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Abstract

This dissertation provides a contribution to the option pricing literature by
means of some recent developments in probability theory, namely the Malliavin
Calculus and the Wiener chaos theory. It concentrates on the issue of faster
convergence of Monte Carlo and Quasi-Monte Carlo simulations for the Greeks,
on the topic of the Asian option as well as on the approximation for convexity
adjustment for fixed income derivatives.

The first part presents a new method to speed up the convergence of Monte-
Carlo and Quasi-Monte Carlo simulations of the Greeks by means of Malliavin
weighted schemes. We extend the pioneering works of Fournie et al. (1999),
(2000) by deriving necessary and sufficient conditions for a function to serve as
a weight function and by providing the weight function with minimum variance.
To do so, we introduce its generator defined as its Skorohod integrand. On a
numerical example, we find evidence of spectacular efficiency of this method for
corridor options, especially for the gamma calculation.

The second part brings new insights on the Asian option. We first show
how to price discrete Asian options consistent with different types of underlying
densities, especially non-normal returns, by means of the Fast Fourier Transform
algorithm. We then extends Malliavin weighted schemes to continuous time
Asian options.

In the last part, we first prove that the Black Scholes convexity adjustment
(Brotherton-Ratcliffe and Iben (1993)) can be consistently derived in a mar-
tingale framework. As an application, we examine the convexity bias between
CMS and forward swap rates. However, for more complicated term structures
assumptions, this approach does not hold any more. We offer a solution to this,
thanks to an approximation formula, in the case of multi-factor lognormal zero

coupon models, using Wiener chaos theory.
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Introduction

This dissertation provides a contribution to the option pricing literature by
means of some recent developments in probability theory, namely the Malliavin
Calculus and the Wiener chaos theory. It sheds new light on some old and
complicated problems by means of these new techniques. It concentrates on the
issue of faster convergence of Monte Carlo and Quasi-Monte Carlo simulations
for the Greeks, on the topic of the Asian option as well as on the approximation
for convexity adjustment for fixed income derivatives. This Thesis consists of
six different chapters. Among these, chapters 3 and 5 try to contrast the afore-
mentioned new tools of probability theory by presenting other approaches like
the Fast Fourier Transform technique and the martingale framework.

The first part presents a new method to speed up the convergence of Monte-
Carlo and Quasi-Monte Carlo simulations of the Greeks by means of the Malli-
avin weighted scheme. The pioneering works were the ones of Fournié et al.
(1999), (2000). However, two important questions remained unsolved. Can
we derive necesary and sufficient conditions for a function to serve as a weight
function? Which weight function has the minimum variance?

The first chapter tries to answer these two questions. To be able to provide
necessary and sufficient conditions for the weighting function, we introduce its
generator defined as its Skorohod integrand. This new definition turns out to be
very powerful since it provides a description of all weight functions. An integra-
tion by parts, by means of Malliavin calculus, leads to these conditions. These

conditions, expressed through conditional expectations, provide the whole set of

13



weight functions for an option pricing kernel in a continuous-time model. We
show how to find the ones with minimum variance. This minimum-variance so-
lution is the projection of any weight function on the filtration spanned by the
payoff functional. We give some key examples of the weight function generator.
It turns out that in some cases, the optimal solution is not easy to calculate
explicitly. We discuss the question of the most appropriate weight function in
this complicated case. We finally conclude that this method is very efficient for
discontinuous payoff options, like binary and corridor options. This is a conse-
quence of the fact that this method avoids differentiating the payoff function.

The second chapter is a numerical application of this general theory in the
case of the Black pricing model. We quantify the gain in the variance reduction
when using the Malliavin weighted scheme. We find evidence of spectacular effi-
ciency of this method for corridor options, especially for the gamma calculation.
Indeed, the Malliavin weighted scheme variance reduction should be more effi-
cient for second order derivatives compared to first order ones, ceteris paribus.
We examine, furthermore, a mixed strategy based on the Malliavin weighted
scheme and finite difference approximation. The Malliavin weighted scheme is
used only loéally, at the kink of discontinuity. This leads to so called ”local
Malliavin” formulae. This method appears to be a very efficient way to simulate
the Greeks, either for very standard payoffs like call options or more discontin-
uous ones. A subtle point of this method concerns the choice of the location
of the discontinuity. We conjecture that this is depending on the form of the
payoff functional.

The second part brings new insights on the Asian option by means of the
Malliavin calculus. It first studies an alternative to this probabilistic method
by means of the Fast Fourier Transform algorithm. It shows how to compute
discrete Asian options consistent with different types of underlying densities,
especially non-normal returns as suggested by the empirical literature (see Man-

delbrot (1963) and Fama (1965) for the early ones). The interest of this method
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is its flexibility compared to standard option pricing ones. Based on Fast Fourier
Transform, the algorithm is an enhanced version of the algorithm of Caverhill
and Clewlow (1992). The contribution of this chapter is to improve their algo-
rithm by a systematic recentering at each stage and to adapt it to non-lognormal
densities. This enables us to examine the impact of fat-tailed distributions on
price as well as on the delta. We find evidence that fat-tailed densities lead to
wider jumps in the delta. We then examine the case of the Greeks for continuous
Asian options and show how to extend the work of the first part to this case.
The Malliavin weighted scheme turns out to be adaptable to this particular case.
We conjecture indeed that these results should be adaptable to the case of the
continuous lookback options.

The last part concentrates on the old but still very interesting problem of
the convexity adjustment. We first introduce the notion of convexity. We show
that old results of Brotherton-Ratcliffe and Iben (1993) and later by Hull (1997)
and Hart (1997) can be consistently derived in a martingale framework. The
motivation of this chapter lies in two directions. First, we set up a proper no-
arbitrage framework illustrated by a relationship between yield rate drift and
bond price. Second, making an approximation, we come to a closed formula
with a specification of the error term. Earlier works (Brotherton et al. (1993)
and Hull (1997)) assumed constant volatility and could not specify the approx-
imation error. As an application, we examine the convexity bias between CMS
and forward swap rates. However, for more complicated term structures as-
sumptions, this approach does not hold any more. The contribution of the last
chapter is precisely to provide a solution to this problem and to give good ap-
proximation formulae of the convexity adjustment for multi-factor lognormal
zero coupon models, which are more general term structure yield curve models.
We show how Wiener chaos theory enables us to derive a closed form solution.
We apply results to various well-known one-factor models (Ho and Lee (1986),

Amin and Jarrow(1992), Hull and White (1990), Mercurio and Moraleda(1996)).
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Quasi Monte-Carlo simulations confirm the efficiency of the approximation. Its

precision relies on the importance of second and higher order terms.
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Brief Review of the literature

about Malliavin calculus and

Wiener Chaos

Traditionally, option pricing literature is divided into different fields depend-
ing on the background of the authors. Option pricing theory can be developed
either from a probabilistic referred to as the martingale point of view (theory
initiated by Bachelier (1900) for the former, Harrison, Kreps (1979) and Har-
rison, Pliska (1981) and El-Karoui et al. (1995) for the most famous articles),
a partial differential equation one (with a stress on finite difference methods
introduced in finance by Schwartz (1977) for the explicit scheme, Brennan and
Schwartz (1978) for the implicit one and by Courtadon (1982) for the Crank
Nicholson one), a lattice-based concern (Sharpe (1978), Cox Ross and Rubin-
stein (1979)) or a Monte Carlo simulation emphasis (Boyle (1977) and later
Broadie and Glasserman (1996)). Indeed, over the last few years, it has turned
out that these fields are not that different. Many ”bridges” like the Feynman
Kac formula tie the aforementioned fields. The seminal Black Scholes (1973)
option pricing formula has been derived by various techniques. Moreover, lat-
tice methods can be seen as a particular case of finite difference methods (Hull
(1997)). A stochastic differential equation can be translated into a partial dif-
ferential equation and the Black Scholes equation can be shown to be a modified

version of the heat equation (see Wilmott et al. (1993)). Our aim in this Thesis
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has been to further integrate and link the various approach. We have tried to
see how new developments of the probabilistic theory, that is to say Malliavin
calculus and Wiener chaos could help solve option pricing problems.

Indeed, the Malliavin calculus and the Wiener chaos theory have turned
out to be very powerful tools for various problems modelled by continuous-
time stochastic processes. Moreover, these two theories are nowadays taught
together since the Malliavin derivative can be expressed in terms of its Wiener
chaos expansion.

The starting point of both Wiener chaos and Malliavin calculus lies in some
mathematical considerations. The Wiener chaos theory was initially used to get
a Hilbert basis of square integrable function expressed as an Ito integral. It in-
tuitively relates the Cameron Martin sub-space with the wider Hilbert space of
square integrable functions expressed as an Ito integral. In particular situations,
this expansion could be intuitively thought of the generalization of Taylor’s ex-
pansion to stochastic processes with some martingale considerations. This rep-
- resentation of stochastic processes initially proved for the Brownian motion by
Wiener (1938) and later for Levy process (see Ito 1956) has been recently refo-
cussed, motivated by the contemporary development of the Malliavin calculus
theory and its application not only to probability theory but also to mechanics,
economics and finance (1995).

The Malliavin calculus was initiated by Malliavin and further developed by
Stroock, Bismut, Watanabe and others. The original motivation was to provide
a probabilistic proof of Hormander’s sum of squares theorem. One of the impor-
tant conclusions is the existence of an adjoint operator of the Malliavin derivative
called the ”Skorohod integral”. It has the elegant property to be an extension
of the Ito integral for non-adapted process. The great advantage of this the-
ory is also to allow the formulation of regular solutions of stochastic differential
equations, in case where the solution is not adapted to the Brownian filtration.

One can roughly say that the Malliavin calculus is the calculus of variation in

18



a stochastic framework. Or, comparing with the deterministic framework, Ito
calculus would correspond to the ordinary derivative in infinitesimal calculus
and the Malliavin derivative on Wiener Space to the Frechet derivative on a
function space. As an introduction to Malliavin calculus, we suggest the reader
to refer to the appendix section A.

Interestingly, these two techniques have turned out to be very useful for
many fields. There has been a growing literature on the use of Malliavin calculus
theory as well as Wiener Chaos over the last ten years. Uwe et al. (1998) have
applied Malliavin calculus to quantum mechanics. They showed that certain
types of quantum stochastic processes could be defined by means of their Wigner
densities on the Eisenbérg—Weyl algebra and that they had to satisfy a diffusion
equation. Using the integration by parts formula of the Malliavin calculus, they
proved the existence and regularity of these solutions. They applied this theory
to the phenomenon of creation and annihilation on Fock space.

Furthermore, going over to the modelling of perturbation for high-frequency
telecommunication queuing networks, Decreusefond (1994) applied successfully
Malliavin calculus to get high order derivatives as an input to the likelihood
Ratio Method. In his model, fluxes are modelled by stochastic processes. There-
fore, techniques about stochastic processes are valid. This enabled him to find
estimators with faster convergence and to specify a criterion for the absolute
continuity for the law of a reflected process.

Bally and Talay (1995) and later Kohatsu and Antonelli (1999) have used
Malliavin calculus to study the convergence rate of an appropriate discretisation
scheme on the solution to the McKean Vlasov equation, describing the behaviour
of a high-density gas. Millet and Solé (1997) used Malliavin calculus to prove
the regularity and the smoothness of the law of the solution of a stochastic wave
equation in two dimensions.

In economics and finance, Malliavin calculus has been introduced in many

works. Serrat (1996) has used the Malliavin derivatives in his model of dynamic
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equilibrium for two-country exchange economy with non-traded goods and com-
plete financial markets. @ksendal (1997) was among the first ones to suggest
the use of Malliavin calculus in economics and especially in the option pricing
literature. Bermin (1998) (1999) has suggested an alternative approach to delta
hedging by means of the Malliavin calculus. He has examined the complicated
case of hedging strategies of barrier options. Recently, Gobet (2000) has used
Malliavin calculus theory to study the convergence rate of killed diffusions using
Euler schemes and has applied it to barrier options. Last but not least, Fournié
et al. (1999) (2000) have suggested the use of Malliavin calculus for the faster
computation of the Greeks.

The same is true for Wiener chaos theory. The study of chaos expansions
and multiple Wiener-Ito integrals has become a field of considerable interest in
applied and theoretical areas of probability, stochastic processes, mathematical
physics, and statistics. It has been used in filtering theory (Rozovskii (1997))
stochastic physics, biological cybernetics (Johanessma and Victor (1986)) and
pattern recognition. In Finance, it has been used by Lacoste (1996) to provide
a probabilistic framework for transaction costs, by Brace and Musiela (1995) to
find an approxirha.tion formula for interest. rates derivatives and by Barucci and
Mancino (1997) for a model similar to the one of Lacoste focussing on transaction

costs and hedging problems.
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Notation

General Notation

R

R+
A—l
log(z)
f(=)
f"(a)
0e)

L2([o,11)*
(+2)

i

Cg

G ()

Cs° ()

Particular sets

Cn

T

Set of real numbers

Set of real non-negative numbers

Inverse of a number, a matrix, according to the definition of A
Natural logarithm (Neper basis)

First order derivative function with respect to z

Second order derivative function with respect to z

Notation of Landau defined by there exists 7 so that it is
bounded in absolute value by ne

Real separable Hilbert space of d -dimensional real functions
squared integrable, defined on [0, T

Canonical scalar product of L2([0,77])¢

Canonical norm of L%([0, T])¢

Set of infinitely differentiable functions with compact support
Set of infinitely differentiable functions

with all their partial derivatives with polynomial growth

Set of infinitely differentiable functions

with their all partial derivatives bounded

Kronecker delta defined by 6, m = 1 if n =m, 6, » = 0 otherwise
14(z) =1if z € A and 0 otherwise

Equals by definition

Set of strictly increasingly-ordered n-uplets
{(s1y-y8n) ER",0< 5 < ... <8, < 1}
Set of L? [0, T] normalized functions

with respect to the Lebesge measure under [0, ¢;]
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_;ﬁz

Probability

(©2,F,Q)
{F,te[0,T]}

Var (X)
Cov(X,Y)
P

Q

QT

E?[]

EZ (]

E"?’X‘l Xtm [']

.....

defined by {a € L2[0,T)| [Ha(t)dt =1Vi= 1...m}

Set of L% [0, 7] normalized functions

with respect to the Lebesge measure under [t;_;, ;]

defined by {5 € L2[0,T]|

ts ~
-ft,;l a

Complete probability space

(t)dt =1Vi = 1...m}

Augmented filtration generated by

a standard Wiener Process (W;),.g

almost surely

Standard variance defined as E(X?) — (E(X))?
Standard covariance defined as E(XY)) — E(X)E(Y)

Historical probability measure

Risk neutral probability measure

Forward neutral probability measure

Expectation under the probability measure @

EZ [] =E°[|Xo = 2]

]E:?,th___,,xgm ['] = E? ['IXtU "‘3Xtm]

Stochastic Processes

(Wh)ier

(Mt)telk

(M),

(q)ﬂ)nEN

Wiener process, either one dimensional

or multi dimensional

Square-integrable martingale

with respect to an appropriate filtration {F}},.g
Doob Meyer brackets defined through the
requirement that (MZ — (M),) be a martingale
Morphism from £2(C,,) to L% (F.,) defined by
Pn (f) : L2(Cp) = L2 (F)
Pn (f) = Jocor<.siconst £ (5150 8n) AMin dM,,



S Set of stochastic functions F' of the form
FUy m&)dWs, -y f3 Balt)dW5)

D12 Banach space, completion of S with respect to the norm
| F llo= (B(E)V? + (B(fy (DF)*de)?

