'L'

FS +

= SfE(E (1{t<r<T} Eey @) ”’;E;fr))

T

Al>, (14.3.22)

1{t<r<T}
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T (FS + u
=1{t>,}Sf*E</ (K’Sﬂ)\u exp{—/ Asds}du .At>
' u t

T FS + u
=1{,>,}Sf*E</ (K’S#Auexp{—/ ksds}du g,)
t p t

T ((FS + u
:1{r>t}Sf*f E((K’S#)\u CXP{—/ Asds} ‘ g,) du.
t u t

(14.3.24)

Hence, as for the European put, we resort to Monte Carlo methods to compute equa-
tion (14.3.24). This is due to the fact that accounting for right-way and wrong-way
exposure makes it more challenging to compute CVA analytically.

14.4 CVA for Commodities

We now consider counterparty risk for commodities. In particular, we consider the
case where the counterparty C is directly affected by the value of the commodity
underlying the transaction. For example, say the counterparty C is an airline, in
which case it is clear that the company has a large exposure to the price of oil
and could be interested in trading forward contracts on oil with company A, which
is assumed to be default free. However, in case the price of oil rises, default of
company C becomes more likely. Taking into account right-way and wrong-way
exposure, it is important to recognize that the value of the commodity impacts both,
the value of the transaction V, assumed to be a forward on oil, but also the time of
default . We hence model this under the benchmark approach following Du and
Platen (2012b). In particular, we use St”s* to denote the value of the GOP at time ¢,
denominated in units of the i-th security. A general exchange price, which could be
a number of units of currency i to be paid for one unit of currency j, or a number
of units of currency i to be paid for one unit of commodity j is then given by

i _ sy

=2 (14.4.25)
s/

In this section, currency i would be the domestic currency and commodity j the

commodity of interest, so j could correspond to oil and i to US dollars. In par-
ticular, we note that if S,i"s* appreciates or S/ 0 depreciates, then X, appreciates,
so more units of currency i, say US dollars, have to be paid for one unit of the
commodity. We recall the MMM from Du and Platen (2012b). Though parsimo-
nious, the model is tractable and in particular allows us to incorporate right-way
and wrong-way exposure. In particular, we set

sko = Bkykak, (14.4.26)

where k € {i, j} and where

dyf =&*(1 - vF)dt + \/ekvk aw},
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k e {i, j}, where Wi and W/ are independent G-Brownian motions. Furthermore,

AR = Ak exp{ékt},

'
Bk :exp{[ rfds}.
0

When considering a currency, say i, ri= {rti, t > 0} is interpreted as a short rate

and

process, and for commodities rd = {r," , t > 0} can be interpreted as the convenience
yield process. Following Du and Platen (2012b), we set
L L o
rp=a +b"'Y, +bY/,
rl =al + b7y + Y/
where a’, a’, b, b/’ b/, bJJ are nonnegative constants, and b"/ corresponds to
the sensitivity of the short rate ' to changes in Y/. In particular, we note that S’
and S/-% are dependent, as they share common drivers. We are now in a position to
price a standard forward contract, and recall the relevant result from Du and Platen
(2012b). Recall that at initiation time ¢, the forward price F,l T 6f one unit of
commodity j to be delivered at time 7', denominated in currency i, is chosen so that
the forward has no value. Using the real world pricing formula (1.3.19), we chose
F;’/’T so that
i\ j i j,T
xbJ _ i )
E(% A,) =0. (14.4.27)
S

Solving Eq. (14.4.27) for F,i’j’T produces Theorem 3.1 from Du and Platen (2012b),
which we now present.

Theorem 14.4.1 The real world price at inception time t € [0, T] in units of the
i-th currency, for one unit of the j-th commodity to be delivered at time T € [0, 00)
equals

FidT _ i Pf(l).
t t PL(1)

We point out that P}' () corresponds to a zero coupon bond in currency i, whereas

P% () is the value of the delivery of one unit of the j-th commodity at maturity 7,
denominated in units of the commodity j itself. Furthermore, we need to know the
value of the forward initiated at time 7y, at an intermediate time, say ¢ € [#o, T']. The
relevant formula is given in Theorem 3.2 in Du and Platen (2012b).

Theorem 14.4.2 The real world value U, .7 of a forward contract at time t for
one unit of the jth commodity with initiation time to and maturity date T equals
i,ji10,T _ pi i,j,T i,j,T
U, =Pr()(F" —F"7),

when denominated in units of the i-th currency, to € [0, T], t € [to, T1, T € [0, 00).
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We remark that for the model introduced in this section, we can derive closed-
form solutions for forward prices and the value of forward contracts the way we did
in Sect. 14.1.

Now we want to return to our counterparty risk example. As we had discussed
before, the airline is more likely to default if the price of the commodity increases.
Hence we propose the following model: we introduce an additional square-root pro-
cess

dZ; =x0 — Z;)dt + 0/ Z; dWF,

where W is a G-Brownian motion independent of W' and W/. The default intensity
A is modeled as follows:

. 1
M=ar+ Y+ — +d 7, (14.4.28)
Y/
where b, c*, d* are nonnegative constants and a* is a nonnegative function. In

particular, we note that if the main driver of §"%, which is Y?, increases, then X,/
and ); increase, i.e. default becomes more hkely as the price of the commodlty

increases. Likewise, as the main driver of S] 0 , which is Y/ , decreases, then X,/
and A; increase, i.e. default becomes more hkely ‘We now consider CVA for V; =
U,i"/’ZO’T over the period [0, T']. We employ the density function from Eq. (14.2.17),
the fact that 1, -, is A;-measurable, and Corollary 14.1.4 to obtain

A)
i,j.t0,T\+ u

| P "S*E</ (U ) — exp{—/ )»Sds}du A,)
t

5 (U:;”’“'T)+ ‘
=120 S */ E(i—a*}‘“ exp{—/ As ds} g,) du.
t Sy t

(14.4.29)
Again, one would resort to Monte Carlo methods to compute (14.4.29), due to the
fact that our model takes into account right-way and wrong-way exposure.

. v+t
CVA, = Sl’a*E<S—r1{t<r<T}

14.5 A Reduced-Form Model

The affine credit risk model presented in Sect. 14.1 is able to incorporate right-
way and wrong-way exposure, and should hence be useful when performing CVA
computations. However, for many products, Monte Carlo algorithms need to be em-
ployed when performing computations. Though from e.g. Cesari et al. (2009), this
should be expected, we aim to produce a reduced form model in this section. The
model assumes independence between default risk and financial risk. Though not
necessarily satisfied for all transactions relevant to practice, this is a very tractable
model.
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We hence modify the model from Sect. 14.1 as follows: firstly, we model §%
using the MMM from Sect. 3.3, we set

dY, = (1 —nYy) dt +/Y; dW,,
where W is a G-Brownian motion and we set
o = apexp{nt}.
A constant interest rate » > 0 is employed for simplicity, so we have
B; = exp{rt}.

Next, we set A; = A > 0, i.e. we employ a constant default intensity. The assump-
tions of Sect. 12.3 in Filipovi¢ (2009) are still satisfied and we have

P(t>1|Gx) = P(t >1t|G;) =exp{—At}
and
Pt <T<u|GooVHi)=1iz=py(1 —exp{—ir(u—1)}),
so the conditional density of T given T > ¢ is exponential with parameter A, i.e.
TRV exp{—/\(u — t)}. (14.5.30)

This facilitates computations greatly, as we now demonstrate.

Assume that V; > 0, Vr € [0, T'], and that the portfolio V does not generate any
cash flows on the interval [0, 7']. Furthermore, we assume that V is fair, see Defini-
tion 1.3.4, so V_ forms an (A, P)-martingale,

5
A,)
Goo V Hr) ‘ »At)

T V+
= 1{,>,}SE*E(/ ﬁk exp{—k(u — t)} du
t

u

T +

v
=1{r>r}5f*/ E(—g
t Su*

u

V+
CVA; = Sf*E(S—fl{mST}

T

v+t
= Sts*E (E <_tl{t<‘[§T}
Sz

3

A,)Aexp{—k(u - t)} du.

Since V,Jr = V;, one can compute

v v,
Sf*E(L ‘At) — Sf*E(—(S“*
u

Sor S
%
:Sf*E(E( - AM)AI)
T
%
:Sf*E(—f A,)
S *
T
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Hence we get
CVA; =1z Vi (1 — exp{—M(T — 1)}). (14.5.31)

We point out that Eq. (14.5.31) can be used to deal with zero coupon bonds, Eu-
ropean call options and swaptions, but not, for example, to deal with swaps, as the
latter can assume negative values. We do, however, recall our previous observation
that there exists a close link with forward start swaptions, which we now exploit.
Set V; = FS, 1,(t) and we consider CVA over the period [0, T'], where T < Ty, then
using the density in Eq. (14.5.30) we obtain

N
Os Vr+
=S"E|E El{t«sT} Goo VH: | | A
+

T
8* g Vu
== S E - Aexp{—A(u—1)}du
t

u

T +
\%

=1{r>t}/ S;S*E(—g*
' Sy

T +
(FSi,1y(u))
=15y f S,S*E(ik Tg*
t Sy

5 v
CVA, = S[*E<—S§* 1{t<r§T}
T

)

A;)k exp{—A(u— 1)} du

At>kexp{—k(u - t)} du

T
= 1{,>,}/ PSe.1p.u(®)Aexp{—A(u — 1)} du.
t

We remark that under the MMM, the value of a forward start swaption amounts to
the computation of a one-dimensional integral. From Sect. 14.1, we recall

+
(FSK,T()SET)) Az)
T
(DBt

O
ST

PSe.1y.7(t) = Sf*E(

For the reduced form model,
§% = B, 8%,

and S% is a time-changed squared Bessel process of dimension four, the transition
density of which is known in closed-form, see Sect. 3.1:

pa(e(), x:0(T), y)

1

~smss) |z | (@ o)
2p(T) —p() \ x 206 — o) | ' \oM —o0)

Furthermore, in Sect. 3.3 we derived

3
e )

2(p(T) — (1))
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We define

f@. T, y) =exp{—r(T — f)}<1 - GXP{‘W})'

Hence we get
PSi 15, 7(1)
= 8} exp{—r(T — 1)}
« /‘OO (f(T7 T07 }’) - Z?:l C]f(Ta T’5 }’))
0 y

palp(). 87 (T). y) dy.

and regarding CVA, we obtain

T poo
CVA; = 1{z=1) S / / exp|—(r + 1) — 1)
t 0

« (f(ua TO’ y) - 27:1 ij(u, T]’ )’))+
y

Hence the CVA associated with a swap can be expressed in terms of a two-
dimensional integral, which is easily evaluated e.g. using the methods from
Chap. 12.

pa(o(®), 52, o(u), y)rdy du.