Lo (V, T, Tx) Wiener Chaos of order ¢

spanned by the function V (., T, T}) at time T
defined by Jo<oy<..0i<...om<t {V (81T, Tk).dWoy ).V (53, TT%),dWs, )

il

Malliavin Calculus

D,F Malliavin derivative

5() Skorohod integral

weight Malliavin weight

wieita Malliavin weight for the delta

wIemmae Malliavin weight for the gamma

wre Malliavin weight for the rho

wyesr - Malliavin weight for the vega

mo Malliavin weight with minimal variance
Underlying

X Price of the underlying security at time ¢

z Initial value of the underlying security at time t =0
R, Log return defined as R;, = log(Xy,/ Xz, ,)

T O T, Risk-free rate

o Constant Black Scholes volatility

Os Black volatility (deterministic, time dependent)
b(t,Xz) Drift term

o(t,Xy) Diffusion term

Perturbation on the Underlying
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Y, First variation process

b (t,X:) Partial derivative of the drift term
with respect to the second variable

o (t, X:) Partial derivative of the diffusion term
with respect to the second variable

b(t, X,) Perturbation of the drift term

a(t, Xz) Perturbation of the diffusion term

Xgmhe Perturbation of the underlying

along the drift term

X;veee Perturbation of the underlying
along the diffusion term

Zrhe Sensitivity of the underlying along the
perturbed drift term

Z,9 Sensitivity of the underlying along the
perturbed diffusion term

Payoff and Price
f(Xr) | Payoff of an optioﬂ
(X, Xt,) Payoff of an option depending on a
| finite set of dates #;...t,,
f ( fOT Xsds) Payoff of an option depending on the continuous
arithmetic average (simple Asian option)
f (XT, foT Xsds) Payoff of an option depending on the terminal
value of the underlying security as well as the
continuous arithmetic average (complex Asian option)
F = e~ lo ™42 £ (X,) Discounted payoff
P(z) Price of the option as a function of the underlying level

Interest Rate

24



e~ ST reds

B(t, T)t<1',T<T

Y?
Br.

1

CA

V (s, T;)

%(T,T,')

C(T,T)

Discount factor

Price at time ¢ of a default-free forward zero coupon
maturing at time T

Forward swap rate

Value at time ¢ = 0 of the T-forward zero coupon

maturing at time T;

B(0,T;
defined as ZG7

Convexity adjustment between different products
depending on the context

Sensitivity of the forward swap

defined as the sum of the forward zero coupon bonds

K =31 Br.

Insté.ntaneous volatility at time s of a forward zero coupon
maturing at time T;

Forward volatility of a T-forward zero coupon

maturing at time T; defined as V (s, T;) — V (s, T)
Correlation term between the returns of

T-forward zero coupon bond

defined as j;)T <‘/;(T;Ti), V,(T'Tj)>
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Chapter 1

Malliavin Weighted Scheme for
Fast Computation of the Greeks

Summary of the chapter

This chapter presents a new method to speed up the convergence of Monte-Carlo
and Quasi-Monte Carlo simulations of the Greeks by means of the Malliavin weighted
scheme. The contribution to the pioneering works is to derive necessary and sufficient
conditions for a function to serve as a weight function and to find the weight function
with the minimum variance. To do so, we introduce the generator of the weighting
function defined as its Skorohod integrand. This new definition turns out to be very
powerful since it provides a description of all weight functions. An integration by
parts, by means of Malliavin calculus, leads to these conditions. These conditions
are expressed through conditional expectations. We show that the minimum-variance
solution is the projection of any weight function on the filtration spanned by the
payoff functional. We give some key examples of the weight function generator. For
complicated diffusion, the optimal solution is not easy to calculate explicitly. We
discuss the question of the most appropriate weight function. We finally conclude
that this method is very efficient for discontinuous payoff options, like binary and

corridor options.
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1.1 Introduction

Since price sensitivities are an important measure of risk, growing emphasis on
risk management issues has suggested a greater need for their efficient compu-
tation. Collectively referred to as "the Greeks”, theses sensitivities are mathe-
matically defined as the derivatives of a derivative security’s price with respect
to various model parameters.

The traditional way to compute a Greek is through its finite difference ap-
proximation. If we denote by P (z) the price of the option for an underlying’s ini-
tial value equal to z, one calculates the delta by means of (P (z +¢) — P (z)) /e.
This can produce a significant error since one takes the difference of terms P (z)
and P (z + ¢) which are already calculated by approximations. When looking
at Monte Carlo and Quasi Monte Carlo methods, Glynn (1989) showed that
the quality of this approximation was depending on the way of approximat-
ing the derivative: forward difference (P (z +€) — P (z)) /e, central difference
(P (z +€) — P(z — €)) /2¢, or even backward difference scheme (P (z) — P (z — €)) /e.
In the case of the forward and backward difference scheme, if the simulation of
the two estimators of P (z + €) and P (z) or P (z) and P (z — ¢) is drawn inde-
pendently, he proved that the best theoretical convergence rate is n=1/4. As of
the central difference scheme, the optimal rate is n~1/3. When taking common
random numbers, this optimal rate becomes n~'/2. This is the best to be ex-
pected by standard Monte Carlo simulation as described by Boyle, Broadie and
Glasserman (1997) Glasserman and Yao (1992), Glynn (1989), and L’Ecuyer
and Perron (1994). However, the finite difference method has a slow conver-
gence rate when dealing with discontinuous payoffs. This restriction applies to
many of the exotic options such as digital, corridor, Asian and lookback options.

To overcome this poor convergence rate, Curran (1994), (1998) and Broadie
and Glasserman (1996) suggested to take the differential of the payoff function
inside the expectation required to compute a price. This leads to a convergence

rate of n~1/2. However, this can be applied only to simple payoff functions.



CHAPTER 1. MALLIAVIN WEIGHTED SCHEME 28

Fournié et al. (1999) (2000) extended their method to payoffs depending on
a finite set of dates, in very general conditions. The original idea comes from
a result by Elworthy (1992) which suggests, in a probabilistic framework, to
shift the differential operator from the payoff functional to the diffusion kernel,
introducing a weighting function. They came to the central result that the
common Greeks could be written as an expected value of the payoff times a
weight function.

Greek = E° [e" Jg reds (XT).wez'ght] (1.1)

The theoretical tool used was the stochastic calculus of variations, traditionally
called Malliavin calculus. Their results were given for particular examples of
weight functions. However, a natural question, starting point of this research
was to examine all the weight functions and to determine which conditions
- a weight function should satisfy. Another important question is to find the
minimal-variance solution.

The contribution of this chapter is precisely to answer these questions. We
show how to characterize by necessary and sufficient conditions the weight func-
tions in the Malliavin weighted scheme. Expressing weight functions as Skorohod
integral, we introduce the weight function generator defined as the Skorohod in-
tegrand. We show that these functions can be characterized by necessary and
sufficient conditions on their generator. We then examine the different weight
functions and show how to find the one with minimal variance. We then give
some key examples of the weighting function generator. We finally discuss the
issue of the most appropriate weight function.

The remainder of this chapter is organized as follows. In section 2, we explicit
the intuition of the methodology with the Black Scholes model as well as some
preliminary definitions and results. In section 3, we derive the necessary and
sufficient conditions for the weight function generator. In section 4, we show
various examples for the weight function generator. We conclude in section 5.

For clarity reasons, we put all the proofs which turned to be quite involved, in
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the appendix section.

1.2 Mathematical framework and preliminary

results

1.2.1 Intuition

In this subsection, we show by means of the Black Scholes (1973) model, how
to derive a formula that reduces the variance of the Greeks when computed by
simulation methods. The core of our methodology lies in an integration by parts
formula. This allows us to avoid taking the derivative of the payoff functional
and instead shift the differential operator on the diffusion kernel.

Following Harrison and Kreps (1979), Harrison and Pliska (1981), the price
of a contingent claim is traditionally calculated as the expected value of the dis-
counted payoff value in the risk neutral probability measure Q@ uniquely defined
in complete markets with no-arbitrage. We consider a continuous-time trad-
ing economy with a finite horizon ¢ € [0,7]. The uncertainty in this economy
is classically' modelized by a complete probability space (2, F, Q). The infor-
mation evolves according to the augmented filtration {F;,t € [0,T]} generated
by a standard one dimensional standard Wiener process (m)te[O,T]‘ The price
P (z) of our contingent claims at time ¢ = 0 with expiry date T is defined by
the expected value of the discounted payoff function at expiry f(Xr) (for a
call f(Xr) = (Xr — K),) conditional to the present information, described by
o-algebra Fi_g

P (z) = EC [f (Xr)e & |F] (1.2)

E? ] is the expectation under the risk neutral measure @, X; is the underly-
ing price, and 7, is the risk-free rate. Following Black Scholes assumptions, the
underlying, either an equity, a commodity, an interest rate or an index price,

follows a geometric Brownian motion characterized by the following diffusion



CHAPTER 1. MALLIAVIN WEIGHTED SCHEME 30

equation:

4 _ rdt + odW,; (1.3)
X

Let us denote by Xr the unique continuous strong solution of (1.3) with initial
condition z (Xo = z). Replacing in (1.2) Xr by its probability density function
gives us that the price P (z) can be written as an explicit integral:
oo
P(z) = [_ :-o e’ TS (.'zerTJ""/T”_%"27‘)\/—12=ﬂ_e_1'23 dy

To calculate a Greek, traditional methods compute numerically the finite differ-
ence between two shifted prices. For the clarity of the proof, we chose the delta.
This leads in the case of a centered scheme to:

Pe+5)~P(a-5)

delta ~

Its continuous limit leads then to take the derivative of the payoff function since

§ Xz+§ —f Xz—i
the expression £ - )E ( T) inside the expectation operator in (1.4) tends

to the derivative of the function f as € tends to zero.

P+ =PeoD) _gof,ral CF) 705 1

The driving idea of this chapter is to avoid taking the derivative of the function,
by doing an integration by parts. Assuming that f(.) is a.s. differentiable
with derivatives with polynomial growth!, we can show that the derivative with
respect to z is proportional to the derivative with respect to y:

9 f(merTHﬁy—%azT) - 1 0 f(merT+a'\/Ty—%02T)

oz zo/T Oy

!These are assumptions that justify the interchange of the integration and the differential

operator by dominated convergence.
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leading to the following integration by parts:

0 0 e —rT rT+ovTy—La2T I
%P— E(lwe f(ze 2 )\/z_ﬂe z dy)

e | f (:re'T“"ﬁ”‘%"’T)—l e"zE +00

zoy/T NG —oo
+o00 2
+e—rT/ L f(zeTHVI1oT) e gy

—0o 20VT V2r

This enables us to write the delta as the expectation of the discounted payoff

times a weight function:

OP o
oz~

e—rT
por Wr f(XT))

In the above formula, the differential operator has disappeared. Instead, this

e-rT

methodology has introduced a weight function &—~Wr. The weight is not de-

pending on the payoff function and is easy to simulate. This indicates that the
efficiency of this method does not depend on the payoff type. On the contrary,
the standard way to compute the Greeks relies on the payoff function since it
takes the finite difference approximation of the derivative of the payoff function
(1.4). Since this integration by parts method smoothens the payoff function
with a weight independent of the payoff function, it is all the more efficient that
the payoff function is discontinuous. This is the case of digital, simple, double
barrier and many other exotic options. Furthermore, we can conjecture that
this method should be more efficient for second order Greeks, like gamma, than
first order ones, like delta. Moreover, this methodology should provide us with
similar rates of convergence for the Greeks as for the price. The only difference
between the price simulation and the Greek simulation comes from the weight

function to simulate.

1.2.2 Notations and hypotheses

To avoid heavy notations, and for clarity reason, we present our results in one

dimension. However, the results can be easily extended to the multi-dimensional
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case. Following the traditional literature on continuous-time option pricing (see
Duffie (1995), Musiela and Rutkowski (1997) or Lamberton and Lapeyre (1991))
the evolution of the underlying price, Ito process (Xt)te[O,T]1 is described by a

very general stochastic differential equation (SDE):
dX; =b(t, X;) dt + o(t, X;)dW, (1.5)

with the initial condition Xy = z, z € R. The function b : R*xR — R
represents the determinist drift of our process and the function o : RtxR — R

its volatility. The risk-free interest rate is denoted by r (¢, X;). We assume that:

e the functions b and o are continuously differentiable with bounded deriva-
tives and verify Lipschitz conditions, i.e., there exists a constant K < +00

such that

b@t,2) -b(E )| +]o(t2) —oty)l < Klz—y (1.6)
o) +lo@y) < KA+[zl) (L7

Inequalities (1.6) and (1.7) are classical conditions to ensure the existence
and uniqueness of a continuous, strong solution of the SDE (1.5) with its initial

condition. We denote by X7 the continuous, strong solution X starting at x.

e the diffusion function o (t, z) is uniformly elliptic?:

de>0, Vte[0,T],Vz€R |o(tz)| =€z (1.8)

We denote by (Yt)ze[o,Tj the first variation process of (Xt)te[O,T]’ which is
characterized as the unique strong continuous solution of the linear stochastic

differential equation (1.9) with initial condition (Y;=¢ = 1):

S = X)dt+ o (1, X)W, (19)

t
2This is to ensure that we can find some solutions for the weighting functions, since it often

requires to take the inverse of the volatility function.
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where the prime stands for the derivatives with respect to the second variable.
We can show that the first variation process is the derivative of (X¢)co 71 With
respect to z, (Yt = -(%Xt). Malliavin calculus theory proves (see Nualart (1995)
page Theorem 2.3.1 page 110 on the absolute continuity) that the Malliavin
derivative can be written as an expression of the first variation process as well

as the volatility function:
D, X, =Y, Y, o(s, X )s<gya.s. (1.10)

To be as general as possible, we assume that our payoff is depending on a
finite set of payment dates: ¢;,¢s,...,t, with the convention that ¢, = 0 and
tm = T. The price P(z) of the contingent claim given an initial value of the
underlying price z is traditionally computed as the expectation under the risk

neutral probability measure of discounted future cash flow:
P (c) =EZ [ KXt f (X, X,,, .., X,,)]

with the traditional shortcut notation EZ[.] = E?[.|Xo =z]. The function
f : RxRx...xR — R denotes the payoff, and is supposed to be first order
differentiable with derivatives with at most polynomial growth. Wé denote by
F the discounted payoff F = e~Jo f&X)sf (X, X, . X, ). If we need to
specify that the underlying is a function of the initial value z, we denote the

discounted payoff by F**.

1.2.3 Generalizing Greeks

We take the common definition of the delta and gamma as the first (respectively
the second order derivative) of the price with respect to the underlying initial
level. However, for the rho and vega, the definitions need to be extended. Since
by assumptions, the drift and volatility terms are functions of the underlying and
time but not constant coefficient, we need to develop a more robust framework

than the common sensitivity with respect to a fixed parameter. The meaning of
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the rho and vega is to quaintify the impact of small perturbation, in a specified
direction, on either the driift term or the volatility term. We therefore define an
”extended” rho as well as an "extended” vega defined as the derivative function
of the price along a specified perturbation direction either on the drift term or
the volatility term.

Let denote by b:R* xR — R a direction function for the drift term
and 0 : RxR — R for the stochastic term. We assume that, for every
eel[-1,1],5(,.), (b + 65) (,-), a(.,.) and (0 + &) (.,.) are continuously dif-
ferentiable with bounded derivatives and verify Lipschitz conditions and more-
over that & (.,.) and (o + €3) (., .) satisfy the uniform ellipticity condition (1.11).
Ve € [-1,1]

Ip>0,VzeR,Vte[0,T], |(c+¢€0)(¢,z)|>nlz| (1.11)

We then define two different perturbed underlying processes, with their re-

spective prices. The "drift-perturbed” process is the stochastic process {Xf he t e

solution of the perturbed diffusion equation, in the direction b, defined by (1.12)

and the unmodified initial condition (X§™ = z)
dxXe™e — [b (t, Xf""“’) +eb (t, xf"’“’)] dt+o (t, X:"’“’) aw,  (L12)

Similarly, the volatility-perturbed underlying process is the stochastic process
{X7"¥%,t € [0,T]} solution of the perturbed diffusion equation in the direction
& defined by (1.13) and the unmodified initial condition (X3™** = z)
dX;U% = b (¢, X" dt + [o (¢, X7"9%) + €0 (t, XpV90%)) dW, (1.13)
We can relate two perturbed prices to these two perturbed processes: Pg,,(z)
and P, (z) defined by
Pr(z) = B [l rexYes (xes, X, Xed)]

with ¢ = rho or vega

Swe put either rho or vega in upperscript so as to be able to distinguish the two perturbed
process X" and X£"?*. One is corresponding to a perturbation on the drift term whereas

the other one on the stochastic term..

0,71}
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The physical meaning of the above definitions is to set an appropriate frame-
work so as to see the impact on the underlying process as well as on the price
function of a structural change of either the drift or the volatility term. The
extended rho and vega quantify this effect. They are given by the following
definitions:

Definition 1 The extended rho is the Gateau derivative of the perturbed price

function P5,, (z) in the direction given by the function 3()

rho = —%Pf,w ()]

d e=0,b given
where the sign = stands for a definition Similarly, the extended vega is the

(1.14)

Gateau derivative of the perturbed price function Py, , (z) in the direction given

by the function o (.,.):

(1.15)

vega = %Pe (z)

e=0,0 given
1.2.4 Results on the first variation process

This section shows that the first variation process (Yi)te[o,’fj is at the core of
the extended Greeks theory. In this section, we introduce Gateau derivatives
implied by the extended Greeks. We show that these two Gateau derivatives can
be expressed as a simple function of the first variation process Y;. We denote
by (Z7™), cor (respectively (Z7°°),ozy) the Gateau derivative of the drift-
perturbed underlying process {Xf mhe ¢ e [0,’T]} , Tespectively the volatility-
perturbed underlying process { X%, ¢ € [0, 7]} along the direction b, respec-
tively 7. These two quantities are defined as the limit in L2, uniformly with

respect to time ¢ :

e,rho
e — X
Zrh = lim X e (1.16)
L2,e—0 &
respectively
evega __ x
7V = lim X — X (1.17)

12,60 £
Interestingly, these two processes can be expressed in terms of the first vari-

ation process (Y):cjo,7) as the following proposition states:
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Proposition 1 The process (Z{ ”") sefo] CAn be expressed in terms of the first

variation process by _
‘YD X)
8=0 Ys

Similarly, the process (Z2;°%),c(o.z) can be expressed in terms of the first variation

Zhe = (1.18)

process (Y;)co1) by

o (s, X,)
Y,

t -~ t
7" = / ALROPTAS / Yo' (5, X.)
0 0

Y. ds (1.19)

Proof: see the appendix section, section B.1, page 158.00

The proposition above explains intuitively why the Malliavin weights for
the rho and vega can be expressed in terms of the first variation process. The
difference between the volatility-perturbed framework and the drift-perturbed

one comes from an additional term in the case of the volatility-perturbed one.

1.3 Malliavin weighted scheme: a new method
for computing the Greeks

This section shows the necessary and sufficient conditions for a function to serve
as a weight function. We first give the state of the art, then give the necessary
and sufficient conditions and finally show how to extend these conditions to
models where the risk-free interest rate is a function of the underlying as in
interest rates models for the spot rate (model of Vasicek (1977), Cox Ingersoll
Ross (1981), Black Derman Toy (1990), Black Karinski (1990) and so on).

1.3.1 State of art

Fournié et al. (1999) and (2000) were the first to suggest that the three Greeks
delta, vega and rho could be computed as an expected value of the discounted
payoff times a suitable weight function (1.20)

Greek = E@ [e- Jg rads f(XT)wez'ght] (1.20)
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The article of Fournié et al. (1999)leaves many questions unanswered, like which
condition(s) a function should satisfy to serve as a weight function and which
weight function is the one with minimal variance.

It is worth noticing that all weight functions could be expressed as a Skoro-
hod integral. This is because the Skorohod integral is the adjoint operator of
the Malliavin derivative. It means that the only way to have an integration by
parts by means of the Malliavin derivatives is that there exists a weight func-
tion that could be written as a Skorohod integral. The following subsections
shows that the weight function generator (defined below) should satisfy neces-
sary and sufficient conditions. Interestingly, these conditions are different for
each Greek but independent of the payoff function. Therefore, the Malliavin

weight is independent from the payoff function.

1.3.2 Generalization of the methods: Exact determina-

tion of the Malliavin Weights

Writing the weight function weight as a Skorohod integral, we call weight func-

tion generator w the Skorohod integrand
weight = 6§ (w) (1.21)
We will assume as well that the wéight is L? integrable that is |
E [weight?] 2 < 00 (1.22)

This equation is the condition to ensure the existence of the Skorohod inte-
gral. Since the Skorohod integral is at the core of the Malliavin integration by
parts formula, the weight function is better characterized by its weight function
generator. We first examine the most common case where we assume that the
instantaneous risk-free interest rate does not depend on the underlying process
' (s,X,) = 0 where the prime stands for the derivative function with respect to
the second variable. Denoting by ES XeoXe, UD€ conditional expectation with

respect to Xy, ..., Xy, i.e. Eg,xe,,..-,xt,,, [] =EZ@[|X:,,..., Xs..] , we show that:
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Greeks Necessary and Sufficient conditions
ree
on the Malliavin Weights
Q t; O’!t ! "
delta (1.M1): B Xy [Yt. s wele () dt]
= Ef?,xtl o1 Xtm [Ytz]
Q amma
gamma (1.M2) : Ez,X:I,-.-,Xt,,, [6 (w? )]
- ]Ei?,th _____ X, [6 (witas (wiete) 4 opdelta)]
Y extended” (1 M3) . E-’?Xul, Xom [K, t; ﬂt_zwrho (t) dt]
rho = ]Ef,xtl,___, X, [Y,', fo i _(iTeldt]
Q b "_( 2 vega
»extended” B Xy e Xor [Y,, WXedyvega (¢ dt]
(1.M4) : o fot, a(t x,)y, BEXOY gy
|7 =E
vega 2, Xty yerr Xt . 5o,
’ - J;)‘ al (sr Xs) it J:,:)Y: ds
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Table 1.1: Necessary and Sufficient; conditions for the Weighting Function Gen-

erators in a model with interest rat:es independent of the underlying. The proofs

for the equations (1.M1), (1.M2), (1.M3 ) and (1.M4) are given in the appendix

section, respectively in section B.2, B.3, B.4, B.5

Theorem 1 Malliavin formula foir the Greeks

There exist necessary and sufficiemt conditions for a function w to serve as a

weighting function generator for thie simulation of the Greeks. The first condition

is the Skorohod integrability of this; function. The second condition, different for

each Greeks and summarized in table 1.1, is depending only on the underlying

diffusion characteristics and is indlependent from the payoff function.
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1.3.3 Extension to models with stochastic interest rates

When we assume that the risk-free interest rate is a function of the underlying,
we need to take into account the dependency of the risk-free rate from the
underlying process. The necessary and sufficient conditions given in table 1.1
are not sufficient and need to be completed by other conditions. We need to
include in the expectation operator the discount factor e~ Jo 7(Xi)}s term which
is stochastic. This provides a second condition. The second condition is obtained
the same way the first one was derived. However, since this expression does not
bring any new intuition and is tedious rephrasing of the simpler results of table
1.1, we have put the set of these condition in the appendix section, section B.7,

page 175 in table B.2.

1.3.4 The minimal variance weighting problem

If we want the weight function with the minimal variance, we have to under-
stand the way the Greeks are calculated. We have found that the Greeks are
expressed as the expectation of a weighting function times the discounted pay-
off. The only information we have about the payoff function is its measurability
with respect to its spanned filtration Fr. It means that the product inside our
expectation can be seen as the scalar product of the weighting function with any
Fr-measurable function. The projection theorem proves us that the weight func-
tion with minimal variance is the conditional expectation of any weight function
with respect to the filtration Fr by means of the theorem of projection. More

precisely, we have the following proposition

Proposition 2 The weight function with minimal variance denoted by g is the

conditional ezpectation of any weight function with respect to the filtration Fr
wo = E [weight| Fr)

Proof: Let m be a weight function. The Greek ratio can be expressed as

the expected value of the scalar product of the discounted payoff, F', with this
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weight function time Greek = E [F.n]|. The variance V' of this estimator is given
by the quadratic variation of our estimator of the Greek minus the true value of
the Greek.
V=E][(Fn— G’reek)2]
We can introduce the conditional expectation 7y, leading to
V = E[(F. (r - mo) + F.mo — Greek)’]
= E[(F (r- 7ro‘))2] +E[(Fmo — G'reek)z]
+2E [(F. (m — m)) . (F.mo — Greek)]

But indeed the last term in the equation above is equal to zero since

E[(F.(r —m)). (F.mo — Greek)] = E[E[(F.(r —m)).(F.mo — Greek)|Fr]]
= E[E|[(F.(x —m)) |Fr]. (F.mo — Greek)]
=0

where we have used the fact that (F.7mo — Greek) and F are Fr-measurable and
therefore E [(F. (1 — m)) |Fr] = 0.0

This is a strong result. It indicates that the best weighting function should
always be the one that is Fr-measurable. It indicates as well that without any
more specification on the payoff function, the variance is lower-bounded by the
variance of the particular weight function m. This indicates as well that with
more information on the payoff function, we can have more efficient estimators.
This is the case when for example, we have a payoff function which can be
expressed in terms of some particular points of the Brownian motion trajectory.
In this case, the best weight function would be the one expressed in terms of

these particular points.