Chapter 15
Continuous Stochastic Processes

It is the aim of this chapter to briefly recall basic definitions and results concern-
ing continuous stochastic processes. We also discuss the 1t6 formula, the Feynman-
Kac formula and existence and uniqueness of solutions of SDEs driven by Wiener
processes. This chapter is tailored towards the content presented in this book. For
a more detailed discussion, also covering SDEs driven by Poisson processes and
Poisson random measures, the reader is referred to e.g. Chap. 1 in Platen and Bruti-
Liberati (2010).

15.1 Stochastic Processes

15.1.1 Stochastic Process

If not otherwise stated, throughout the chapter we assume that there exists a com-
mon underlying probability space (£2, .4, P) consisting of the sample space §2, the
sigma-algebra or collection of events A, and the probability measure P, see for
instance Shiryaev (1984). One typically observes a collection of random variables
Xy, X1y, ..., which describe the evolution of financial quantities, at the observation
times fg < #; < - --. The collection of random variables is indexed by the time ¢, and
we call T the time set. The state space of X is usually the d-dimensional Euclidean
space R, deN = {1,2,...}, or a subset of it. However in Chaps. 10 and 11, we
also consider matrix-valued diffusions.

Definition 15.1.1 We call a family X = {X,, t € T} of random variables X, € R
a d-dimensional stochastic process, where the totality of its finite-dimensional dis-
tribution functions

<x;)  (5L1)

'

Fxt,.l Xy, (i X)) = P(Xyy < x4y, X,
J
forij €{0,1,...}, jeN, x ;€ ¢ and ti; € T determines its probability law.
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We set the time set to the interval 7 = [0, co) if not otherwise stated. On some
occasions the time set may become the bounded interval [0, T'] for T € (0, o0) or a
set of discrete time points {tg, 71,2, ...}, where tg < t] <ty <---.

15.1.2 Filtration as Information Structure

As already indicated previously, our modeling is based on a given probability space
(£2, A, P). On such a probability space we consider dynamics that are based on the
observation of a continuous time stochastic vector process X = {X; € N4, >0},
d € N'. We denote by .A, the time ¢ information set, which is the sigma-algebra
generated by the events that are known at time ¢ > 0, see Shiryaev (1984). Our
interpretation of A, is that it represents the information available at time ¢, which
is obtained from the observed values of the vector process X up to time 7. More
precisely, it is the sigma-algebra

Ar=o{X,: s €[0,1])

generated from all observations of X up to time ¢. Since information is not lost, the
increasing family

={A, >0}

of information sets ./Zt, satisfies, for any sequence 0 <t} <t < --- < oo of observa-
tion times, the relation fl,] - ./21,2 C - CAy= U,>o A,

For technical reasons one introduces the information set 4, as the augmented
sigma-algebra of A, for each t > 0. It i is augmented by every null set in Aso such
that it belongs to Ay, and also to each A, saying that A; is complete. Define A, =
(=0 Ar+e as the sigma-algebra of events immediately after 7 € [0, 00). The family

= {A;,t >0} is called right continuous if A; = A;+ holds for every ¢ > 0. Such
a right-continuous family 4 = {4;, t > 0} of information sets one calls a filtration.
A filtration can model the evolution of information as it becomes available over time.
We define A as the smallest sigma-algebra that contains A = |, A;. From now
on, if not stated otherwise, we always assume in this chapter a filtered probability
space (2, A, A, P) to be given.

Any right-continuous stochastic process Y = {Y;, t > 0} generates its natural fil-
tration AY = {AZY ,t > 0}, which is the sigma-algebra generated by Y up to time 7.
For a given model with a vector process X we typically set A = AX with A, = AX

If for a process Z = {Z;,t > 0} and each time ¢ > 0 the random variable Z; is
AX measurable, then Z is called adapted to AX = {AZX ,t > 0}. The history of the
process Z until time ¢ is then covered by the information set .A,X .

15.1.3 Conditional Expectations

The notion of conditional expectation is central to many of the concepts that arise
in applications of stochastic processes. The mean value or expectation E(X) is the
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coarsest estimate that we have for an integrable random variable X, that is, for
which E(|X|) < oo, see Shiryaev (1984). If we know that some event A has oc-
curred we may be able to improve on this estimate. For instance, suppose that the
event A = {w € §2: X(w) € [a, b]} has occurred. Then in evaluating our estimate of
the value of X we need only to consider corresponding values of X in [a, b] and
weight them according to their likelihood of occurrence, which thus becomes the
conditional probability given this event, see Shiryaev (1984).

The resulting estimate is called the conditional expectation of X given the event
A and is denoted by E(X| A). For a continuous random variable X with a density
function fx the corresponding conditional density is

0 forx <aorb<ux

fx(x|A)= fx () ,
fab @5 for x € [a, b]

with the conditional expectation

00 b

E(X|A)=/ fo(x|A)dx=f“bfoﬂ, (15.1.2)
o0 f a fx (x ) dx

which is conditioned on the event A and is, thus, a number.

More generally let (§2, A, P) be a given probability space with an integrable
random variable X. We denote by S a sub-sigma-algebra of A, thus representing
a coarser type of information than is given by S C .A. We then define the condi-
tional expectation of X with respect to S, which we denote by E(X | §), as an
S-measurable function satisfying the equation

/E(X|S)(a))dP(a))=/ X (w)dP(w), (15.1.3)
0 0

for all Q € S§. The Radon-Nikodym theorem, see Shiryaev (1984), guarantees the
existence and uniqueness of the random variable E(X | S). Note that E(X | S) is
a random variable defined on the coarser probability space (§2, S, P) and thus on
(82, A, P). However, X is usually not a random variable on (£2, S, P), but when it
is we have

E(X|S) =X, (15.1.4)

which is the case when X is S-measurable.
For nested sigma-algebras S C 7 C A and an integrable random variable X we
have the iterated conditional expectations

E(EX|T)|S)=EXIS) (15.1.5)

almost surely. Since most equations and relations formulated in this book hold al-
most surely, we typically suppress these words. When X is independent of the events
in S we have

E(X|S)=EX). (15.1.6)
By setting S = {(J, 2} it can be seen that
E(E(X18))=EX). (15.1.7)
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Conditional expectations have similar properties to those of ordinary integrals
such as the linearity property

E(X+BY | S)=aEX|S)+BEX|S), (15.1.8)

where X and Y are integrable random variables and «, 8 € ) are deterministic
constants. Furthermore, if X is S-measurable, then

EXY|S)=XEX|S). (15.1.9)
Finally, one has the order preserving property
EX|S)<EX|S) (15.1.10)

if X <Y as.

The conditional expectation E(X | S) is in some sense obtained by smoothing
X over the events in S. Thus, the finer the information set S, the more E(X | S)
resembles the random variable X.

15.1.4 Wiener Process

The Wiener process or Brownian motion is a stochastic process with stationary in-
dependent increments. These mathematical properties make it suitable as funda-
mental building block in stochastic modeling. The random increments X;,,, — X,,
j€1{0,1,...,n — 1}, of these processes are independent for any sequence of time
instants typ <] < --- < t, in [0, 00) for all n € N. If ty = 0 is the smallest time
instant, then the initial value Xy and the random increment X,j — Xo for any
other ¢; € [0, 0o0) are also required to be independent. Additionally, the increments
X:+n — X; are assumed to be stationary, that is X;4, — X; has the same distribution
as X, — Xgforallh>0andt > 0.

Definition 15.1.2 We define the standard Wiener process W = {W;, t > 0} as an A-
adapted process with Gaussian stationary independent increments and continuous
sample paths for which

Wo =0, w(t)=E(W;)=0, Var(W, — W)=t —s (15.1.11)
forall t > 0and s € [0, ¢].

‘We now recall the following basic distributional properties of the Wiener process,
see e.g. Borodin and Salminen (2002).

Lemma 15.1.3 The Wiener process W = {W;, t > 0} enjoys the following distribu-
tional properties:

e spatial homogeneity: for every x € R, the process x + W is a Brownian motion
started at x;
e symmetry: —W is a Brownian motion;
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e Scaling: for every ¢ > 0 the process {\/cW;c, t > 0} is a Brownian motion;
e time inversion: the process given by

0 fort=0
= (15.1.12)
tWi fort>0
is a Wiener process;
e time reversibility: for a given t > 0 the following equality in law holds
{Wy: O§s§t}i{Wt_s—W,: 0<s <t} (15.1.13)

There exists also a multidimensional version of the above Wiener process.
We call the vector process W = {W; = (th, W,2,...,Wt’”)T, t >0} an m-
dimensional standard Wiener process if each of its components W/ = {W/, t > 0},
Jj€{1,2,...,m} is a scalar A-adapted standard Wiener process and the Wiener
processes Wk and W/ are independent for k # j, k, j € {1,2, ..., m}.
This means that according to Definition 15.1.2, each random variable W,’ is
Gaussian and A,-measurable with

E(W/ | Ag) =0 (15.1.14)

and we have independent increments W,j — ij such that
E(W/ —w/ | A)=0 (15.1.15)
fort >0,s5€[0,¢]and j € {1,2,..., m}. Moreover, one has the additional property

that
(t—s) fork=j

(15.1.16)
0 otherwise

E((W/ — W) (WE = w¥) | 4,) = {

fort>0,se[0,¢]and j,ke{1,2,...,m}.

15.2 Supermartingales and Martingales

15.2.1 Martingales

We define the quantity F; for s € [0, 00) as the least-squares estimate of a future
value X, at the future time 7 € [s, 00) under the information given by Ay at time s.
This estimate is A;-measurable and minimizes the error

es = E((X; — Fy)?)

over all possible .A;-measurable estimates, assuming that £, < co. The random vari-
able F; is simply the least-squares projection of X, given the information at time
s € [0, t]. It is obtained by the conditional expectation

Fy=E(X: | Ay), (15.2.17)

for all s € [0, #]. This leads to the following definition:
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Definition 15.2.1 A continuous time stochastic process X = {X;, t > 0} is called
an (A, P)-martingale or simply a martingale, if it satisfies the equation
Xs=E(X, | Ay) (15.2.18)
for all s € [0, ¢] and the integrability condition
E(|Xt|) <00 (15.2.19)
forallz > 0.
An example of an (A, P)-martingale is a Wiener process W = {W;,t > 0} on a
filtered probability space (§2, A4, A, P).
There are many other continuous time stochastic processes that form martingales.

For example, using again the standard Wiener process W it can be shown that the
process

X={X,=W}—1t,t>0} (15.2.20)

is an (A, P)-martingale.

15.2.2 Super- and Submartingales

Some systematically upward or downward “trending” stochastic processes can be
captured by the following notions:

Definition 15.2.2 An A-adapted process X = {X;, t > 0} is an (A, P)-supermar-
tingale (submartingale) if
E(lth) < 00 (15.2.21)
and
(=)
Xs; > E(X; | Ay) (15.2.22)
forall s € [0, 00) and £ € [s, 00).
This means, a supermartingale is “trending” systematically downward or has no

trend. We call a supermartingale a strict supermartingale (strict submartingale) if
the inequality in (15.2.22) is always a strict inequality.

15.2.3 Stopping Times

We define stopping times on the filtered probability space (§2, A, A, P) introduced
above.
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Definition 15.2.3 A random variable t : £2 — [0, 00) is called a stopping time with
respect to the filtration A if for all # > 0 one has

[t<t)eA,. (15.2.23)

The relation (15.2.23) expresses the fact that the event {t <t} is A;-measurable
and, thus, observable at time 7. The information set associated with a stopping time
7 is defined as

Ar=c{AeA: AN{r <1} € A fort >0} (15.2.24)

It represents the information available before and at the stopping time 7. For exam-
ple, the first time

T(a) =inf{t > 0: W; =a} (15.2.25)

when a Wiener process W reaches a level a € )i is a stopping time.

One calls a sigma-algebra predictable when it is generated by left-continuous
A-adapted processes with right hand limits. We exclude in a predictable sigma-
algebra, in principle, all information about the time instant when a sudden non
predictable event occurs. Immediately after the event a predictable sigma-algebra
already contains this information.

A stochastic process X = {X,, t > 0}, where X is for each stopping time T mea-
surable with respect to a predictable sigma-algebra, is called predictable. For exam-
ple, all continuous stochastic processes are predictable.

A stopping time is called predictable, if A; is predictable. This means, A; is
generated by left-continuous stochastic processes with right hand limits. The first
hitting time t(a), given in (15.2.25), of the level a by the Wiener process W is
predictable.

For a, b € N we employ the notation a A b = min(a, b) and a vV b = max(a, b).
Let us summarize the following useful properties of stopping times t and 7/, see,
for instance, Karatzas and Shreve (1991) and Elliott (1982):

(i) 7 is A;-measurable;
(ii) for a continuous 4-adapted process X = {X;, t > 0} the random variable X is
A;-measurable;
(iii) if P(r <t/)=1,then A, C A,;
(iv) the random variables T A T/, T Vv 7’ and (r + t’) are stopping times;
(v) if for areal valued random variable ¥ we have E(|]Y|) <occand P(r <t/) =1,
then

EY|A)=EY | A rp) (15.2.26)
and
E(EY | Ay) | Ay) = E(Y | Ap). (15.2.27)

If X ={X,, t >0} is a right continuous (A, P)-supermartingale, then the super-
martingale property (15.2.18) still holds if the times s and ¢ in (15.2.18) are bounded
stopping times. More precisely, Doob’s Optional Sampling Theorem states the fol-
lowing result, see Doob (1953):
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Theorem 15.2.4 (Doob) If X = {X;,t >0} is a right continuous (A, P)-super-
martingale on (52, A, A, P), then it holds for two bounded stopping times Tt and
t’ with T <t/ almost surely that

E(Xp | A < X-. (15.2.28)

Furthermore, if X is additionally an (A, P)-martingale, then equality holds in
(15.2.28).

15.3 Quadratic Variation and Covariation

15.3.1 Quadratic Variation

For simplicity, let us consider an equidistant time discretization
{tkzkh: ke{O,l,...}}, (15.3.29)

with small time steps of length 7 > 0, such that 0 =7y <] <, <---. Thus, we
have the discretization times t; = k h for k € {0, 1, ...}. The specific structure of the
time discretization is not essential for the definition below, as long as the maximum
time step size vanishes. There is no need to have the time discretization equidistant.
However, it makes our presentation simpler.

For a given stochastic process X the quadratic variation process [X] =
{[X1;, t > 0} is defined as the limit in probability as # — 0 of the sums of squared
increments of the process X, provided this limit exists and is unique, see Jacod and
Shiryaev (2003) and Protter (2005). More precisely, we have at time ¢ the quadratic
variation

[X], £ lim [X]5., (15.3.30)
h—0

where the approximate quadratic variation [X], ; is given by the sum

ny

(Xl =Y Xy — Xq_ )2 (15.3.31)
k=1

Here n; denotes the integer

n; = max{k e N: 1 <1}, (15.3.32)

which is the index of the last discretization point before or including ¢ > 0.
The value of the quadratic variation process [W] = {[W];, t > 0} at time ¢ for a
standard Wiener process W is given by the relation

(W], =1t (15.3.33)

fort > 0.
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15.3.2 Covariation

For the definition of covariation the same equidistant time discretization, as given in
(15.3.29), is now used. For two continuous stochastic processes Z1 and Z; the co-
variation process [Z1, Z>]1 = {[Z1, Z2];, t = 0} is defined as the limit in probability
as h — 0 of the values of the approximate covariation process [Z1, Z>],,. with
ny
1Z1. Zalhe = ) (Z1(10) = Z1(e-1)) (Za() = Zo(n—1)) - (15.3.34)
k=1
for t >0 and h > 0, see (15.3.32). More precisely, at time # > 0 we obtain the co-
variation

P ..
[Z1, Z2]; :}}g%[zl’ Z21n1s (15.3.35)

where [Z1, Z>]5,; is the above approximate covariation.

15.3.3 Local Martingales

As we will see, certain stochastic processes become martingales when properly
stopped but are not true martingales.

Definition 15.3.1 A stochastic process X = {X;, 1 > 0} is an (A, P)-local martin-
gale if there exists an increasing sequence (t,),cA Of stopping times, that may

depend on X, such that lim,, 0 T 2 50 and each stopped process
X" ={X{"=Xinr,. t 20} (15.3.36)

is an (A, P)-martingale, where ¢t A 7, = min(¢, ).

If X is a local martingale, then the value X does, in general, not equal the con-
ditional expectation E(X; | A) for s € [0, 00) and ¢ € [s, 00). A local martingale
that is not a martingale is called a strict local martingale.

The following holds, see Protter (2005) and Shiryaev (1984):

Lemma 15.3.2

(1) An almost surely nonnegative (negative) (A, P)-local martingale is an (A, P)-
supermartingale (submartingale).
(ii) An almost surely uniformly bounded (A, P)-local martingale is an (A, P)-
martingale.
(iii) A square integrable (A, P)-local martingale X is a square integrable (A, P)-
martingale if and only if

E([X]T) < o0 (15.3.37)
forall T € [0, 00).

(iv) A nonnegative (A, P)-local martingale X = {X;, t > 0} with E(X;|A;) < 00
forall0 <s <t <ooisan (A, P)-supermartingale.
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15.3.4 Identification of Martingales as Wiener Processes

The Wiener process plays a central role in stochastic calculus and is the basic build-
ing block for modeling continuous uncertainty. We saw that the Wiener process is
a martingale and from (15.3.33) it follows that its quadratic variation [W]; equals
the time 7. Note that the converse can also be shown. Lévy’s Theorem provides this
important result. Its derivation can be found, for instance in Platen and Heath (2010).

Theorem 15.3.3 (Lévy) Form € N let A be a given m-dimensional vector process
A={A,=(A},A?,..., A" T t >0} on afiltered probability space (2, A, A, P).
If each of the processes A = {AL, t > 0} is a continuous, square integrable (A, P)-
martingale that starts at 0 at time t = 0 and their covariations are of the form

. t fori=k
[A], AF], = % ) (15.3.38)
! 0 fori#k
foralli,k €{1,2,...,m}andt > 0, then the vector process A is an m-dimensional

standard Wiener process on [0, 00). This means that each process A’ is a one-
dimensional Wiener process that is independent of the other Wiener processes A*

fork #i.

This result implies that a continuous process X = {X;, t > 0} is a one-dimensional
Wiener process if and only if both the process X and the process ¥ = {¥; =
th —t,t > 0} are martingales.

15.4 Ito Integral

We now introduce the notion of a stochastic integral. Consider the piecewise con-
stant process & = {£(¢), t € [0, T]} with £(¢) = &(f) at time t € [tx, txy1), k €
{0,1,...} and #; = kh for h > 0. Then we have, for a suitable stochastic process
X ={X;,1 =0},

t ne
/O E()dXy =) Et){Xy — Xo_ )+ EW )X — X, ), (15.4.1)

k=1
where
n; =max{k e N: 1y <t} (15.4.2)

is the integer index of the latest discretization time before and including 7.
For a left continuous, predictable stochastic process & = {£(¢), ¢t > 0} as inte-
grand with

T
/ £(s)2d[X], < o0 (15.4.3)
0
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for all T € [0, co) almost surely, the 110 integral with respect to X is defined as the
left continuous limit in probability

t ny
[ eax. L tim > s nx, - ) (15.4.4)
0 h—0 =1
of a sequence of corresponding approximating sums for progressively finer time
discretizations for ¢ > 0.

For details on the definition of It6 integrals we refer to Karatzas and Shreve
(1991), Kloeden and Platen (1999), Protter (2005) or Platen and Heath (2010). The
most important characteristic of the Itd integral is that the evaluation point #;_; for
the integrand & is always taken at the left hand side of the discretization interval
(fk—1, t).

To model more general dynamics than those of the Wiener process let e =
{e;, t =0} and f = {f:,t =0} be predictable stochastic processes. Consider a
stochastic process Y = {Y;, ¢ > 0}, where

t t
Yt=yo+/ esds+/ fs dW; (15.4.5)
0 0

for > 0 and initial value Yy = yog. Here W = {W;, t > 0} is a standard Wiener
process. The first integral is a random ordinary Riemann-Stieltjes integral, assuming

t
/ les|ds < 00 (15.4.6)
0

for all # > 0 almost surely (a.s.). The second integral is an It6 integral with respect
to the Wiener process W, see (15.4.4), where we assume that

t
f | fs1?ds < 00 (15.4.7)
0

almost surely for all # > 0. It is common to express the integral equation (15.4.5) in
an equivalent short hand notation, i.e. [td differential equation in the form

dY,:e, dt+ftth (1548)

for t > 0 with Yy = yo. Equation (15.4.8) is simply another way of writing (15.4.5).
The processes e and f are called drift and diffusion coefficients, respectively. The
concept of an It6 differential allows the modeling of rather general dynamics.

The above definitions of an It6 integral and It differential can be extended to
the case of multidimensional integrands £ and integration with respect to several
independent standard Wiener processes.