1.4 Examples of Malliavin weights

In this section, we give examples of weight functions generator. Instead of using

the necessary and sufficient conditions derived above, expressed as an equality
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Weighting Function Generators

Greeks
of Founie et al.
Y,
delta a(t) —‘—a( A

"extended” rho e x.) (t X:)

“extended” vega | ;rxad (£) ity (257" — Zo) L{tioast<t)

Table 1.2: Summary of Particular Malliavin Weights given by Fournié et al.

of conditional expectations, we look for solutions that satisfy the equality of the
two terms inside the expectation. Of course, these conditions are stronger and
are only sufficient but not necessary.

We show that the solutions given by Fournié et al. (1999) are particular
solutions for generator functions. But we exhibit other solutions. This raises

the interesting question of the choice of the weight function generator.

1.4.1 Fournié et al. solutions

Let us define T}, = {a € L2[0,T]| [ a(t)dt =1Vi= 1...m} and

T = {E € L2]0,T]| j:‘_l?i(t) dt =1Vi= 1...m} . Rewriting all the weight
functions of Founié et al. (1999) as Skorchod integral, we can see immediately
that of course these functions satisfies the necessary and sufficient conditions.
Indeed, an easy way to check that the conditional expectations of the equations
(1.M1), (1.M2), (1.M3) and (1.M4) are equal is to verify that the terms inside the
expectations are equal. The table 1.2 summarizes the different weight function

generators of Fournié et al.
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1.4.2 Other examples

In fact, there many other judicious choices of weight function generators that
can be used. We only need to find functions that satisfy the necessary and
sufficient conditions and are elements of the Skorohod operator domain denoted
by D2

Such functions written as piecewise stochastic constant are given below:

wlte (t) = Z O“iieualti-l <t<t; (1'23)

i=1

i t;
with ) afhe / 5'(—t1’,§‘—)dt =1 Vi=l.m (1.24)
=1 tJ' t

-1

It is interesting as well to examine the case of the gamma. However, for some
simple diffusion assumption, we can find a proportionality relationship between
gamma and vega. This is when the first variation process is proportional to the
underlying. This implies that the underlying process follows a Geometric Brow-
nian motion (see Benhamou (2000c)). For a more general model, the calculation
of the formula for gamma cannot be avoided. And because of the second order
differentiation, formulae become soon complicated. This might be the reason
why gamma calculation is missing in previous works like Broadie and Glasser-
man (1996) and Fournié et al. (1999). We need to assume for this calculation
that b and o are continuously differentiable up to second order with bounded
first and second order derivatives. These conditions are to justify the existence
of the weight function. We can then show that one particular solution of the

weighting function for the gamma is given by:

(ff a(t) ;—(;‘;’*mdmf ~[E [(a 0 o—(}&ﬂ)z] dt

T !
- Jy a(t) E5ldaw,

Jovoy ST (b (51, X) — & (51, Xoy) 0 (51, X)) d1dW,,
o <oy ¥ 1 (51, X,,) AW, AW,

0'(82,)(‘2)

'we'ightp =

(1.25)
Proof: given in the appendix section, section B.3 page 166.0]
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We can as well define piecewise solutions for the other Greeks : rho and vega:

m m
ho ho vega
w" (t) = § :a: lti-lststn w' (t) = § :ai 7 Ly <<t

i=1 i=1
We have seen that the generator has to satisfy some necessary and sufficient
conditions. Indeed, when rendering these conditions stronger, as when demand-
ing the equality of the terms inside the conditional expectations, we get that the
generator satisfy some technical conditions, which can be expressed in terms of
the different elements a®*?, o**, a7". We have summarized these conditions

in the table 1.3.

Strong Conditions for the generator

Greeks
in terms of the elements a?'eek
i delta ti o(t,Xe) 30
delta 2 =195 b v dt=1
« t' “ T
”extended” rho | 3. af™ [7 olt.Xe) t}’,f‘ dt = [ HeXd) t)',i{‘ dt
i
. vega pt zee
"extended” vega Z}=1 a_',fega g . ”(t,’f‘)dt = ;,t
'y 1

Table 1.3: Strong Conditions for piecewise constant generator

We can also define weights, which emphasize the role of the first variation
process, as linear combination of first variation processes, with linear coefficients

B* being stochastic:

wIreek (t) = Z ﬁf”’ekYZI{t,-_, <t<t;}

i=1
where the index greek stands for either delta, vega or rho. Like in the previous
case, we can express the sufficient conditions of the generator in terms of these
elements. Like in the previous case, we have summarized all these results in the

table 1.4
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Conditions for the generator

Greeks

in terms of the elements ,B?'“'“
delta E] lﬁd"“" t, o(t, X;)dt =1
”extended” rho | 370, 6] ho ft o(t, X;)dt = t' —(—2’ dt

vega
Zt

"extended” vega 21_1 ,B"ega tJ o(t, X:)dt =

Table 1.4: Conditions for piecewise constant times the first variation process

solution for the generator

1.4.3 Choice of the generator

When dealing with Malliavin weight, the true question is the choice of the best
generator. Since the Skorohod integral coincides with the Ito integral for adapted
processes, it is very interesting to find an adapted generator. A second feature
is to base the choice of weight on a variance minimization criterion as well.
However, this problem is extremely difficult to treat in its general framework.
To tacklé this issue, one needs to speéify our diffusion parameters : drift and
volatility term. The problem is then to determine the adapted generator with
the lowesf. formula variance. However, this problem cannot be solved in this
too general framework. We need stronger assumptions on the diffusion of the

underlying for a fruitful discussion about the choice of the generator.

1.5 Conclusion

In this chapter, we have presented the theoretical framework for the simulation
of the Greeks with no differentiation of the payoff function. Its innovation can

be classified into two parts:

e We have found the exact condition for a function to serve as a weight
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function. The problem was solved by means of the Skorohod integrand,

referred to as the generator of the weight function.

o We have given the weight function with minimal variance. It is the projec-
tion of any weight function on the filtration spanned by the payoff func-

tional.

There are many possible extensions and applications of this theoretical chap-
ter. One area of research is to extend the previous results to other option types:
e.g. continuous time Asian options Benhamou as explained in chapter 4 of this
Thesis. Another domain of interest is to find specific examples of weight func-
tion, according to a certain criterion. The question of the choice of generator
needs to refer to stronger hypotheses on the diffusion of the underlying. Another
question is a comparison study of the efficiency of Malliavin weights compared
to traditional methods. In chapter 2, we examine numerical examples in the
particular case of the Black diffusion. They concluded that Malliavin formulas
are very efficient for non-linear payoffs but not for vanilla options. Their main
conclusion is that one should be cautious when using the Malliavin formulae. As
a suggestion, one should use locally the Malliavin formulae at regions of discon-
tinuity and the finite difference method elsewhere. This point will be precisely

the subjects of the following chapter.



Chapter 2

Faster Greeks for Discontinuous
Payoff Options (A Malliavin
Calculus Approach in Black
World)

Summary of the chapter

This chapter is a numerical application of the general theory introduced in the first
chapter. It examines the case of the Black pricing model. We quantify the gain in the
variance reduction when using the Malliavin weighted scheme. We found evidence that
this method is very efficient for corridor options, especially for the gamma calculation.
Indeed, it can be shown that second order derivatives are the most efficient quantities
for the Malliavin weighted scheme. We examine a mixed strategy based on Malliavin
weighted scheme as well as a finite difference approximation. The Malliavin weighted
scheme is used only locally at the kink of discontinuity. This leads to so called local
Malliavin formulae. Local Malliavin formulae offset the drawback of slow convergence

of Malliavin weighted scheme for very standard payoffs like call options.

46
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2.1 Introduction

The traditional approach of option pricing relies on hedging. Since the sem-
inal work of Black Scholes (1973), the fair price of an option is given by the
portfolio that replicates exactly the option payoff at maturity. If we introduce
incompleteness in our model, the hypothesis of perfect replication should be re-
laxed. One should use different types of criteria to find a price. There is an
extensive literature on super-replication or risk minimizing (see for example El
Karoui and Quenez (1995), Jouini et al. (1996), Frey (1999)). However, this is
not always very realistic since this approach leads to too expensive prices. As a
consequence, the derivatives industry still assumes a perfect replicating portfolio
and is still very much concerned about the way of calculating it. This problem
is commonly referred to as the computation of price sensitivities known as the
Greeks.

In this chapter, we examine the particular case of the Black diffusion. We
try to quantify the variance reduction induced by the Malliavin method and to
define an empirical typology of option for which the Malliavin based formula is
more efficient than the traditional finite difference method.

The remainder of this chapter is organized as follows. In section 2, we ex-
plain why the finite difference method fails to get fast Greeks for discontinuous
payoffs. This suggests to use Malliavin based formulae. In section 3, we give
explicit formulae of Malliavin weights for options depending on a finite set of
dates. In section 4, we examine simulation results that confirm our theoretical
predictions: Malliavin formulae are more efficient for strongly discontinuous pay-
off options. We define a typology of option types for which the Malliavin based
formula should be efficient and quantify the variance reduction on our numerical

simulations. We briefly conclude in section 5, giving possible extensions.
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2.2 Why a new method for the estimation of
the Greeks?

In this section, after summarizing our model hypothesis, we explain why the
finite difference, advocated to be quite fast by the use of common random num-
bers, fails to get efficient estimates of the Greeks in the case of discontinuous
payoff options. An exact knowledge of the Greeks is important for risk man-
agement issues. Indeed, traders usually delta hedge their portfolio no matter
how important transaction costs are. (see the extensive literature on transaction
costs: Leland (1985) for the early one, Bensaid et al. (1992), Hodges and Neu-
berger (1989), Boyle and Vort (1992), Davis, Pana and Zariphopoulou (1993),
Hodges and Clewlow (1997), Jouini and Kallal (1991))

2.2.1 Description of the Black pricing model

We consider a continuous-time trading economy with a limited period of hori-
zon T € [0,T) (Too<+o0). The uncertainty is characterized by a complete
probability space (2, F, Q) where 2 is the state space, F is the o-algebra repre-
senting the measurable events, and Q is the risk neutral probability measure!.
The information evolves according to the augmented right continuous complete
filtration {F;,t € [0,T.]} generated by a standard one dimensional Brownian
Motion {W;,t € [0,T_]}. We assume the underlying price process (X;);c(om
follows a geometric Brownian motion with a time-dependent volatility,given by

the Ito process solution of the following Stochastic Differential Equation:
dXt = TtXtdt + O'tXthVt (21)

with initial condition Xy = z and with r, the deterministic risk-free interest rate

and o, the deterministic Black (1976) volatility. The instantaneous variance

!since this basic model assumes markets completeness, this risk neutral probability measure

exists and is uniquely defined
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o (t,X:) of the Ito process (X¢),c/oqy is given by 0:X; and its drift b(X,) by
r:X;. The ”first variation” process, a Ito process itself, defined as a derivative of
the Ito Process (Xt)te[O,T] with respect to its initial condition z, is proportional

to the underlying process
_Xe

T

Y;

The proportionality between the first variation process and the underlying im-
plies a proportionality between vega and gamma (see Benhamou (2000c)). There-

fore, the gamma can be obtained easily for a known vega and vice versa.

2.2.2 The failure of finite difference for discontinuous
payoff options

As pointed out by Glynn (1989), by Glasserman and Yao (1992), Boyle, Broadie
and Glasserman (1997) and by L’Ecuyer and Perron (1994), a finite difference
scheme can be improved by taking common random numbers for the compu-
tation of the Greeks. If we denote by P (z) the option price with an initial
underlying’s lével of z, by X (g) the underlying’s value at time 7" with an ini-
tial condition = + ¢, and by K the strike of the option, a finite difference scheme
for the particular case of the delta leads to approximate the delta by a finite dif-
ference approximation like (P (z +¢) — P (z)) /e. The decisive element for the
variance of this estimator is the variance of the numerator, which turns out to

be equal to
Var (P (z)) + Var (P (z+¢€)) —2Cov (P (z +¢€), P(z))

Therefore, the more positively correlated the two prices P (z + €) and P (z)
are, the more efficient the above estimate of the Greek is. This is why using
common random numbers for the simulation of the two options prices: P (z + ¢€)
and P (z), is very efficient. Going even further, L’Ecuyer and Perron (1994)
proved that the convergence rate is n~V/2, which is the best that can be obtained

from Monte Carlo simulations. The dramatic success of common numbers relies
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on the fast rate of the mean-square convergence of P (z + €) to P (z). The rate
of n~1/2 unfortunately does not apply in all cases. For example, it fails to hold
in the case of the digital call, an option paying 1 in the case of an underlying
above the strike X7 > K and zero elsewhere. This comes from the slow mean
square convergence of P(z +¢) to P(z). The difference between the shifted
digital call P (z + €) and the regular digital call P (z) is given by a probability

times a discount rate squared:

E[|P(z+e)— P(@)’] =e*TP[Xr < K < Xr (€)]

Assuming an homogeneous underlying process, Xz (€) = X7 * (1 + £), it leads
to a convergence rate of € for this probability. Writing with Landau notation,

we get that the convergence of P (z + €) to P (z) is only linear in ¢ :
E [IP (Xo + E) - P (Xo)|2] =0 (E)

On the contrary, in the case of the plain vanilla call option, it can be shown
(see for example Broadie and Glasserman (1996)) that for the geometric Brow-

nian motion, the convergence rate is of &2

E[|P(z+¢€) - P()"] < E[lXr(e) — X
' < &’E [e'("")T“"/TZ ]

where Z is a normal variable N (0, 1), leading to
E[|P(z+e)-P (:c)|2] =0 (%)

This is why the methodology of finite difference under-performs for all dis-
continuous type options like simple digital, corridor (option which pays 1 if the
underlying at time T is inside an interval L < X7 < H), barrier option and so

on.
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2.3 Determination of the Malliavin Weights

To overcome this problem, Fournié et al. (1999) and Benhamou (2000a) (reprinted
as chapter 1 of this Thesis) advocated the use of an integration by parts for-
mula so as to construct smooth estimators of the Greeks. This section show
how to apply the results derived by in the chapter 1. We remind important

characteristics of Malliavin weights:

e all Greeks can be written as the expected value of the payoff times a weight

function.

e the weight functions are independent from the payoff function. The method

efficiency is therefore increased for discontinuous payoff options.

e the weight functions are given as the Skorohod integral of some genera-
tor, characterized by necessary and sufficient conditions being expressed
through conditional expectations. However, since it is easier to handle
and still very robust, we use sufficient and stronger conditions that are the

equality almost surely of the terms inside the conditional expectations.

e there is an infinity of solutions for the generator function. However, it is
more efficient to choose weight functions expressed with the same points
of the Brownian motion trajectory as the option payoff. For an option
depending on a series of dates ¢; < t; < ... < t, it is appropriate to choose
a weight function expressed in terms of W, , ..., W;,. No extra simulation
is required for the computation of the weight function and it can be shown

that the variance of the weight function is minimum.