15.4.1 Some Properties of Ito Integrals

Consider two A-adapted independent Wiener processes W! and W?2. Recall that
(W, — W!) is independent of A, for r >0, s € [0, ] and i € {1, 2}. It is useful to
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specify for T > 0O the class £2T of predictable, square integrable integrands f =
{fi, 1 €[0, T1} in the form that

T
f E(f?)dt < . (15.4.9)
0

The It integral exhibits the following important properties:

1.

linearity: for T > 0, t € [0,T], s € [0,¢], Z1,Z, € £2T, and A;-measurable
square integrable random variables A and B it holds

t t t
/(AZl(u)—i—BZz(u))qul:A/ Zl(u)qul—i-B/ Zy(u)d W)
’ ’ ' (15.4.10)

. local martingale property: for & predictable with

T
/ E(u) du < 0o (15.4.11)
0

a.s. for all T €[0, 00) the It6 integral Iz w = {lz,w (1) = fés(s)dWS, t >0}
forms an (A, P)-local martingale

. martingale property: assume that It w (¢) forms a square integrable process, then

it is a square integrable (A4, P)-martingale if and only if

T
E(/ é(u)zdu> <00 (15.4.12)
0
forall 7 >0

. correlation property: for T > 0, t € [0, T], independent Wiener processes W!

and W2 and Z,, Z, € £2T it holds that

t t .
E(/ Zl(u)dW;/ Zr(u)dW, AS>
0 0

- {fot E(Z1(u)Za(u) | As)du  fori=j
0 otherwise

(15.4.13)

fori, j €{l,2}

. covariation property: for t > 0, independent Wiener processes W! and W2 and

predictable integrands Z and Z, with fol |Z1(u) Z>(u)| du < oo almost surely it

holds
[/Zl(u)dW;,/Zz(u)dW,f}
0 0 t

_ {fo’ Zi(w) Zy(w)du fori=j (15.4.14)
0 otherwise
fori, j € {1,2}

6. finite variation property: for t > 0 and predictable Z; and Z, one has

|:/Zl(u)qul, /Zz(u)du] =0. (15.4.15)
0 0 t
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Note that some of the above employed conditions can be weakened, see Protter
(2005).

15.5 1to Formula

15.5.1 One-Dimensional Continuous Ito Formula

To be able to handle functions of solutions to stochastic processes, a chain rule, as
it is known in classical calculus, is needed. Let X = {X;, t > 0} be a continuous
stochastic process characterized by the Itd differential

dX; =e dt + f; dW; (15.5.16)

for r > 0 with initial value Xo = xq, see (15.4.8). Here ¢ = {e;,t >0} and f =
{ft,t > 0} are two predictable stochastic processes.

Consider a function u : [0, c0) x i — N that is differentiable with respect to time
t and twice continuously differentiable with respect to the spatial component x, that
is, the partial derivatives %—’;, g—)"c and 227’; exist and are continuous. To quantify the
changes in u(z, X;) caused by changes in X; one has the I#6 formula

u(r, X
2 u( l))dt

u(t, X du(t, X 1
X)X 1 :
0x

dut, Xo) = ( ot ax 2
du(t, X,)
+ ox : d

(fo)

W, (15.5.17)

fort > 0.
By using the notion of quadratic variation, see (15.3.30), we can rewrite the Itd
formula (15.5.17) conveniently in the form

qu(t, X qut, X 10%u(r, X
u( z)dl+ u( t)dx+_ u(t, Xt)

du(t, X;) =
ult, Xe) ot ax ' x>

d[X]; (15.5.18)

fort > 0.

15.5.2 Multidimensional Continuous Ité Formula

We now extend the Itdo-formula to the multidimensional case. Consider a
d-dimensional vector process e = {e; = (e,], e ef )T, t > 0} with predictable com-
ponents ek ke {1,2,...,d}. Assume that

T
/ |e¥] dz < o0 (15.5.19)
0
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almost surely forallk € {1,2,...,d}. The d x m-matrix valued process FF = {F; =
[F; F ]l =tz 0} is assumed to have predictable elements F i.J with

T
/ (Fi7) dz < o0 (15.5.20)
0

almost surely fori € {1,2,...,d}, j €{1,2,...,m}and all T € (0, 00), see Protter
(2005). This allows us to introduce a d-dimensional continuous stochastic vector
process X = {X; = (X] X2 e X;l)T, t > 0}, where the kth component X* is de-
fined via the It dlfferentlal

m
dxXf=efdr+ > F aw/ (15.5.21)
j=1

for ¢t > 0 and given Ag-measurable initial value X = (X 1., Xg )T e e,
Consider now a function u 1[0, 00) x N — R that has continuous partial deriva-

Bu du o ka forallk,ie{1,2,....,d},t >0andx = (x',x%, ..., x)T.
The scalar stochastlc process u = {u(t, X1 X2 e, Xfi), t > 0} satisfies then the

16 differential characterized by the 116 formula

tives and

du(t, X}, X2, ..., X%

k=1 j=lik=1
m d 9 )
iJ J
+> 3F PR (15.5.22)
j=1i=l
for t > 0 with initial value u(0, X 1 X5 z Xg ), where the partial derivatives of
the function u are evaluated at (¢, X, 1 , X; 2 R ¢ td), which we suppressed in our

notation.
We can rewrite the multidimensional It6 formula (15.5.22) also in the form

. 1 - .
1 2 d k
du(t,X;, X7, ..., X} dz+§ at X! 5 § laxk d[x', x*],
- (15.5.23)

for all + > 0 using covariations, see (15.3.35).

15.6 Stochastic Differential Equations

15.6.1 Feedback in Stochastic Dynamics

In the It6 differentials that we have considered we left the specification of the drift
coefficient and the diffusion coefficient open. For instance, these coefficients can
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be made state dependent. A stochastic differential equation (SDE) contains an un-
known, which is its solution process. To be useful in modeling, such a solution needs
to exist in an appropriate sense. Furthermore, some uniqueness of the solution of an
SDE has to be guaranteed to make sure that one achieves the modeling goal without
any ambiguity.

15.6.2 Solution of Continuous SDEs

We consider now a continuous stochastic process Y = {Y;, t > 0}, which is a solu-
tion of a given SDE

for t > 0, with initial value Yy = yo. Here W denotes the driving standard Wiener
process. If the process Y has for all # > 0 an Itd differential of the form (15.6.24),
then Y = {Y;,t > 0} is called a solution of the SDE (15.6.24). More precisely, a so-
lution of the SDE (15.6.24) is a pair (Y, W) of adapted stochastic processes, defined
on a given filtered probability space (£2, A, A, P), where the continuous process Y
satisfies for each ¢ > 0 the It6 integral equation

t t
Yi =0 ~|—/ a(s,Yy)ds +/ b(s,Ys)dWs. (15.6.25)
0 0

We need to assume that both integrals on the right hand side of (15.6.25) exist. It is
sufficient to request that

t t
/ |a(s,Ys)|ds+/ |b(s, YS)|2ds < o0
0 0

almost surely for all # > 0. Note that the SDE (15.6.24) is only a shorthand notation
for the integral equation (15.6.25). The existence and uniqueness of a solution of
an SDE is not trivially given, and needs to be ensured, as will be discussed later. In
addition to the initial value, not only the drift coefficient and the diffusion coefficient
need to be given for certain SDEs, additionally also the behavior of its solution at
certain boundaries may have to be defined when establishing the uniqueness of the
solution of the SDE. For instance, absorption or reflection has to be declared for
certain SDEs at the level zero.

15.6.3 Continuous Vector SDEs

‘We now consider multidimensional solutions
X={x,=(x.x2,....x%), 1> 0)}

of SDEs. We recall that W = {W, = (WL, W2, ..., W™)T >0} is an m-di-
mensional standard Wiener process with components wl w2 ..., wn,
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Given a d-dimensional vector function a : [0, c0) X N — R and a d x m-
matrix function b : [0, 00) X RY — RI*M then we can form the d-dimensional
vector stochastic differential equation

dX;=a(t,X,)dt +b(t, X;)dW, (15.6.26)

for ¢ > 0 with initial value X € %¢. The vector stochastic differential (15.6.26)
should be interpreted as an It6 integral equation of the form

t 1
thXo—i-/ a(s,XS)ds—i-/ b(s,Xs)dWy, (15.6.27)
0 0

for t > 0, where the integrals are defined componentwise. Thus, the ith component
of (15.6.27) is then given by the SDE

X;=X5+/ a’(s,Xs)ds—i—Z/ b(s, X5)dWE,  (15.6.28)
0 =1 0

fort >0andi €{l,2,...,d}. Note that the drift and diffusion coefficients of each
component can depend on all other components.

We now address the issue of existence and uniqueness of SDEs, see also Krylov
(1980) and Protter (2005).

15.7 Existence and Uniqueness of Solutions of SDEs

15.7.1 Strong Solution

For any model that uses an SDE it is essential that it has a solution. Furthermore,
it is important that it has a unique solution according to some appropriate crite-
rion. One such criterion is described below in detail, which is based on a notion of
strong uniqueness. Usually one can only formulate sufficient conditions to estab-
lish uniqueness. The techniques presented in the literature for proving existence and
uniqueness of a solution of an SDE are rather similar. They typically assume Lips-
chitz continuity of the drift and diffusion coefficients. We briefly discuss here some
typical issues that arise when ensuring the existence and uniqueness of a solution of
an SDE.

Assume that we have given a filtered probability space (£2,.4, A, P). For
Eq. (15.6.27) to make sense X needs to be A-adapted. This leads to the follow-
ing definition.

Definition 15.7.1 We call (X, W), consisting of a stochastic process X = {X;, r €
[0, T]}, T € (0, 00), and an A-adapted standard Wiener process W, a strong solution
of the Itd integral equation (15.6.27) if X is A-adapted, the integrals on the right
hand side are well-defined and the equality in (15.6.27) holds almost surely.
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For fixed coefficient functions a and b, any solution X will usually depend on
the particular initial value X and the sample path of the Wiener process W under
consideration. For a specified initial value X the uniqueness of strong solutions
of the SDE (15.6.27) refers to the following notion of indistinguishability of the
solution processes.

Definition 15.7.2 If any two strong solutions X and X are indistinguishable on
[0, T], that is,

X, =X, (15.7.29)

almost surely for all ¢ € [0, T], then we say that the solution of (15.6.27) on [0, T]
is a unique strong solution.

15.7.2 Existence and Uniqueness Theorem

Let us now state a standard theorem on the existence and uniqueness of strong solu-
tions of SDE:s. It ensures that the objects we model are well defined. For details on
the definition of strong solutions of SDEs, we can refer, for instance, to Ikeda and
Watanabe (1989) or Protter (2005).

We assume that the coefficient functions of the SDE (15.6.27) satisfy the Lips-
chitz conditions

lat,x) —a(t, p| < Cilx —yl,  [b(,x) = b(t, y)| < Calx — yl, (157.30)
foreveryt [0, T]and x,y € R4, as well as the linear growth conditions
la@, o) < Ki(1+1xl),  [b@,x)|<Ko(1+1x]), (15731

for all r € [0, T] and x € R?. Note that the linear growth conditions can usually be
derived from the corresponding Lipschitz conditions.
Moreover, we assume that the initial value X is Ap-measurable with

E(1X0l?) < oo. (15.7.32)

Theorem 15.7.3 Suppose that the coefficient functions a(-) and b(-) of the SDE
(15.6.27) satisfy the Lipschitz conditions (15.7.30), the linear growth conditions
(15.7.31) and the initial condition (15.7.32). Then the SDE (15.6.27) admits a
unique strong solution. Moreover, the solution X of the SDE (15.6.27) satisfies the
estimate

E( sup |XS|2) <C(1+E(1Xo?) (15.7.33)

0<s<T

with T < oo, where C is a finite positive constant.

The proof of Theorem 15.7.3 can be found in Ikeda and Watanabe (1989) or
Situ (2005). In the mentioned literature one finds also the notion of a weak solution
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of an SDE. We note that if an SDE has a strong solution, then it has also a weak
solution. Within this book we have discussed several classes of tractable diffusions,
which do not satisfy the above mentioned Lipschitz and linear growth conditions.
Still, there exist unique weak solutions of the respective SDEs. By working with
tractable diffusions and functions of these one can access a modeling world with
properties that are difficult or impossible to establish under classical Lipschitz and
linear growth conditions.

15.8 Functionals of Solutions of SDEs

This book is concerned with the exploration of classes of diffusions for which ex-
plicit formulas for important functionals can be computed. These functionals often
have the format of conditional expectations. For Markovian state variables these
conditional expectations lead to pricing functions that satisfy partial differential
equations (PDEs). The link between the conditional expectations and respective
PDEs can be interpreted as an application of the, so-called, Feynman-Kac formula.
Below we formulate the Feynman-Kac formula in various ways. Furthermore, this
section presents some results on transition probability densities, changes of mea-
sures, the Bayes rule, and the Girsanov transformation. For details, see e.g. Platen
and Heath (2010).

15.8.1 SDE for Some Factor Process

We consider a fixed time horizon T € (0, 0o) and a d-dimensional Markovian factor
process X"* = {X'* s € [t, T1}, which satisfies the vector SDE

m
dX'* =a(s, Xi)ds + ) bF(s, XL¥) dwf (15.8.34)
k=1

for s € [t, T] with initial value Xﬁ’x =x e N at time 7 € [0, T]. The process
W={(W,=W} ..., Wt’”)T, t € [0,T]} is an m-dimensional standard Wiener
process on a filtered probability space (§2, A, A, P). The process X"* has a drift
coefficient a(-,-) and diffusion coefficients bk(-,~), ke{l,2,...,m}. In general,
a=(a',....,a?’)T and b* = BV, bt ke (l,2,...,m), represent vector
valued functions on [0, T'] x R4 into RY, and we assume that a unique strong solu-
tion of the SDE (15.8.34) exists. We motivate various versions of the Feynman-Kac
formula by giving them financial interpretations. The values considered will be typ-
ically denominated in units of the benchmark.
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15.8.2 Terminal Payoff

Let us discuss the case of a European style option, where we have a terminal payoff
H(X ’T’x) at the maturity date 7' with some given payoff function H : ¢ — [0, 00)
such that

E(|H(XF")]) < oo. (15.8.35)

We can then introduce the pricing function u : [0, T] X R4 — [0, 0o) as the condi-
tional expectation

u(t,x) =E(H(X}") | A) (15.8.36)
for (¢, x) € [0, T] x R¢. The Feynman-Kac formula for this payoff refers to the fact

that under sufficient regularity on a, bl, ...,b™ and H the function u : (0, T) x
R — [0, oo0) satisfies the PDE

d
ou(t, . u(t,
Lou(r.x) = M%) S iy 24 X)
ot P ox!
1 L 32u(t, x)
+§_Z _ b (t, x)b f(t,x)Tiaxk
i,k=1j=1
-0 (15.8.37)
for (7, x) € (0, T) x R¥ with terminal condition
u(T,x) = H(x) (15.8.38)

for x € N¢. Equation (15.8.37) is also called the Kolmogorov backward equation.

Note that, in general, one needs also to specify the behavior of the solution of the
PDE at its boundaries. In a benchmark setting when nonnegative value processes
become zero they stay afterwards zero and face absorption at the respective bound-
ary.

15.8.3 Discounted Payoff

We now generalize the above payoff function by discounting it, using a given dis-
count rate process r, which is obtained as a function of the given vector diffusion
process X*, thatis r : [0, T] x R4 — %.

Over the period [t, T'] we consider for the discounted payoff

T
exp{—/ r(s, Xg’x)ds}H(XtT’x)
t

the pricing function

T
u(t,x)= E<exp{—/ r(s, Xg’x)ds}H(XtT’x) ‘ .A,) (15.8.39)
t
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for (¢, x) € [0, T] x %< It follows rather generally that the pricing function u satis-
fies the PDE

LOu(t,x)=r(t, x)u(t,x) (15.8.40)
for (¢,x) € (0, T) x R4 with terminal condition
u(T,x)=H(x) (15.8.41)

for x € N?. Here the PDE operator L? is given as in (15.8.37).

15.8.4 Terminal Payoff and Payoff Rate
Now, we add to the above discounted payoff structure some payoff stream that con-

tinuously pays with a payoff rate g : [0, T] x %? — [0, 0o) some amount per unit
of time. The corresponding discounted payoff with payoff rate is then of the form

T T s
sl = [ i) as ) + [ el [rexem)azlels, i) as
t t t

which leads to the pricing function

T
u(t,x):E(exp{—f r(s,Xifx)ds}H(XtT’x)
T l s
+/ exp{—/ r(z, X;’x)dz}g(s,X?")ds
t t

for (t,x) €[0,T] x R4 This pricing function satisfies the PDE

A,) (15.8.42)

Lou(t,x)+ g(t,x) =r(t, x)u(t, x) (15.8.43)
for (¢,x) € (0, T) x R4 with terminal condition
u(T,x)=H(x) (15.8.44)

for x € M¢. As mentioned earlier, for certain dynamics boundary conditions may
have to be added.

15.8.5 Payoff with First Exit Time

Derivatives like barrier options have a, so-called, continuation region ®, which is
an open connected subset of [0, T] x I". The holder of a derivative continues to
receive payments as long as the process X" stays in the continuation region .
For instance, in the case of a, so-called, knock-out-barrier option this would mean
that X’* has to stay below a given critical barrier to receive the terminal payment.
To make this precise, we define the first exit time té) from @ after r as

tp =inf{s €[t,T]: (s, Xy¥) ¢ D}, (15.8.45)
which is a stopping time, see (15.2.23).
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Consider now a general payoff structure with terminal payoff function H :
(0,T] x I — [0, 00) for payments at time 7}, a payoff rate g : [0,T] x I —
[0, o0) for incremental payments during the time period [z, 7)) and a discount rate
r:[0,T] x I' — 9. Assume that the process X"* does not explode or leave I’
before the terminal time 7. We then define the pricing function u : ® — [0, co) by

TI
0= £ (e X el [ (s, 30 as)|
¢ !

7! s
+/ @ g(s,X?x) exp{—/ r(z,Xfu’x)dz}dS ‘ .A[)
' ' (15.8.46)

for (t,x) € ®.

For the formulation of the resulting PDE of the function u we use the operator L°
given in (15.8.37). Under sufficient regularity of @, a, bl, ...,b™, H, g and r one
can show by application of the Itd formula (15.5.23) and some martingale argument
that the pricing function u satisfies the PDE

Lou(r, x) + g(t, x) =r(t, x)u(r, x) (15.8.47)
for (¢, x) € @ with boundary condition
u(t,x)=H(t, x) (15.8.48)

for (¢,x) € ((0, T] x I")\@®. This result links the functional (15.8.46) to the PDE
(15.8.47)—(15.8.48) and is often called a Feynman-Kac formula.

15.8.6 Generalized Feynman-Kac Formula

For a rather general situation, where @ = (0, T) x I" and ré) =T, let us now for-
mulate sufficient conditions that ensure that the Feynman-Kac formula holds, see
Heath and Schweizer (2000) and Platen and Heath (2010).

(A) The drift coefficient a and diffusion coefficients bk, ke{l,2,...,m}, are as-
sumed to be on [0, T'] x I" locally Lipschitz-continuous in x, uniformly in ¢.
That is, for each compact subset I” I of I' there exists a constant K ri < oo
such that

la(t,x) —a(t, p)|+ ) _|p*¢.x) —bF (. p)| < Kpilx —y| (15849
k=1

forallt €[0,T]and x, y € rt.
(B) Forall (t,x) € [0, T) x I' the solution X"'* of (15.8.34) neither explodes nor
leaves I” before T, that is

P( sup [Xt¥| <o0) =1 (15.8.50)
t<s<T

and
P(X";x eI forall s € [t, T]) =1. (15.8.51)
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(C) There exists an increasing sequence (I3,),cn of bounded, open and connected
domains of I such that | J;2, I, = I', and for each n € N the PDE

LOu,(t,x) 4+ g(t,x) =r(t, x) un(t, x) (15.8.52)

has a unique solution u,, in the sense of Friedman (1975) on (0, T') x [}, with
boundary condition

up(t,x)=u(t,x) (15.8.53)

on ((0,T) x aI,) U({T} x I,), where 91}, denotes the boundary of I’,.

(D) The process b (-, X.) M(()sz 2 is measurable and square integrable on [0, T']

foralli € {1,2,...,d}and k € {1,2,...,m)}.

The proof of the following theorem is given in Platen and Heath (2010).

Theorem 15.8.1 Under the conditions (A), (B), (C) and (D), the function u given
by (15.8.46) is the unique solution of the PDE (15.8.47) with boundary condition
(15.8.48), where u is differentiable with respect to t and twice differentiable with
respect to the components of x.

Condition (A) is satisfied if, for instance, @ and b = (bl, ..., b™) are differ-
entiable in x on the open set (0, T) x I" with derivatives that are continuous on
[0,T]x I

To establish condition (B) one needs to exploit specific properties of the process
X"* given by the SDE (15.8.34).

Condition (C) can be shown to be implied by the following assumptions.

(C1) There exists an increasing sequence (I},),c A of bounded, open and connected
subdomains of I" with I;, Ud I, C I" such that UZO:1 I, = I', and each I}, has
a twice differentiable boundary 9 17,.