The latter stronger condition can in some cases not be fulfilled. In these
cases, it becomes very difficult to determine the most efficient weight functions.
In the rest of the chapter, we take the convention that £y = 0. We denote by F'
the discounted payoff. The option is depending on a series of increasing dates

t1 <ty < ... < t,, with t,, = T. This dependance is very general. It can
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represent many options depending on a finite set of dates, as in discrete Asian,

barrier and lookback options.

2.3.1 Delta

In chapter 1, we have seen that the delta is equal to the expected value of the
discounted payoff F' times a weight function expressed as a Skorohod integral
(equation (2.2))

delta = EJ [F§ (w**)] (2-2)

where the function wd°!*?, called the weighting function generator, has to satisfy

a sufficient condition given by:
T
/ o™ (t) lpcydt =1 Vi=1..m (2.3)
0

as well as the L? integrability of its Skorohod integral, which is the condition
for the existence of the Skorohod integral (Jksendal (1997) page 22).

Among the different weight function generators, it can be shown that the one
with the lowest variance is the one expreséed in terms of the same poinﬁs of the
Brownian motion as the option payoff, that is to say W,,, ..., W;,. This implies

to use a piecewise constant generator. We denote by ();) the sequence

i=l..n
initialized with \; = z_‘flﬁ and defined by the following recurrence: for 1 <
0
10 < M, Aiy41 is given by
i_ o b A,‘O' tdt

T =1 Jt;,

j;ti:o-u O'tdt

Aio+l =

With these definitions, the most appropriate solution for our generator (in terms

of computation) is given by the following proposition:

Proposition 3 The piecewise solution for our generator is given by

whe () = My, 0 (B) (2.4)

i=1
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leading to the following expression for the delta

F i X [Ws, — Wt,-_l]]

i=1

delta = E?

Proof: the solution (2.4) verifies condition (2.3).0

Remark 1 In the particular case of an option depending only on a final date
T (European option) with a Black Scholes diffusion (oy = cte = o), we find the

following particular solution:

6=E [e_ Ja'reds £ (x1) %} (2.5)

The weight function is very simplein this special case. It is the Brownian
motion divided by the maturity of the option times the volatility times the initial
condition. This suggests that for an option close to maturity, the Malliavin
weight of the delta should explode. Indeed, when the option is close to maturity,
the condition (2.3) leads to increase the generator. The problem of a wider
hedge close to the maturity is well-known, especially in the literature about
barrier options. As far as the volatility is concerned, the intuition is that more
volatility makes the option price more convex. It smoothens in a way the Greeks.

This is why it is consistent with the decrease of the Malliavin weight with respect

to the volatility parameter.

2.3.2 Gamma

The gamma (I') computation is harder than for the other Greeks since it is a sec-
ond order derivative. However, since in the Black model, the first variation and
underlying process are proportional, there is a proportionality between gamma
and vega (see Benhamou (2000c)). The vega v is given by (in the case of a
European option)

v=220T %

Using this property enables us to compute easily the gamma. That is why we

do not develop any further our analysis for the gamma and refer to the vega
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section for an elegant way of calculation. So as to be as extensive as possible,
we can mention that a straightforward computation of the gamma can be done.
Using the theoretical results on the Malliavin weight function (see Benhamou
(2000a)), we find that one particular solution for the weight function of the

gamma is given by:

. T 2 T T N\
weightp = —dW; | — — ) ds— ——dW, (2.6)
0o TOt 0 IOt 0 I°0¢

Remark 2 In the particular case of an option depending only on a final date T
(European option) with a Black Scholes diffusion (o, = cte = o), we find:

P 2
AP

Toz?

2.3.3 Rho

The meaning of the classical rho is to examine the price sensitivity with respect
to the risk-free rate. The results derived by Benhamou (2000a) are for a pertur-
bation on the drift part of the diffusion of the underlying. However, a change
in the risk-free rate impacts in two ways. It alters the drift of the underlying

diffusion but it also modifies the discount factor:

rho = %Eﬁ e famrede (Xf;'“,...,xf,f””)]

6 tm -4
+5-ES [e—fo reteRids g (x, ...,Xtm)] 2.7)

where X" stands for the underlying with a perturbed drift Z(U, Xu) = XyTu,
and where the limit is almost surely, taken for ¢ = 0. The second term can
be calculated by interchanging the expectation and the derivative operator and

differentiating the discount factor with respect to €:

tm
-aa—EES [e—fotm r.+5‘7"¢dsf (th’ .y Xtm)] = ]ES [— / Fads e fot’" raf (ti "‘7Xtm):|
0

Like in the case of the delta, the first term of the right hand side of equation
(2.7) can be expressed as the expected value of the discounted payoff F' times a
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weight function expressed as a Skorohod integral

a —[im s € € rho
SB2 [enkm i f (X5, ., XE,)| = B2 [F5 (w)] (2.8)
where the function w™, called the weight function generator has to satisfy a

sufficient condition given by the following equation

t; t;
/ zow™ (t)dt = / zrdt Vi=1l..m (2.9
0 0

as well as the L? integrability of its Skorohod integral. An obvious solution is
whe = % Using the fact that the classical rho is the price sensitivity with

respect to the risk-free rate, we get the following proposition:

Proposition 4 The rho is given by:

tm 7 tm
rho = E9 [F * (/ ﬁdVVt —/ ﬁdt)]
0o Ot 0

2.3.4 Vega

The vega is the perturbation along the volatility term of the diffusion. We write
the perturbation as & (¢, X;) = 0:X;. Like in the case of the other Greeks, we
can define a weight function characterized by its generator. The weight function

generator w'®9% (.) should satisfy:
t; ti ti
/ ow'° (t) dt = / o dW,; — / oodt Vi=1..n (2.10)
t=0 =0 t=0
as well as the L? integrability of its Skorohod integral, which is the existence of
the Skorohod integral. One possible solution is a piecewise constant solution.
We denote by (X;) the sequence initialized with
:__10 Etdm - j;;lo O'tgtdt

t1
=0 O'tdt

i=l..n

A1=

and defined by the following recurrence: for 1 < 4y < n, Aj,41 is given by
_ ftt_—..‘% o dW; — ﬁi"o oidt — 307! tt:_ Moyt
f bo g tdt

tio— 1

Xy (2.11)

We then get that there is a piecewise constant solution as the following propo-

sition states it:
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Proposition 5 piecewise constant solution
One particular solution for the weight function generator is defined by:

W (8) = Y Ml o () (2.12)

i=1

Proof: The solution given by equation (2.12) verifies the necessary and

sufficient condition to be a weighting function generator equation (2.10).00

Corollary 1 In the case of an option depending only on a final date denoted by
T, we get

~ T ~
vega = E [e“ Iy reds £ (X7)6 (fo o dW; — fo atotdt)]

ft7=10 g tdt
Proof: immediate, since the weight function is defined as the Skorohod

integral of the particular solution for the weighting function generator wve®

given by the equation (2.12).0
Corollary 2 In the Black Scholes case, we get
vega = E [e" f:‘r.dsf (XT) % (W:_?w -T - O’TWT)] (2.13)

Proof: Using the fact that the Skorohod integral is a linear operator and
that the Skorohod integral reduces to the Ito integral for adapted process, we

owr N _ & [T (T ~
6(—&T—U) _UT[=O‘/';=0dW“dW” (TWT ‘

We need to calculate ff:o vT _o @W.dW, . This expression can be seen as a

get

Wiener Chaos term of second order and is related to the Hermite polynomial of

second order, so that (Qksendal (1997) page 19)

T 4T
/ / AW, dW, = W2 - T
u=0 Jv=0

Putting all these terms together leads to the result. (O

Corollary 3 The classical vega is given by
Classical vega = E |e~ I reds £ (X71) % _1_ W
‘ T'\oT & T

Proof: to obtain the classical vega, we must divide the above formula (2.13)

by ¢.0
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2.4 Numerical Result on the Efficiency of Malli-
avin weights

In this section, we compare the results of Malliavin weighted simulations with the
ones obtained by a centred finite difference approximation (P (z + €) — P (z —€)) /2¢
for three different types of options in the Black-Scholes framework (so as to have

closed formula):

e a corridor option: the payoff, given by 1(s,.,.5r>5...}» displays two dis-
continuities. This is exactly the type of options we are targeting to since

it has two discontinuities.

e a binary call : the payoff given by 1(s,5s_,.} displays only one discontinu-

ity. The payoff is smoother than the one of a corridor option.

e a vanilla call. This last example is to examine the impact of the formula

when there is a smooth payoff.

A point we had to resolve at first, was the type of simulations to use. Boyle
Broadie and Glasserman (1997), Caflisch Mokoroff and Owen (1997), Galanti
and Jung (1997), Boyle Joy and Tan (1997), Papageorgiou and Traub (1996),
Paskov (1994), Paskov and Traub (1995) and Williard (1997) show that low-
discrepeny sequences are more efficient than random sequences for low dimen-
‘sion problems. Bratley, Fox and Niederreiter (1992), Galanti and Jung (1997),
Morokoff (1997) and Moskovitz and Caflish (1995) demonstrate that low dis-
crepancy sequences become less efficient for high dimensions. Galanti and Jung
(1997) demonstrate that the Sobol sequence exhibits better convergence proper-
ties than either the Halton and Fauré sequences. Therefore, we used the Sobol
sequence.

Since the Sobol sequence fills the space with a pseudo periodicity, the sim-
ulations display pseudo-periodicity as well. We took the same parameters in

the three option examples: Xp=100, r=5%, o0=15%, T=1 year, S.;,=95,
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Smax=105, K=100. We display for each option the delta and the gamma. Rho
and vega parameters lead to same results and are given for illustrative purpose
in the particular case of the corridor option.

The results consist in two remarks:

e For discontinuous payoff function, as is the case of digital and corridor
option, with a mean-square convergence of the shifted option P (X, + ¢€)
to P (Xp) linear in € (see section 2.2.2, page 49), Malliavin formula out-
performs finite difference method. This is because Malliavin simulation
has lower simulation variance and converges faster. This comes from two
self-reinforcing facts. First, Malliavin technique uses a smoothened payoff.
Second, finite difference method is lengthy because of the slow mean-square

convergence of the shifted option P (X, + €) to the normal one P (Xp).

e On the contrary, for vanilla options, smooth enough not to require the
integration by parts technique and for which the mean-square convergence
of a shifted option P (Xo+€) to the normal one P (X)) is quadratic in
€ (see section 2.2.2, page 49), finite difference outperforms the Malliavin-

based method.

2.4.1 Comparative analysis: Finite Difference versus Malli-

avin weighted scheme
Corridor Option

This important example illustrates the drastic efficiency of the Malliavin theory.
The corridor option pays 1 if the underlying at maturity is inside the corridor:
payoff equal to 1s,,,>5:>8.:..}- The outperformance of the Malliavin simulation
is illustrated by the figures 2.1, 2.2 which display the delta and gamma of the
corridor option. Results on the vega and rho are similar. They are given only
for illustrative purpose as figures 2.3 and 2.4. A more quantitative analysis of

the result is given in the section 2.4.2.
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Simulations Number

Malliavin Simulation

Finite Difference

Exact value -0.00411

Figure 2.1: Efficiency of the Malliavin weighted scheme for the computation of

the delta of a Corridor option

The figure 2.1 compares the two methods: Malliavin weighted scheme (black
line) and the finite difference method (grey line). The Malliavin weighted scheme
converges to the right answer fast with almost no oscillations, whereas the finite
difference estimator fluctuates with a pseudo-periodicity around the correct value

The figure 2.2 examines the computation of the gamma. Like in the case of
the delta, the Malliavin weighted scheme outperforms dramatically compared
to the finite difference method. It is worth noticing that this outperformance is

even more pronounced for the gamma than for the delta.

Vega and Rho for the Corridor option

We decided to study the delta and gamma to compare different type of options.
However, the efficiency (or not) of the Malliavin weighted scheme for the rho

and vega is similar to the case of the delta and gamma.

Binary Option

The binary option is a didactic example of a payoff function with small discon-

tinuity (lsT>smn)- Like for the corridor option, Malliavin weighted simulations
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3 -00015
Malliavin Simulation

Finite Difference

Exact value -0.000917

Figure 2.2: Efficiency of the Malliavin weighted for the computation of the

gamma of a Corridor option

compute faster and more accurately the Greeks than the finite difference method.
Finite difference simulation performs poorly since the mean-square convergence
of the shifted option P (Xo + ¢) to P (Xo) is only linear in e. Figures 2.5 and
2.6 are respectively example of delta and gamma computation. They illustrate
the outperformance of the Malliavin weighted scheme.

Like for the corridor option, Malliavin outperformance is more pronounced
for the gamma than the delta as a comparative study of figure 2.5 and 2.6 shows.
Gamma is a second order Greek. This suggests an increased efficiency for higher

order Greeks.