(C2) For each n € \ the functions @ and bb ' are uniformly Lipschitz-continuous
on [0, T] x (I,Udrly).

(C3) For each n € N the function b(z, x)b(¢, x) " is uniformly elliptic on R for
(t,x) €0, T] x I, that is, there exists a §, > 0 such that

y b, x)b(t,x) "y > 68, |y (15.8.54)

for all y € R4,

(C4) For each n € A the functions r and g are uniformly Holder-continuous on
[0, T]x (I, UdT},), that is, there exists a constant K, and an exponent g, > 0
such that

[r(t,x) —r(t, y)|+ gt x) — g(t, y)| < Kplx — y|% (15.8.55)

fort [0, T]and x,y e (I, Udl}).
(C5) For each n € N the function u is finite and continuous on ([0, T'] x 91},) U
(T} x (I Ualy)).
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Condition (D) is satisfied, for instance, when

T
/ <<b’k( X,)L(t X’)) )dt<oo
0 x

foralli € {1,2,...,d}and k € {1, 2, ..., m}. This condition ensures that the process
u(-, X.) is a martingale and that the PDE (15.8.47)—(15.8.48) has a unique solution.

Note that in the case when local Lipschitz continuity is not guaranteed, one may
have to specify particular boundary conditions to obtain an appropriate description
of the pricing function. This is a consequence of the fact that strict local martingales
may drive the factor dynamics. These need extra care when defining the behavior of
PDE solutions at boundaries. Within this book we have given many explicit formu-
las for pricing functions, which satisfy a PDE of the form (15.8.47)—(15.8.48) but
may not satisfy some of the above mentioned conditions. This reveals another ad-
vantage of working with tractable diffusions, where one has not to rely on restrictive
Lipschitz conditions or similar constraining assumptions and still obtains a solution
for the problem at hand.

15.8.7 Kolmogorov Equations

When the drift coefficient a(-) and diffusion coefficient b(-) of the solution of a
scalar SDE are appropriate functions, then the corresponding transition probability
density p(s, x;t,y) of the solution of the SDE satisfies a certain PDE. This is the
Kolmogorov forward equation or Fokker-Planck equation

5 1 92
w " —{a@, y)ps, x;1, y)}_i_a 2{b2(t Vs, x;t, )} =
(15.8.56)

for (s, x) fixed. However, p(s, x; t, ¥) satisfies also the Kolmogorov backward equa-
tion

op(s, x;t, op(s, x;t, 92 s, x;t,
p( y)+a(s’ )p( y)+ bz( ) p( y)

s dx 9x2

for (¢, y) fixed. Obviously, the initial condition for both PDEs is given by the Dirac
delta function

=0, (15.8.57)

(oxis) = 8(y —xy= | 0 Tory=x (15.8.58)
pls,xis, y) =8y —x) =1 For y = x. 8.
where
o0
f 5(y —x)dy =1 (15.8.59)
—00

for given x. The Kolmogorov equations have multidimensional counterparts. In
Sect. 5.3 we have given various examples of explicit transition probability densi-
ties.
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15.8.8 Change of Probability Measure

We denote by W = {W, = (W,l, e, W,’”)T, t € [0, T]} an m-dimensional stan-
dard Wiener process on a filtered probability space (£2, A, A, P) with A being the
trivial o -algebra, augmented by the sets of zero probability. For an A-predictable
m-dimensional stochastic process 8 = {0, = (0}, ..., Gt’”)T, t €10, T} with

T m )
/ S (0]) dr < 00 (15.8.60)
U

almost surely, let us assume that the strictly positive Radon-Nikodym derivative pro-
cess Ng ={Ag(t), t €[0, T]}, where

t 1 t
Ao(z‘):exp{—/ 0jdws—5/ 0jesds}<oo (15.8.61)
0 0

almost surely for ¢ € [0, T], is an (A, P)-martingale. By the 1t6 formula (15.5.22)
it follows from (15.8.61) that

Ag(t) =1 —Z/O Ag ()0} dW! (15.8.62)
i=1

for ¢t € [0, T']. Since Ay is assumed here to be an (A, P)-martingale we have for
tel0,T]

E(Ag(t) | .A()) =Ap(0)=1. (15.8.63)
We can now define a measure Py via the Radon-Nikodym derivative
dPy
— = Ap(T 15.8.64
7P o(T) ( )
by setting
Py(A) = E(Ag(T)14) = Eg(14) (15.8.65)

for A € Ar. Here 1,4 is the indicator function for A and Ey means expectation with
respect to Py.
Note that Py is not just a measure but also a probability measure because

Pp(2) = E(Ag(T)) = E(Ag(T) | Ag) = Ag(0) =1 (15.8.66)

as aresult of the martingale property of Ag. For several asset price models discussed
in this book, the Radon-Nikodym derivative for the putative risk neutral probability
measure is only a strict local martingale and a risk neutral probability measure does
not exist.

15.8.9 Bayes Rule

It is useful to be able to change the probability measure when taking conditional ex-
pectations. The following Bayes rule establishes a relationship between conditional
expectations with respect to different equivalent probability measures.
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Assume for an equivalent probability measure Py that the corresponding strictly
positive Radon-Nikodym derivative process Ag is an (A, P)-martingale. Then for
any given stopping time t € [0, T'] and any .4, -measurable random variable Y, sat-
isfying the integrability condition

Eg(1Y]) < o0, (15.8.67)
one can apply the Bayes rule

_EWUy(@Y A

Eg(Y | As) = E(Ag(t) | Ay) (15.8.68)

for s € [0, T].

15.8.10 Girsanov Transformation

The following Girsanov transformation allows us to perform a measure transfor-
mation, which transforms a drifted Wiener process into a Wiener process under
a new probability measure Py. More precisely, if for 7 € (0, 0o0) a given strictly
positive Radon-Nikodym derivative process Ay is an (A, P)-martingale, then the
m-dimensional process Wg = {Wy(¢), t € [0, T]}, given by

t
Wo(t) =W, +f 0,ds (15.8.69)
0

for all ¢ € [0, T'], is an m-dimensional standard Wiener process on the filtered prob-
ability space (£2, A, A, Pp).

Note that certain assumptions need to be satisfied before one can apply the above
Girsanov transformation. The key assumption is that Ay must be a strictly positive
(A, P)-martingale. For instance, if the Radon-Nikodym derivative process is only a
strictly positive local martingale, then this does not guarantee that Py is a probability
measure, see Platen and Heath (2010).

A sufficient condition for the Radon-Nikodym derivative process Ag to be an
(A, P)-martingale is the Novikov condition, see e.g. Novikov (1972), which requires

that
1 T
E(exp{E/O 00, ds}) < 00. (15.8.70)



Chapter 16
Time-Homogeneous Scalar Diffusions

In this book, we pursue mostly a probabilistic approach, essentially originated in 1t6
(1944), who set out to generate diffusions directly from given Brownian motions.
This chapter refers more to an analytic approach to diffusions, tracing its origin
back to Kolmogorov (1932) and Feller (1936). The approach allows us to obtain
transition densities by solving Kolmogorov equations, see Sect. 15.8.

Following Hulley (2009), we explain below how to obtain some explicit solutions
for functionals of scalar diffusions, especially functionals associated with stopping
times.

16.1 Basic Definitions
With the following definition we follow Hulley (2009).

Definition 16.1.1 Fix an interval / € N, with left end-point / > —oo and right end-
point 7 < oo. Denote the space of continuous /-valued paths by £2 := C(R*, I) and
let X be the coordinate mapping process on this space, defined by X;(w) := w(¢),
for all € 2 and 7 € R+, Define the filtration A° = (A?),cg+, by setting A? :=
o{Xs|s < t}, for all t € T, as well as the o-algebra AY := o {X, |t € RT)}. The
shift operators ¥ = (¥;),cq+ are constructed, by setting (%, w)(s) := w(t + ), for
all w € 2 and t,s € N Finally, let f = {P, | x € I} be a family of probability
measures on (§2, Ago), satisfying:

(i) x — Py(A) is measurable, for all A € Ago;
(i) Px(Xo=x)=1,forallx €I,
(iii) Ex(nods|AY,) = Ex, (n)Ps-as.,

for all bounded A%, -measurable random variables 7, and all .A%-stopping times o.
The tuple ($2, Ago, AO, X, 9,P) is then called a canonical diffusion on /.

The filtration A used in Definition 16.1.1 is not necessarily right-continuous or
complete. We remedy this by introducing the right-continuous filtration
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AT = (A1) e+, defined by setting A" = (.o A%, for all # € RF. Next, the
family of null-sets is introduced:

A:={N C Q[N C A, for some A € A2 satisfying P,(A) =0, Vx € I}.

The filtration A = (A,),cqi+ is constructed by setting A, := A" VN, forall t € R+,
Since none of the above affects the strong Markov property of X, as expressed
by Definition 16.1.1(iii), we shall henceforth regard (2, A, A, X, 9,*P) as the
diffusion under consideration, where Ay := Ago Vv N. Obviously, the probability
measures Py, for all x € I, are easily extended to Ao, by setting Py (N) := 0, for
all N e NV.

16.2 Boundary Classification

For any z € I, we are interested in first-passage times of X to z, defined by
7, :=inf{r > 0| X; = z}. (16.2.1)

We shall assume that X is a regular diffusion, which we define below.

Definition 16.2.1 X is said to be a regular diffusion if and only if
Py (1, <00) >0,

forall x eint(/) and z € I.

We remark that since P,(§2) =1 for all x € I, X is a, so-called, honest diffu-
sion, meaning its behavior is completely determined by its speed measure m and
scale function s. Explicit examples of speed measures and scale functions will
be presented in Example 16.2.2. In particular, we classify end-points of I as exit
or entrance boundaries for X. Boundaries which are both exit and entrance are
called non-singular, while boundaries which are neither, are referred to as natural.
If a boundary is either entrance or exit, but not both, it is referred to as exit-not-
entrance or, respectively, as entrance-not-exit. We point out that natural boundaries
and boundaries which are entrance-not-exit do not form part of the state space of the
diffusion. In particular, if a diffusion is started from the interior of its state-space,
it reaches exit-boundaries with positive probability. Diffusions can be started at en-
trance boundaries.

At non-singular boundaries, the behavior of the diffusion must be specified sep-
arately, as it cannot be determined from the speed measure and the scale function.
Typical specifications include reflection, killing and absorption.

Example 16.2.2 For many diffusions of interest, the speed measure m(-) and the
scale function s (-) are known. For example, for Brownian motion, the speed measure
is given by m(dx) = 2dx, and the scale function by s(x) = x. For the squared
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Table 16.2.1 Boundary classification for time-homogeneous scalar diffusions

Lower Boundary / Upper Boundary r
Exit Jaom(y, z2Dsdy) < oo Sy m(z, yDs(dy) < 00
Entrance f(l,z) (s(z) —s(y))m(dy) < oo f(“)(s(y) —s(z))m(dy) < oo

Bessel process of dimension §, the speed measure and the scale function are also
known: defining the index v = % — 1, we obtain the speed measure

i dx, v#0
m(dx) = 2l
% dx, v=0,
and scale function
—x7", v>0

s(x)={logx, v=0

x7Y, v <0.

For the squared Bessel process, the nature of the boundary point O depends on the
value of v, which can be confirmed using Table 16.2.1:

e if v > 0 then 0 is entrance-not-exit;
e if —1 < v < 0 then 0 is non-singular;
e if v < —1 then O is exit-not-entrance.

We remind the reader that in the literature on time-homogeneous diffusions and
also in some of the preceding chapters of this book, if the boundary point at zero is
non-singular, it is often specified to be reflecting.

Note that under the benchmark approach a benchmarked nonnegative portfolio
is a nonnegative local martingale and hence a nonnegative supermartingale, which
needs to be absorbed at zero whenever it reaches zero.

16.3 Laplace Transform Identities

‘We now focus on the computation of functionals associated with first passage times
of X. First, we define the transition density of X with respect to its speed measure
by the function g : R x I x I — R, where [ is the state space of X, so that

P(XfeA)=/Aq(t,x,y)m(dy),

fort e R*, x € I and A € B(I). Here B(I) is the smallest Borel o -algebra gener-
ated by 1. The associated Green’s function G, : I x I — R, for o > 0, is given by
the Laplace transform with respect to time of the transition density

Gylx,y):= La{q(t,x, y)} :/(; exp{—at}q(t, x,y)dt, (16.3.2)
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for x, y € I. We have the following representation for G:

Wy Ve (e (y) ifx <y
Wo b () Va(y) ifx>y.
We now make the additional assumption that the speed measure and scale function

of X are absolutely continuous with respect to the Lebesgue measure. Then we can
infer the existence of positive continuous functions m and s’, such that

Gul(x,y) ={ (16.3.3)

m(dx) =m(x)dx and s(x):/xs/(y)dy,

for all x,c € I. A further simplification occurs when s” exists and is continuous.
In this case, there are functions a : I — Rt and b : I — N, with a(x) > 0, for all
x € int([), such that

_ 2 d s . x2b()’)d
m0= gy sw=e(= [ Za)

for all x € I. We point out that the processes considered in Example 16.2.2 satisfy
this assumption. Under this assumption, the Wronskian appearing in Eq. (16.3.3)
admits the representation,

_ PPy () = ¢' ()P (¥)

s’ (x)

, (16.3.4)

o

forallx € I and a > 0.

Example 16.3.1 Continuing the Example 16.2.2, we remark that the Wronskian of
Brownian motion is given by

wy =22,

whereas for the squared Bessel process, the Wronskian is given by

1 1
wa:m, for v #0, wazi, forv=0.

The functions ¥, ¢y : I — R appearing in Eq. (16.3.3) are strictly convex,
continuous, strictly monotone, positive, and finite throughout int(/). Furthermore,
they are the unique (up to a multiplicative constant) increasing and decreasing solu-
tions, respectively, of the standard ordinary differential equation

Gf(x)=af(x),
for all x € int(/) and @ > 0, where the second-order differential operator is given by
1
Gf ()= 5@ () f"(0) +b(0) f'(x),

for f in the domain of the operator.
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As in Sect. 2.1, Lemma 2.1.9, we define for any z € I the density (with respect
to the Lebesgue measure) of the first passage time 7, so that

t
Py (7, <t):/ po(x,s)ds,
0

for all # > 0 and x € I representing the starting point of X. We denote by ¢; :
[0,00) x I x I — [0, 0o) the transition density (with respect to the speed measure)
of X, with absorption at z. We then obtain

Pu(X, € A7, > 1) =/Aq~z<t,x, Vmdy),

forallt e BT, x € I and A € B. Now we prove Lemma 2.1.9, derived in Hulley and
Platen (2008).

Lemma 16.3.2 Let x, y, z € I and suppose that t > 0. Then
'
q(t,x,y)=éz(t,x,y)+/ p(x,8)q(t —s,z,y)ds. (16.3.5)
0

Proof From the Markov property of X, we get
PiXe <y)=P(Xi <y, 7 >0+ Po(Xy <y, 7, <)

t
— Py(X, <y, = 1) +f Pu(t, €ds) (X, < ylt, = 5)
0

t
=P (X; <y, ;20 + / Py(t; €ds) P (Xi—5 < y).
0
The result follows after differentiating with respect to y. g

We note that immediately from Eq. (16.3.5), we obtain

G%(x,y) = Lo(G:(t,x,¥)) = La(q(t, x,y)) — Lo (p2(x, 1)) Lo (q(t, 2, ¥)).
(16.3.6)

Assume now that t € RT, and that x, y,z € I satisfy x <z <yorx>z>y, from
which it follows that g, (¢, x, y) = 0. Then, since the integral in Eq. (16.3.6) is a
convolution, we have

La(CI(t, X, }’)) = La(Pz(Xv t))La(Q(ta 2, )’))
for all & > 0, from which we obtain that

Yo (x) :
Go(x.y) | Ve HX=2

Go(z,y) —f)zg’g if x > z.

Note that this is a well-known formula, see e.g. Itd and McKean (1996), p. 128.
However, our derivation was purely formal, which illustrates the usefulness of
Lemma 16.3.2. Returning to Eq. (16.3.6), we have

E, (eXp{—Olfz}) =Ly (pz(x’ t)) = (16.3.7)
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éé(xv )’) = La(éz(ﬂ% y)) = LOl(Q(t’x’ y)) - LOl(pZ(x’ t))La(Q(ta < y))

Gol(x,y) = 428 Ge(z,y) forx,y <z

Galx,y) = $8.Go(z,y) forx,y>z

wg e (0 (@a () — $5S V() forx <y <z
wg Yo () (Pa(x) = By (x)) fory<x <z

wy (Yo () = 558 0o (1))pa () fory > x>z
wi (Y (y) — 558 b (M) (x) forx>y>1z,

where we used Eqgs. (16.3.7) and (16.3.3). Finally, we prove a main result in Hulley

and Platen (2008).

Proposition 16.3.3 Fixo >0andlett >0and x,z € I. Then

1 Yo
sVey forx =z

1 ¢a )
@ ¢a(2)

Lo(P(z; <1)) =

forx >z,

and
1 VYa+p(x)
o Yatp(2)

1 Do+ (x)
o ¢a+p(2)

forx <z
Ly (E(]‘Tz <t exp{—B71; })) =
forx >z,
forall B > 0. Furthermore,

L, (s"~ 1@y g v <7

_ r s
E((V + A1) p)= (P) o— 1;6;((5))
T by PTG forx =z,
and
L (S’O lwa-#ks(x)) forx <z
_ F( ) atis ( -
La(E(teaty +am ) = TP 7 e
Ly, (sP7 15228y for x >

aI" ») Patrs @)

forall y,\, p>0.

Proof To prove Eq. (16.3.8), we note that

t
Loz(Px(Tz < t)) =Ly (/ pz(x, s)ds) = éLot(Pz(x’t))y
0

(16.3.8)

(16.3.9)

(16.3.10)

(16.3.11)

for all « > 0, and one now applies Eq. (16.3.7). Regarding Eq. (16.3.9), we note that

Lo(E(1r < exp{—pt.})) = La (fo exp{—Bs}p.(x,s) dS)

= /ooexp{—ozt}</lexp{—ﬂs}pz(x,s)ds) dt
0 0
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=l/ exp{—(a + B)s}p-(x,s)ds
a Jo

1
= ELa+g(pZ(x,t)).

Equation (16.3.9) now follows from Eq. (16.3.7). To prove Egs. (16.3.10) and
(16.3.11), we use the equality,
I'(p)

00 ol N
/0 sPLexp{—(y + At)s}ds =T

where y,A,p > 0 and I" denotes the standard gamma function. To obtain
Eq. (16.3.10), we compute

E((y +uz)*ﬁ)=/0 %dr

=/O F( )/ exp —(y +kt)s}dsdt

ZTP)~/O exp{—)/s}spﬂ/o exp{—Ast}p,(x,t)dtds

(16.3.12)

—— L, (s 'Ly ),
= b L)
and apply Eq. (16.3.7). Similarly, again employing Eq. (16.3.12), we compute

Lo(Ex(1e,<i(y +27) "))
:La</’lzgglﬁh)
o (¥ +2Ars)P
(20
a (y +An)r

BV w0
—EA exp{ at}m t

=l/fexp{ at}; OOs”flexp{—(y—i—)»t)s}dsdt
o Jo I'(p)

/ooexp{—ys}s”_1 /ooexp{—(a +)»s)t}pz(x,t)dtds
0 0

~al(p)

1 _
= ol (p) Ly, (Sp 1La+ks(pz(xv t)))s

which results in (16.3.11), with the help of Eq. (16.3.7). O




Chapter 17
Detecting Strict Local Martingales

In Sect. 3.3, we presented two models for the GOP, namely the MMM and the TCEV
model. For both models, we established the property that a risk-neutral measure
does not exist, because the Radon-Nikodym derivative of the putative risk-neutral
measure is a strict local martingale. Figure 3.3.6 seems to suggest that this is a
plausible feature of our financial market, in particular, when analyzing its history
over long periods of time and taking into account that investors request extra long
term growth in risky securities. We established the local martingale property by
making use of the explicitly available transition density of squared Bessel processes.
This highlights the usefulness of squared Bessel processes in finance, they produce
both tractability but also realistic models.

In this chapter, we propose another class of processes for modeling the GOP.
For this class one can easily establish whether the processes allow for a risk-neutral
measure or not. An argument due to Sin, see Sin (1998), allows us to determine
if a particular model for the GOP admits a risk-neutral measure by studying the
boundary behavior of a one-dimensional diffusion. The boundary behavior of one-
dimensional diffusions is well understood, we refer the reader e.g. to our Chap. 16.
As demonstrated in Chap. 16, in particular in Table 16.2.1, it simply amounts to con-
firming if certain integrals explode or not. Hence for the class of processes studied
in this chapter, we present simple tools that allow us to answer the crucial ques-
tion whether a particular local martingale is a martingale or a strict local martin-
gale.