Call Option

Last but not least, the Call option is an instructive case of a smooth payoff
function. Since the payoff function does not present any strong discontinuity, it is
smooth enough not to require any integration by parts smoothing. Therefore, the
Malliavin-weighted simulations do not provide any technical advantage. Indeed,
since the mean-square convergence of the shifted option P (Xo + e) to the normal

one P (Xq) is quadratic in e, the finite difference method embodies a pseudo
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antithetic variance reduction. As a consequence, it converges faster than the
Malliavin method as shown by figures 2.7 and 2.8, which represent respectively

the delta and gamma.

Even for the case of the gamma, which is a second order derivative, the
finite difference is more efficient than the Malliavin based formula as proved by
figure 2.8. The second order smoothing is not enough to offset the quadratic
convergence of the shifted option C (Xj + €) to the normal one C (Xp) as shown
by figure 2.8. Still, the comparative study of the figures 2.7 and 2.8 indicates an
increased efficiency of the Malliavin weighted scheme for second order Greeks

like gamma.

2.4.2 Typology of options requiring Malliavin weighted
scheme

As shown by simulation examples, a paradox of the Malliavin weighted scheme is
the implication of the payoff function on the method. The weight function does
not rely on the payoff function. However, its comparative advantage versus finite
differences does depend on the form of the payoff. Indeed, the finite difference
method are crucially related to the form of the option payoff. Moreover, the
weight function is not depending on the payoff. However, the total variance
of the Greeks simulated by a Malliavin weighted scheme is the variance of the
product of the payoff function times the Malliavin weights. This does depend
on the payoff type. An interesting and open problem is to classify the option
types for which the Malliavin weighted scheme should be preferred. In this
section, we precisely try to define a typology of options for which the Malliavin
technology outperforms the traditional finite difference method. We can make

many remarks:

e the Malliavin weight function is independent from the option payoff. This

indicates that the disturbance caused by the weight function is not influ-
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enced by the payoff. This is not the case of the finite difference method

for which the payoff function matters crucially.

¢ the weight function explodes for small maturities. This suggests that the

Malliavin technology is inappropriate for small maturities options.

e the computation of the gamma is similar to the vega since in the case of the
Black and Black Scholes model, there is a direct proportionality between
the gamma and vega coefficient. The proportionality can be read on the
weight function, whereas it is not obvious in the finite difference method.
A standard finite difference method would lead to compute the gamma by
the finite difference approximation

__ Price (S + dSo, 0) — 2Price (Sy, o) + Price (Sp — dSo, o)

- dS?

Price(Se,0+do)—Price(So —,0—da)
2do ’

r

as well as the vega v ~

e the Malliavin technology in the case of the gamma reduces a second order
differentiation to no differentiation. This implies that the efficiency of the
Malliavin method is enhanced in the case of the gamma compared to the

delta.

Before,' giving an empirical typology of option, we quantify the variance
reduction induced by the Malliavin method. And we can claim that Malliavin
based formula is a variance reduction technique. This is well illustrated by
table 2.1, where we have given the ratio between the estimated volatility of the
Malliavin simulation and the finite difference simulation. We can see that the
method is more efficient for gamma, then for vega.

The variance reduction is of comparable order for delta and rho. The num-
ber of simulation draws for the table 2.1 was N=20,000. We give the ratio of
simulation variances between finite difference and Malliavin-based simulation.

Since the variance decreases roughly linearly in n, a ratio of ten means that we
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Option Variance ratio
~ o delta | gamma | rho | vega
type O Finite Difference/  Malliavin
Call N=20,000 0.1273 | 0.1272 | 0.401 | 0.0735
Binary N=20,000 7.15 4916 6.56 |81
Corridor | N=20,000 144.98 | 6864 33 5920

Table 2.1: Comparison of the Malliavin weighted scheme and the finite difference
method

need to do 10 n draws in the finite difference method to get the same variance
as the one obtained by the Malliavin method with only n draws.

We found that for the corridor option, the Malliavin weighted scheme, when
compared to finite difference, improved the computation of the Greeks by a
factor bigger than 100 for the case of the delta, 6000 for the case of the gamma,
33 for the case of the rho and 5900 for the case of the vega as stated by table 2.1.
These are big numbers. It means for example that we need about 6 millions of
draws to compute the gamma with the finite difference method to get the same
accuracy as a simulation based on a Malliavin weighted scheme.

The faster convergence of Malliavin weighted scheme over the finite difference
method with common fandom numbers comes from.the fact that the Malliavin
method avoids differentiating and smoothens considerably the payoff of the op-

tion to simulate.
Summarizing all the results given by the simulations, we draw the following

conclusions:

e The Malliavin method is appropriate for option for which the mean-square
convergence of a shifted option P (Xy + €) to the normal one P (Xj) is
linear in e. This is the case of any option with a payoff expressed as a
probability that a certain event occurs conditionally to the underlying

level at a certain time. This is the case of any binary and corridor option.
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e The maturity of the option is a crucial factor for the Malliavin method
since it leads to an exploding weight function. However, the traditional

method underperforms as well.

e The Malliavin method leads to weight functions which are roughly (poly-
nomial) functions of the Brownian motion. The variance of the weight
function increases for high values of the Brownian motion. To get the
Greek, we multiply the weight function by the option payoff. This implies
that if the payoff function is very small for high value of the Brownian
motion, the variance is going to be low. This indicates that Malliavin for-
mulae are more efficient for put than call options. Therefore, it is more
appropriate to use the put-call parity and calculate Greeks only for put
options. Furthermore, we can use a mixed strategy referred to as the
Malliavin local approach, which smoothens the discontinuity locally. This

is the subject of the next subsection.

e The relative performance shows however that the Malliavin weighted un-
derperforms only slightly for the case of call but outperforms greatly for the
case of the corridor option as shown by the figures 2.9, 2.10, 2.11, 2.12. The
relative performance is calculated as the ratio of the difference between the
simulation result and the theoretical result over the absolute value of the
theoretical one. Therefore, in the charts, a positive relative performance
means that the simulation’s estimate is greater than the theoretical one
by the given relative percentage. The opposite holds. A negative relative
performance of 10% means that the simulation underestimates the result

by a relative 10%.

2.4.3 Local Malliavin formulae

The intuition behind the integration by parts is to smoothen the payoff at the

discontinuity kink. However, there is no advantage in using the Malliavin for-
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mula when the payoff is smooth. This hints at using a mixed strategy. At the
discontinuity, we use an integration by parts by means of the Malliavin formula.
Elsewhere, we use the traditional finite difference. The finite difference method
contains a variance reduction method of antithetic variate when implemented
with common numbers (as explained in section 2.2.2, page 49). Let us describe
the idea on the case of the delta of a call. We have seen that the delta can be
written as the expected value of a payoff times a weighting function (section
2.3.1, page 52), which in the simple case of the Black Scholes framework leads
for a European option to

B | oS reds (x _ gyt VT
6 E[e (XT K) :L’O'T]

The weight function is multiplied by the term (Xr — K)* which is big for
large values of X, corresponding to large values of the Brownian motion Wr.
This generates some increased variance because of the weight function Wr/zoT.
When X is "large”, Wy is "large” and therefore (X7 — K)* * Wr/zoT is even
"larger” with a substantial variance. Writing the delta as the sum of two terms,

we get
B[ . ' O [ —[Truds
delta = %E [e Jo reds (X0 — K)* 1{K<XT<K+E}] +%E [6 Jo reds (X — K)* 1{K+55XT}]

Using the Malliavin integration by parts only for the first term, and interchang-
ing the expectation and the differentiation operator for the second, we come

to

W;
delta = E [e"' foT reds (XT — K)+ 1{K<XT<K+6}$:| +E [e_foT "’d"l{x+6<XT}YT]
Indeed, it is very efficient to take a small localization parameter like e = 1. In
this case, it leads to a reduction of variance, that is t0 88y Goy,y.vin/ 0 rocalMalliavia
=13.88 and a variance reduction from finite difference to local Malliavin of 1.77,
that is t0 SaY Oy e Difference/ 0 - ocalMalliavia =1-77- Therefore, the Malliavin local

formula is more efficient than the standard finite difference method. The factor

of 1.77 means intuitively that we need a simulation of 17,000 draws with a finite
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difference approximation to get the accuracy of a 10,000 draws simulation with
the local Malliavin based formula. Indeed, the crucial point in this formula is to
find an interesting value of ¢, taken here as 1% of the underlying initial level. It
would be nice to examine the impact of this parameter on the variance reduction
with some theoretical considerations. That is one of the promising future area

of research for the Malliavin technique.

2.5 Conclusion

In this chapter we have seen that using Malliavin calculus and its integration
by parts formula, we can smoothen the function to be estimated by the Monte
Carlo or Quasi Monte Carlo procedure. This outperforms traditional finite dif-
ference method in the case of digital option as well as corridor, with a gain on
the variance of the simulation of more than 4900 and 6800 for the gamma of
respectively the digital and the corridor option.

However, we recommend a cautious use of the Malliavin formula. It turns
out to be very efficient for discontinuous functions like a digital, corridor payoff
function. However, for smooth functions, it can handle the computation of
the Greeks more inefficiently than a finite difference method. This is because
the finite difference method includes an antithetic variate variance reduction
method. We suggest to use a local version of the Malliavin method, so as to
smoothen the payoff at the kink and elsewhere to use finite difference method
with common random numbers. Other relationships like put-call parity should
be used as well.

There are many extensions to this chapter, especially to more complicated
models than the Black one. An interesting enlargement is the advanced study of
the local Malliavin method. As a conclusion, we conjecture that the Malliavin
method is going to have an increasing influence over the next years since it is a

powerful method to compute the Greeks.
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Simulations Number

Malliavin Simulation

Finite Difference

Exact value -0.6517

Figure 2.3: Efficiency of the Malliavin weighted for the computation of the rho
of a Corridor option. The pseudo periodicity of the finite difference comes from

the pseudo periodicity with which the Sobol sequence fills the space

Simulations Number

Malliavin Simulation
Finite Difference

Exact value -1.376

Figure 2.4: Efficiency of the Malliavin weighted for the computation of the vega
of a Corridor option. The case of the vega is very similar to the one of gamma
since these two sensitivities are proportional in the case of a single option in the

Black Scholes framework
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Finite Difference
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Figure 2.5: Comparison of the computation of the Delta of a Binary option by

finite differences and by Malliavin weighted scheme

Simulations Number

S -0 001

Malliavin Simulation
Finite Difference

Exact value -0 001057

Figure 2.6: Comparison of the computation of the Gamma of a Binary option

by finite differences and by Malliavin weighted scheme
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Malliavin Simulation
Finite Difference

Exact value 0.7735

Simulations Number

Figure 2.7: Comparison of the computation of the Delta of a Call option by

finite differences and by Malliavin weighted scheme

Malliavin Simulation
Finite Difference

Exact value 0.02007

Simulations Number

Figure 2.8: Comparison of the computation of the Gamma of a Call option by

finite differences and by Malliavin weighted scheme
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Simulations Number
Malliavin Simulation

Finite Difference

Figure 2.9: Relative performance of the Finite difference method over the Malli-

avin weighted scheme for the delta of a call option

Malliavin Simulation

Finite Difference

Figure 2.10: Relative performance of the Finite difference method over the Malli-

avin weighted scheme for the gamma of a call option
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Malliavin Simulation

Finite Difference

Simulations Number

Figure 2.11: Relative performance of the Malliavin weighted scheme over the

Finite difference method for the delta of a corridor option

Malliavin Simulation

Finite Difference

Figure 2.12: Relative performance of the Malliavin weighted scheme over the

Finite difference method for the gamma of a corridor option



Chapter 3

Fast Fourier Transform for

Discrete Asian Options

Summary of the chapter

This chapter presents a new methodology for pricing discrete Asian options consistent
with different types of underlying densities, especially non-normal returns as suggested
by the empirical literature (see Mandelbrot (1963) and Fama (1965) for the early ones).
The interest of this method is its flexibility compared to the more standard ones. Based.
on Fast Fourier Transform, the algorithm is an enhanced version of the algorithm of
Caverhill and Clewlow (1992). The contribution of this chapter is to improve their
algorithm by a systematic recentering at each stage and to adapt it to non-lognormal
densities. This enables us to examine the impact of fat-tailed distribution on price as
well as on delta. We find evidence that fat-tailed densities lead to wider jumps in the
delta.

72
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3.1 Introduction

First introduced in Tokyo, Asian options are options based on any type of av-
erage of underlying equity prices, interest rates or indices. They are among
the most popular path-dependent derivatives, since their characteristics cap-
ture partially the trajectory of the underlying, with often reduced exposure to
volatility. In addition, Asian options are less sensitive to possible spot manipu-
lations or extreme movements at settlement and offer flexibility in the way the
average is settled. Consequently, they have become very attractive for investors
since they provide a customized cheap way to hedge periodic cash-flows (see
Longstaff (1995) for a discussion of the efficiency of Asian interest-rate options
for corporations with reasonably predictable cash flows)

When pricing an option, one of the first questions that arises concerns the
distributional assumptions for the underlying. Very often the distribution of the
latter is taken to be lognormal as in the Black Scholes model. However, when
it comes to arithmetic Asian options, one is confronted with the problem of the
distributions. Indeed, the empirical literature has rejected normality of returns
and hence the geometric Brownian motion. It has rather suggested fat-tailed
distributions (see Mandelbrot (1963) and Fama (1965) for the early ones).

The motivation of this chapter is therefore to provide an efficient method
for the pricing of Asian options consistent with various underlying densities,
especially non log-normal ones. Because of the challenge of getting a correct
price for Asian option with a widely used option pricing model, previous research
has focussed on the Black Scholes model, adopting different strategies. It has
first focussed on the geometric Asian option case (Vorst (1992), Turnbull and
Wakeman (1991), Zhang (1995)). It has as well looked at the question of the
continuous-time Asian options (Geman and Yor (1993), Rogers and Shi (1995),
Alziary et al. (1997), He and Takahashi (1996), Forsyth et al. (1998), Nielsen
and Sandmann (1998)). However, the type of average for traded Asian options is

arithmetic and discrete: daily, weekly or monthly. Approximating these options
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by their continuous-time limit is inaccurate and misleading for options with a
period of time between two fixing dates longer than a day. |

To account for the discrete arithmetic averaging, it has been suggested to
use different approximations of the density of the sum of lognormal variables
leading to various closed-form solutions: approximation via the geometric av-
erage (Vorst (1992)), via a lognormal density (Turnbull and Wakeman (1991)),
via an Edgeworth expansion (Levy (1992) and Jacques (1996)), via a Taylor ex-
pansion (Zhang (1998) and Bouaziz et al. (1998)) or via the reciprocal Gamma
distribution (Milesvky and Posner (1997)).

It has also been advocated to use different numerical methods: Monte Carlo
(Kemma and Vorst (1990)), tree methods (Hull and White (1997)) and Fast
Fourier Transform techniques (Caverhill and Clewlow (1992)). However, none
of these works has considered non-lognormal distributions.

When the underlying density is not lognormal, the approximation methods
do not hold any more since they heavily rely on the lognormal assumption. Nu-
merical methods like PDE or lattice methods are as well not easy to adapt to the
non-lognormal case, since we need to restrict ourselves to certain types of dif-
fusion like stochastic volatility or deterministic volatility models which implies
strong assumptions on the underlying diffusion. It is not very straightforward
to derive an empirical density from market data, requiring very often a calibra-
tion stage. The two methods adaptable to an ad-hoc empirical non lognormal
distribution without too much difficulty, are indeed the Monte Carlo and the
Fast Fourier Transform method. However, these two methods perform poorly
for non-lognormal case as well as for lognormal one. The Monte Carlo has the
drawback to be slow. The algorithm of Caverhill and Clewlow (1992) requires
large discretization grid and has slow convergence.

In this chapter, we offer a solution to improve the method of Caverhill and
Clewlow (1992) and to adapt it to the case of non-lognormal densities. To

reduce the size of the grid and therefore the computational time, we recenter
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intermediate densities. We test this algorithm in the lognormal case since it is
only in this particular situation that we have benchmarks in the literature. We
then examine the impact of non-lognormal densities on the price as well as on
the delta.

The remainder of this chapter is organized as follows. In section 2, we de-
scribe our algorithm in detail. In section 3, we examine numerical results for
the lognormal case, using it as a benchmark for the efficiency of our method.
Section 4 deals with non-lognormal densities. It examines the impact of various
densities on the price of the option as well as on the delta. We conclude briefly

in section 5 suggesting further developments.

3.2 Description of the method

3.2.1 Framework

We consider a continuous-time trading economy with infinite horizon. The un-
certainty in the economy is classically modelled by a complete probability space
(Q, F,Q) . The underlying is denoted by (S;),.g+. The information evolves ac-
cording to the natural filtration (F}),.g+ implied by the underlying process.
Following the traditional empirical literature, we assume that returns (R ),cn,
defined by Ry, = log (S¢,/S:,_,) for a given sequence of time (t;),.y, are indepen-
dently distributed and have a well-known density f; (.), with a well-known mean
denoted by p,. In the case of the Black Scholes model, each of these densities is
a normal distribution with mean (r - 923) (t; — t:—1) and variance o2 (t; — t;_,).
The underlying price is then calculated as the initial price S;, increased by the

different returns ef::
St,' = StoeRtl +Rt2+---+Rti

Assuming that we have n fixing dates for the average, denoted by £,,ts,...,t,,
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ti .

In complete markets with no arbitrage opportunity, there is a unique risk neutral
martingale measure denoted by Q. In this framework, the price P of an Asian
call, with strike K, expiring at time T, is defined as the expected value of the

time-T payoff discounted at the risk-free rate r :
P=E?[eT(A- K)*] (3.2)

where X+ stands for max (X, 0) . Since the discrete average process has no well-
known density, there is no closed formula. However, we show in this chapter
that we can compute numerically this density, giving a method which converges
to the real densities as long as the size of the discretization grid tends to the

infinity.

3.2.2 Why Fast Fourier Transform?

Well known in signal theory, Fast Fourier Transform (FFT) is efficient for the
resolution of many numerical problems. More specifically, the FFT is an efficient

algorithm for computing the sum:

N-1
FFT (f (k) = \/% S e HEVEDf () for k=1..N

j=1

where N is typically a power of 2. This algorithm reduces the number of multi-
plications in the required N summations from O (N?) to that of O (N log, (N)).
This suggests that for a grid with 27 points, the complexity is p2P, which is
typically the complexity of a binomial tree.

Recently, this technique has gained popularity in option valuation (Baskhi
and Chen (1998), Scott (1997), Chen and Scott (1992), Carr and Madan (1999))
in view of its numerical efficiency. The property of the Fourier transform used

here is its efficiency to calculate convolution products. The Fourier transform of
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such a product is simply the product of the Fourier transforms. This is helpful in
getting the density of the sum of two variables since this is just the convolution
product of the individual densities as long as the variables are independent. In
the case of the Asian option, the expression involved is not a straightforward
sum of independent variables. In the algorithm section, we show how to use
independent variables in a recursive scheme.

The interest of this method is its efficiency compared to a straightforward
computation of the density. Instead of computing an n — 1 dimensional integral
with a complexity of O (N™!), we reduce this complexity by means of Fast
Fourier Transform to O (N%log (N)).

The use of FFT method for Asian option valuation was first suggested by
Carverhill and Clewlow (1992). However, their work assumes lognormal densities
and is not very efficient since it requires large grid and converges rather slowly.
To speed up convergence, one needs to reduce the size of the grid required
by the FFT algorithm. To cope with smaller grid, we introduce a proxy for
the mean of intermediate densities. This enables us to recenter the different
variables. We extend as well the FFT method to non-lognormal densities. We
look particularly on the Student-density case since the latter is a well-known
example of a fat-tailed distribution. We use the FFT algorithm as described
in Press et al. (1992). Indeed, the method explained here is very general and
can be applied to many other fat-tailed densities, like extreme value, Pareto and

generalized Pareto distributions.

3.2.3 Algorithm
Inefficiency of the Carverhill and Clewlow method

A simple way to calculate the density of a sum of dependent variables is to
transform then into independent variables. With our assumptions on the in-
dependence of returns, this comes naturally. Notice that when the underlying

distribution is lognormal, returns are normal and their Fourier transform has a
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;. w2a
closed form solution equal to f (w) = \/—%e(’"’m_T), where m stands for the
mean and o2 the variance. We introduce the sequence (B;),_o ,_, defined by its

initial condition: B; = R;, and for the recursion i = 2...n,
Bi=R,,,, ,+log(l+expB;,) (3-3)

The Steward and Hodges factorization expresses the sum variable A defined by

(3.1) in terms of the variable B, as stated in the following proposition:

Proposition 6 The sum variable A can be erpressed in terms of the last term

of the sequence (B;);_g ,,_y° Bn-1; through :

A - &BB“
n

Proof : We decompose the underlying price as a function of the difference
of returns: S;, = SyeftRut-+R;  Factoring terms leads to a multiplicative

expression of the sum variable:
_— Sfo Rg th Rt R¢
A= - [e 1 *(1+e *(1+e 3 (1+...(1+e ))))]
When taking the logarithm of the above equation, we get an additive expression:
S,
A= f * exp (Ry, +log (1 + exp (R, +log (... +log (1 + R,)))))

The term inside the outermost exponential can be calculated recursively using
the sequence (B;),_, ,,-0

The Proposition 6 together with the recursive equation (3.3) was the starting
point of the work of Carverhill and Clewlow (1992). At the i** step of the
recursive equation (3.3) the return R, ,,_, is added. The latter is, however, not
centred and has often a positive mean which for high volatilities can become
negative (see the expression for the mean (r - ?) * L), For positive mean, the
distribution of B;,, is consequently shifted to the right of the distribution of

B;. If we discretize the distribution of B; , on the same grid as the one of B;,

+1

this implies that the discretization grid must be large enough to contain the two
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Figure 3.1: Evolution of the densities

distributions. When we have n dates in our arithmetic average, this tends to
shift more and more in one direction as the order of the distribution increases
as shown in figure 3.1. This is precisely why the algorithm of Carverhill and

Clewlow requires a large grid.

Recentering intermediate densities

To cope with a smaller grid and therefore reduce computational time, we can
recenter the densities at each step. The difficulty here is that we do not know
the exact mean of the variable Bi. Denoting by /2 the mean of the return R#
(/q=E which is supposed to be known, we can approximate the mean of
the variable Bi with the following sequence: (77ii)i=I n initialized with mi = /in
and fori = 2..n

= Mnti-i + log (1 + exprrii-i) 3.4

The term m* acts as a proxy for the mean of the variable Bz. The approximation
of the average is done by taking the lagged equal to its mean m* i in the
recursive equation (3.3). It is worth noticing that even if we do an approximation
on the mean, it does not mean that we approximate the density of B* It just

means that we do not perfectly center this variable. However, there is no new



CHAPTER 3. DISCRETE ASIAN OPTIONS , 80

error implied by the recentering. Indeed, since the function log (1 + €*) is convex,
we are underestimating some convexity adjustment term as stated by the Jensen
inequality for convex functions f (E (X)) < E (f (X)).

The recentered sequence is defined as (4;),_, , with A; = B; — m;. Replac-

ing B;_; by its expression in terms of A;_; and m;_; leads to a recursive two

dimensional sequence summarized by the following proposition:

Proposition 7 The sum variable A can be expressed in terms of the last term
of the recursive sequence A,, and m,, : as follows:

S
A = ZtopAntmn
n

where the sequence (m;),_, ,, is defined as above (8.4) and the sequence (A;);_; .

is given by the initial condition A; = R;, —m, and fori=2..n
Ai = Rtn+1—i + log (1 + exp Ai—l exp m,-_l) —m;

To get the density of A; with respect to the one of A;_;, we use the standard
change of variable theorem, which relates the density of a variable Y’ - g(X),
denoted by dgy, with the one of the variable X, denoted by dpg-1(,), through
the Jacobian of the function f~1(Y) =X

dgy = dpg-1@) | Jp-1e)| By

leading to the interpolation formula:

ey-l-m.- )
dpl°g(1+emi'l+x)”'"i ) = evimi _ 17X (log (e#+™ — 1) — mi_1) 1gy>—mqdy

(3-5)

We can now describe the different steps of the first algorithm. The algorithm

is initialized with the value of the two dimensional sequence m; = pu, and
A; = Ry, — my. It finishes when we get m,, and A,.

The recursive sequence is calculated as follows. Assume that we know the

value of the bi-dimensional sequence at step ¢ — 1, that is m;_; and A;_;.
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e We then interpolate the variable A4;_; by means of the remark (3.5) to get
the density of the variable log (1 + e™-1+4i-1) — m,.

e We calculate the density of A; as the sum of the two independent vari-
ables R;, ., , and log (1 + em‘—1+‘4"—1) — m; by calculating the convolution

product via FFT.

e Having obtained the density of the average, we calculate the payoff of the
option, defined as an expectation, by a numerical integration, using the

Simpson rule.

Discussion of the numerical techniques

The FFT algorithm requires the density function to be represented at a sufficient
number of equally spaced points. The grid for the discretization of the different
densities needs to be sufficiently dense as well as sufficiently large to avoid inter-
ference errors implied by the periodisation of the density function in the FFT
algorithm. We use the FFT algorithm as described in Press et al. (1992)
Errors in the numerical integration by the Simpson rule (exact for the inte-
gration of polynom up to degree 3) are negligible compared to the ones produced
by the discretization of the distribution. The error in the Simpson rule for the

integral of a function f infinitely differentiable f: f (z) dz can be shown to be
an O ((1’%“)5 f(4))-
3.3 Efficiency of the algorithm for the lognor-

mal case

3.3.1 Black Scholes assumption

The information evolves according to the augmented filtration {F,t € [0,T]}

generated by a standard one-dimensional standard Brownian motion (W;),cp, -
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We assume the underlying price process is a geometric Brownian motion, solu-
tion of the Black Scholes (1973) diffusion defined by equation (3.6) with initial
condition Si—g = Sp

dsS;

=2t = pdt + odW, (3.6)
St

In this case the returns Ry, have a normal density with mean (1" - 1’;) (t; — tiz1)

and variance o2 (t; — ¢;_1) .

3.3.2 Choice of the Grid

The choice of an efficient grid is not easy. The grid is determined by its range as
well as its number of points. Choosing a range not correctly leads to interference
errors. Taking a grid not dense enough leads as well to inaccurate Fourier
Transform computation. We choose a centred grid with 4096 points, that is 2!2
and with a width of 9nov/dt, where n stands for the number of fixing dates,
o the volatility, dt the time between two fixings. For a one year weekly Asian
option, with fifty fixings, the number of fixing n is equal to 50 and the period

of time between two successive prices dt is equal to one week or 1/52 of a year.

Recentering the densities

The improvement of this chapter is to recenter densities at each step. Since we
approximate the mean, the recentering is imperfect as figure 3.2 shows. For low
volatilities up to 20%, densities are perfectly recentered for a one-year weekly
Asian option. For volatilities higher than 20%, the approximation of the mean
is not rigorously correct and leads to a shift of the different densities to the
right. Indeed, since the function log (1 + €*) is convex, we are underestimating
a convexity adjustment term, as stated by the Jensen inequality for a convex
function f, f (E (X)) < E(f(X)). However, the bias in our estimation is quite
small, since for large values of z, the function log(1 + exp(z)) is very little

convex, roughly equal to z, justifying our method.
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Density Valin Density Value

Figure 3.2: Evolution of the density with recentering at each step. The two
graphics concern a one year weekly Asian option. The figure on the right is with

30% of volatility whereas the one on the left is for 20% volatility

In the figure 2, we can see that for small volatility level (20%, figure on
the left), the recentering is perfect whereas for higher volatility (30%, figure
on the right), we are missing the convexity adjustment term. In the original

(9”(7 Vdt-ithm of Caverhill and Clewlow, the grid size can be shown to be equal to
Ono\[dt + fin. The gain in our method can be measured by the grid width ratio
(I9na\/di+ m”j /9nay/dt. For the case of a one year option with 10% volatility
and a risk-free rate of 20%, this gain is equal to 1.317. This means that with
the old algorithm, we need 1317 points to get the same precision as 1000 points
with the new one. This means that the equivalent of 4096 points with the new

algorithm is about 5400 points with the old algorithm.