We remark that the question whether a local martingale is a martingale or a strict
local martingale, has received much attention in the literature. In Kotani (2006), Hul-
ley and Platen (2011), necessary and sufficient conditions have been presented for
one-dimensional regular strong Markov continuous local martingales. Furthermore,
in Kallsen and Muhle-Karbe (2010), Kallsen and Shiryaev (2002), and Mayerhofer
et al. (2011a) an exponential semimartingale framework with focus on affine pro-
cesses is considered. For further background, the reader is referred to Mijatovic and
Urusov (2012). At the end of Sect. 17.1, we will present one of the main results
from Mijatovic and Urusov (2012).
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17.1 Sin’s Argument

In this section, we work on a filtered probability space (£2, A, A, P) carrying two
Brownian motions W' and W2. We use the following dynamics for the GOP,

S} = 87 ((re + Vi) dt + py/Vid W + pt/V, dWD),
and
dV, =0 — V) dt + o VI dw}, (17.1.1)

where Sg* > 0 and Vy > 0. Here r = {r;, t > 0} is an adapted short-rate process,
p € [—1, 1] denotes the correlation between the GOP and the variance process and

ot = /1 — p2. The parameters «, 6, o, and p are positive. We remark that this
model is based on Andersen and Piterbarg (2007). For p = %, we obtain the Heston

model, see also Sect. 6.3, for b = 1 we recover a GARCH model, and for b = %

we recover a 3/2-model with linear drift. Next we define the savings account B; =

exp{fé rgds}, for t > 0, and the benchmarked savings account B; = SBT’*, t>0,
t

which satisfies the SDE
dB; = —B(py/ Ve dW/} + pt\/V; dW?), (17.1.2)

for t > 0. We recall the following properties of the process V from Andersen and
Piterbarg (2007), see Proposition 2.1.

Proposition 17.1.1 For the process V given by Eq. (17.1.1), the following proper-
ties hold:

0 is always an attainable boundary for 0 < p < %;
0 is an attainable boundary for p = %, if2k0 < o%;

0 is an unattainable boundary for p > %;
o0 is an unattainable boundary for p > 0.

Proof The proof is easily completed using Table 16.2.1 in Chap. 16. Recall that the
speed measure is given by

m(dx) =m(x)dx
and the scale function by

s(x) 2/ s'(y)dy,

where ¢ € [0, 00). Now,

2 N T 2b(y)
m0= gy sw=es(= [ )

for x € [0, 00), where

a(x)=ox? and b(x)=«(O —x).
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For the remainder of this section, we assume that p > 5 and 2«6 > o2, so that

V cannot reach 0. From Eq. (17.1.2), it is clear that B is a local martingale. As
discussed in Sect. 3.3, if Bisa martingale, a risk-neutral probability measure exists.
If B is a strict local martingale, a risk-neutral measure does not exist. The following
proposition identifies when Bisa martingale. The proof is based on Lemma 2.3 in
Andersen and Piterbarg (2007), which uses techniques from the proof of Lemma 4.2
in Sin (1998).

Lemma 17.1.2 Let B L}nd V be given by Egs. (17.1.1) and (17.1.2). Denote by T
the explosion time for V,

Too = lim 7, %, =inf{t: V; > n}, (17.1.3)

n—oQo

P-almost surely. Here the dynamics of V under P are given by

dV,:(K(Q—V,)—pav,p+%)dt+0\~/,de,. (17.1.4)
Then
E(éT) = BoP (i > T).
Furthermore, when p = 2 orp> 2, then B is a martingale. When 3<p< 2, B is

a martingale for p > 0 and a strict local martingale for p < 0. For p = 2, Bisa
martingale for p > —% and a strict local martingale for p < —35.

Proof We follow the technique of the proof of Lemma 2.3 in Andersen and Piterbarg
(2007) and compute

~ A 1 T T T
E(BT)=BOE<exp _E/o Vsds—p/O \/Vdesl—,oJ‘/(; \/Vdesz}>

:éoE<exp —%/OT sds—p/T\/Vdesl}
R T

2
:BOE<exp —p/ \/VYdWI—— Vyds )

Next, introduce a sequence of stopping times

t
Ty 1= inf{t: / Vids > n}
0

and define the stochastic Doléan exponential

t 2 pt
g,:exp{—p/ \/Vdesl—%/ Vsds}.
0 0

Clearly, & = {&;, t > 0} is a local martingale. We now define
t(n)

= szm,,,
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which is a martingale and use it to define the auxiliary measure,
P"(4) = E(1a£{"),

for A € Ay. We now use the argument in Lemma 4.2 in Sin (1998) and compute

E(Erlear) = E(§{"1;,27)
= Eﬁn (lr,,>T)
=Ep(1z,>7),
where we recall that 7, is defined in (17.1.3) and V in (17.1.4). To justify the last

equality, we note that by the Girsanov theorem, see Sect. 15.8, we obtain that the
process

t
W =w, +,0/ Ly<e,v/ Vi du
0

is a Brownian motion under P" and W and V satisfy
AW, = dW™ — pl,<. \/V, dt,
1
AV, =o VP dW™ + (k0 — Vi) — ply<g, 0 V' ) d1.

Hence the stopped process v, Az, has the same law under P as the stopped process

Vinz, under P". Now by Proposition 17.1.1, we have that V does not reach co
under P, hence

E(r) = lim EGrl,.r)
= lim E(1;,-71)
n—o0
=Pl >T).

The exchange of the limit and the expectation operator is justified by the monotone
convergence theorem. This completes the proof of the first part of the result.

The second part follows immediately from Proposition 2.5 in Andersen and Piter-
barg (2007). We replace the p in the statement of Proposition 2.5 in Andersen and
Piterbarg (2007) by —p, as we consider the benchmarked savings account, which is
essentially the inverse of the process considered in Andersen and Piterbarg (2007),
and we compare Eq. (17.1.4) and Eq. (2.5) in Andersen and Piterbarg (2007). [

We have the following corollary to Lemma 17.1.2.

Corollary 17.1.3 For important special cases, we obtain the following result:

e under the Heston model, which corresponds to p = %, the process B =

{Et, t > 0} follows a martingale;
o under the % model with linear drift, which corresponds to the case p = %

B= {f?,, t > 0} follows a martingale for p > 0 and otherwise a strict local mar-
tingale;
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e under a continuous limit of a GARCH model, which corresponds to p = 1, B=
{B:, t = 0} follows a martingale for p > 0, otherwise a strict local martingale.

For completeness, we present a general version of the result, which stems from
Mijatovic and Urusov (2012). Consider the state space J = (I,r), —co <[ <r <00
and a J-valued diffusion ¥ = {Y;, t > 0} on (£2, A, A, P) given by the SDE

dY, = p(Y,) dt + o (Y,) dW,, (17.1.5)

where Yy € J, W is a A-Brownian motion and u, o : J — 9 are Borel functions
satisfying the Engelbert-Schmidt conditions,
I u I
OvxelJ; —,—e€L;,.(J)), 17.1.6
o(x) #0 Vx 5 =3 € Lige)) (17.1.6)
where L lla -(J) denotes the class of locally integrable functions, i.e. mappings from
J to 9N that are integrable on compact subsets of J. The SDE (17.1.5) admits a
unique in law weak solution that possibly exits its state space J at the exit time ¢.
Following Mijatovic and Urusov (2012), we specify that if ¥ can exit its state space,
ie. P({ <o0) > 0, then Y stays at the boundary point of J at which it exits after
the time ¢, so the boundary is absorbing. We introduce the stochastic exponential

INE 1 ring
E, =exp{ f b(¥y)dW, — - / bz(mdu},
0 2 Jo

t >0, and set & := 0 for t > ¢ on the set {¢ < oo, f0§ b2(Y,) du = oo}. Also we
assume that

b? .
€ L) .(J). (17.1.7)

Remark 17.1.4 In order to connect this discussion to the results in Proposi-
tion 17.1.1 and Lemma 17.1.2, set Y = V and b(x) = —p./x.

We now consider an auxiliary J-valued diffusion Y , Where
dY, = w(Yy) dt + b(Y,)o (Yy) dt + o (Y;)dW,.

Then ¥ admits a unique weak solution that possibly exits its state space at . Before
we present Corollary 2.2 from Mijatovic and Urusov (2012), recall from Proposi-
tion 17.1.1 that V cannot reach infinity under P, and Lemma 17.1.2 states that Bis
a martingale if V cannot reach infinity under P, i.e. Bis martingale if the boundary
behavior of V and V coincides. Corollary 2.2 from Mijatovic and Urusov (2012)
extends this to the general case.

Corollary 17.1.5 Assume that Y does not exit its state space and assume that @, o
and b satisfy the assumptions (17.1.6) and (17.1.7). Then & is a martingale if and
only if Y does not exit its state space.

For a more general result, see Theorem 2.1 in Mijatovic and Urusov (2012).
Finally, we recall an important remark from Mijatovic and Urusov (2012).
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Remark 17.1.6 The conditions in Lemma 17.1.2 (resp. Corollary 17.1.5) are neces-
sary and sufficient conditions for B (resp. £) to be a martingale on the time interval
(0, c0). Furthermore, they are necessary and sufficient conditions for B (resp. &) to
be a martingale on the time interval [0, T] for any fixed T € (0, 00).

Remark 17.1.6 can intuitively be explained as follows: the process B (resp. &)isa
time-homogeneous diffusion process, hence the process cannot loose its martingale
property over time, but would have to lose it immediately.

17.2 Multidimensional Extension

This section briefly illustrates how to extend the results from the previous section to
a multidimensional setting. Assume that the dynamics of the benchmarked savings
account are given by

d
dB,=—B, Y \JVF(o" dW} + (0 awth), (17.2.8)
k=1
where W = {W, = (th, W,z, A Wtzd), t > 0} is a vector Brownian motion and
k
dvl =ik (0* = v})dr +o* (V)" awyf. (17.2.9)

Here V(f, Kk, 9", ak, pk are positive parameters, —1 < pk <1, and

(") =y1= (")

Proposition 17.2.1 Let B and Vk,for k=1, e d, be given by Egs. (17.2.8) and
(17.2.9). Denote by f!jo the explosion time for V¥,

= lim %X ¥ =inf{r: V} > n},

fk
9
n—oo " n

[e¢]

where the dynamics of VK are given by

dVF = (k(6F - VF) - pkok(\;tk)pk+%)dt +ok(TH awk 17.2.10)

d
E(Br) = By ]_[ P(zL > 7).
k=1
Furthermore, B is a martingale if and only if for all k € {1, ..., d}, one of the fol-
lowing conditions holds:

° pkz%orpk>%;
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nd p* > 0;
E

N|>S |V

an
ok

As in Sect. 17.1, the conditions presented in Proposition 17.2.1 are necessary
and sufficient for B to be a martingale on the time interval [0, T'] for any fixed

T € (0, 00).
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