Interference on the FFT algorithm

When the grid is not large enough, interference alters the results’quality as
shown in figure 3.3, where we used a grid width of only Anvyfdt. This comes
from the fact that the FFT algorithm assumes the periodicity of our function.

It can cause interference terms when the grid size is too small.
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Figure 3.3: Interferences on the densities

3.3.3 Comparison of the different methods

Because of no well-known example, we arbitrary decided to use as a benchmark
the same option example as in the work of Levy (1992) . We compute the price
of'a one year Asian option, with the underlying starting at 100 (S = 100), with a
risk-free interest rate of 10% (r = 10%), and 50 fixings per year (weekly average
with two weeks of holidays).

The results, given in the table 3.1, compare different methods and show that
the convolution method is efficient for the pricing of Asian option. Regarding
the column titles, MC stands for Monte Carlo with its standard error given in
the next column SE. WE means Wilkinson Estimates, E Edgeworth method, RG
the reciprocal Gamma approximation, CV the Convolution method of Caverhill
and Clewlow, CVR the convolution method with recentering. The reference
price is the one of the Monte Carlo simulation. The efficiency of a formula is
given by its comparison with this reference price.

We found that recentering the density improves significantly the efficiency
of the Fast Fourier Transform method for high volatilities since the estimation
of the density becomes more important. Among the traditional approximation
methods, we tested Wilkinson estimates, Edgeworth expansion, and the recip-
rocal gamma approximation. We found that Wilkinson estimates was the most

robust method. The Edgeworth expansion formula can blow up when the third



CHAPTER 3. DISCRETE ASIAN OPTIONS 85

Mont* Carlo Sampling

Underlying Value

Figure 3.4: Comparison of the different densities for a one year Asian option for

30 % volatility

and fourth moments are too different from the ones implied by a lognormal. We
also got poor results for the reciprocal gamma approximation. This comes from
the small number of variables in our Asian options. The density of the average
is therefore far from its asymptotic limit, which can be shown to be a reciprocal

gamma density (see Milesvky and Posner (1997)).

3.3.4 Density Comparison

Our results confirm that the lognormal approximation slightly overprices Asian
options (Levy and Turnbull (1992), Zhang (1998)). This is indicated by the skew
to the right of the Wilkinson estimates (or lognormal approximation) density in
figure 3.4. The efficiency of the FFT method is confirmed by the close fit with
the Monte Carlo sampling in figure 4. The Monte Carlo sampling was based on

a simulation of a Sobol sequence with 30,000 draws.

It is worth noting that the precision of the method is heavily depending on
the type of the options: in, at or out-of-the-money. One should expect little
difference in price for options depending on a wide part of the distribution like
in or at-the-money options. However, for out-of-the-money options, that are

depending mainly on the tails of the distribution, there is a real advantage
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ol K MC Sud WE E RG CVv CVR
Err
80 22.78 0.00 22.78 22.78 21.64 22.78 22.78
90 13.73 000 13.73 13.73 131 13.73 13.73
10% 100 524 000 525 525 498 525 5.25
110 072 000 072 072 071 072 0.72
120 0.03 0.00 0.02 0.02 0.02 002 0.02
80 23.07 0.01 2314 23.07 2192 23.09 23.08
90 1522 0.01 1530 15.16 1446 1529 15.26
30% 100 9.01 0.01 9.08 9.00 856 9.08 905
110 483 0.01 484 485 4.58 486 4.84
120 235 001 233 240 223 240 233
80 2483 0.03 25.06 24.10 23.58 25.01 24.88
90 1832 0.03 18,57 17.83 1740 18.50 18.37
50% 100 13.18 0.03  13.34 13.02 1252 1347 13.20
110 923 0.03 933 936 877 945 919
120 636 0.03 637 663 604 6.68 6.40

86

Table 3.1: Comparison of different methods for the Asian option o stands for

the volatility, K for the strike
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in terms of precision to use the Fast Fourier Transform method compared to
Wilkinson estimates. Indeed, fat tails are the true motivation of this chapter. It
is already interesting to realize that even in the case of a lognormal underlying,
the Fast Fourier Transform method takes better account for fat tails than most

standard approximation methods with closed form.

3.4 Using non-lognormal densities

3.4.1 Interest of the method

It is now widely accepted that markets differ from the seminal Black Scholes
(1973) lognormal model. The empirical literature has extensively reported on
these anomalities, especially on two of them, which indeed are closely linked.
First, it is has been shown that unconditional returns show excess kurtosis and
skewness, inconsistent with normality assumptions (see Mandelbrot (1963) and
Fama (1965) for the early ones, Kon (1984), Jorion (1988) and Bates (1996)).
Second, research has concentrated its attention on the implied volatility smile
or skew (see Dumas et al. (1995) for a survey). Interestingly, the second fact
is just another hint of the non-normality of returns. Howéver, research has
focussed at implied Black Scholes volatility since implied volatility has become
a key concept in option pricing. Option prices are often quoted by their implied
volatility. A more rigorous justification of the interest in modelling volatility
is its less volatile character when compared with prices. Since, corresponding
prices fluctuate more than implied volatilities, the trading environment is best
captured by a model about the implied volatility.

How to cope with the smile in option pricing has become an extensive field
of research. Classically, it is divided into two different approaches: parametric
and non-parametric ones.

In the first method, the equation of the evolution of the underlying process

is given. This description can consist in a continuous diffusion process with
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either a so called deterministic volatility (Rubinstein (1994), Dupire (1993) and
Derman and Kani (1994)) or a stochastic volatility process (Hull and White
(1987), Wiggings (1987), Melino and Turnbull (1990), Stein and Stein (1991),
Amin and Ng (1993) and Heston (1992)) or a model with jumps (Aase [1993,
Ahn and Thompson (1988), Amin (1993), Bates (1991), Jarrow (1984), Merton
(1976)).

Other works close in spirit are assuming constant elasticity of volatility distri-
bution often called power-law (Cox Ross (1976)) or a mapping principle between
normal and lognormal distributions (Hagan (1998), Pradier and Lewicki (1999)).

The second type of methods involves infering the underlying distribution
from market data. This has been called the expansion method where one induces
the different terms of the expansion and can reconstitute the distribution (Jarrow
and Rud (1982), Bouchaud et al.(1998), Abken et al. (1996)).

The interest of our methodology lies in its flexibility on the distributions of
returns. We do not assume any specific distribution. The distribution is an
input like all other parameters. Therefore, we can use distribution derived from
market data, like option prices. In this chapter, we decided to illustrate the fat-
tailed distribution with the specific case of a Student density. This is because
this density is often used in the literature. It has the additional advantage to
converge to the normal density when the number of degree of freedom tends to
infinity. Indeed, there are many other densities which could have been used, like

Pareto, generalized Pareto, power-laws distributions and many more.

3.4.2 Densities for leptokurtic effect

To account for leptokurtic returns, we assume that centred and pseudo-normalized
Re;—(r—% ) (ti—ti-1)

02!t;~¢,‘_1 !
A

(with a parameter A > 1) returns have a density given by a

n+1
(et —_—
Student distribution with a degree of freedom n = )\l}i given by (%) (1 + %) 2

I(3)van
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The cumulative distribution is then given by
r(es) gt ( 1 .\"%
Pr(X <t)= —l= 1+—u2) du
( ) L3V J_o n
where I'(y) = [, e *z¥~'dz is the Gamma function at y. Since a Student
density has always a variance bigger than one we need to specify this variance

by the parameter A.

3.4.3 Numerical results
Effect on the price

As expected, fat-tailed distributions hereby illustrated by the Student density
lead to a more expensive price of the Asian option. The Fast Fourier method is
efficient as confirmed by a comparison with Monte Carlo simulations with 20,000
draws. To simulate the Student density, we simulate uniform distribution and
inverse the cumulative distribution by means of the approximation given in the
appendix section D.

Without any surprise, the discrepancy between the lognormal distribution
and a distribution with fat tails increases with the volatility. It also grows
for distribution with fatter tails as shown by the increase of price between the
Student density with 44 degrees of freedom and the one with only 22. We
have chosen the Student density since its asymptotic distribution is precisely
the normal distribution when the degrees of freedom tend to infinity.

Interestingly, practitioners have kept on using the lognormal approximation
for the Asian option. We have seen that the approximation of a sum of lognormal
by a lognormal distribution is not correct. It tends to overprice the Asian option.
However, when assuming a fat-tailed distribution for the underlying, we also
found that the price of the option was more expensive than the corresponding
one with lognormal individual underlyings. This explains why practitioners have
been very keen on using the lognormal approximation since this includes the rise

of price due to fat-tailed distributions.
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MC MC
Student Student
o K  Lognormal Student Student
44 df 22 df
44 df 22 df
80 22.7838 22.7911 22.7914 22.8021 22.8028
90 13.7347 13.7420 13.7425 13.7539 13.7550
10% 100 5.2438 5.2843 5.2850 5.3278 5.3294
110 0.7211 0.7642 0.7649 0.8078 0.8094
120 0.0336 0.0358 0.0362 0.0423 0.0430
80 23.0733 23.2033  23.2050 23.3372 23.3406
90 15.2231 15.4014 15.4036 15.5808 15.5855
30% 100 9.0110 9.2238 9.2277 9.4335 9.4416
110 4.8338 | 5.0345 5.0379 5.2355 5.2426
120 2.3545 2.5097 2.5117 2.6682 2.6728
80 24.8324 25.2213 25.2243 25.6099 25.6168
90 18.3207 | 18.7471 18.7510 19.1694 19.1779
50% 100 13.1811 13.6182 13.6239 14.0508 14.0628
110 9.2300 9.6476 9.6530 10.0610 10.0721
120 6.3615 6.7363 6.7412 7.1104 7.1209

Table 3.2: Price of Asian option with Fat-tailed distributions. o stands for the

volatility, K for the strike, df for degrees of freedom
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Figure 3.5: Evolution of the delta with time to maturity under different distri-

butions

Delta hedging

The motivation for our numerical method is to examine the impact of fat-tailed
distributions on the delta. In the case of the discrete Asian options, the delta
jumps every time we cross a fixing date.

The comparative study of the delta evolution with lognormal density and
the Student density shows that a fat-tailed distributions lead to higher jumps
in the delta, a logical consequence of the fact that fat-tailed distributions imply
more expensive prices and therefore larger drop of the price with the downfall of
a fixing date. The difference in the delta is quite significant as shown by figure
3.5 and 3.6. The figure 3.5 show the evolution of the delta for a weekly Asian
option far from the maturity of the option. The Student density taken here is

the one with 22 degrees of freedom.

There is no rule concerning the difference between the delta for lognormal
densities and for Student densities. In the figure 3.5, the option is 50 to 44 weeks
before the expiration. In this particular case, the delta implied by the Student
density is on overall more expensive. This is not the case when the option is close

to the maturity as shown by figure 3.6 where there are only 10 to 1 week before
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Figure 3.6: Evolution of the delta with time to maturity under different distri-

butions when closed to the expiry

the maturity of the option. However, it is worth noting that on the average the
delta is almost the same for the two densities. This suggests that for a long-run
delta hedging, assuming normal returns is not too much inaccurate. However,
for short run delta hedging, the assumptions on the return densities lead to very

different hedging strategies.

3.5 Conclusion

In this chapter, we have seen that Fast Fourier Transform is an efficient way
for pricing discrete Asian options with non-lognormal densities. The systematic
recentering of intermediate densities enables to reduce the size of the grid so as
to speed up the convergence. We show that the price of the Asian option should
be more expensive with fat-tailed distributions. This indicates that approxi-
mation methods overpricing the Asian option incorporate, in a way, fat-tailed
distribution. However, as far as the delta is concerned, fat-tailed distributions
lead to very different hedging strategies, especially on the short run.

Our methodology raises many remarks. First, the Fast Fourier Transform
technique enables to take into account volatility smile since, as an input, we

can take returns’distribution derived by market data incorporating the smile
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effect. Second, the same approach can be applied with minor changes to basket

and multi-asset options. Third, this methodology raises the issue of the way of

deriving the density from market data properly.



Chapter 4

An Application of Malliavin
Calculus to Continuous Time

Asian Options Greeks

Summary of the chapter

This chapter extends the results on the Malliavin weighted scheme as described in
the first chapter to the case of continuous Asian options. We give the necessary
and sufficient conditions for a function to serve as a weight function introducing its
generator. We discuss in greater detail the case of an option depending both on the
continuous average as well as the maturity value of the underlying. We refer to this
difficult case as the ”complex Asian option”. We conjecture indeed that these results
should be adaptable to the case of the continuous lookback options as well.

94
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4.1 Introduction

When handling sophisticated models with non standard and discontinuous payoff
options, classical methods like lattice methods and numerical methods for solving
partial differential equations like finite differences and finite elements, could
be inefficient. The Monte-Carlo and Quasi-Monte-Carlo methods, often seen
as last resort methods can overcome this technical difficulty. However, in the
case of a strongly discontinuous payoff function, a well-known fact is their poor
convergence to the exact solution, when computing the Greeks (price sensitivity
to parameters like delta, gamma, rho and vega).

Traditionally, to speed up convergence, one relies on different more or less
successful variance reduction techniques among which the most famous ones are
antithetic variates, control variates, importance sampling, stratified sampling,
Latin hypercube sampling and moment matching techniques. One uses as well
deterministic methods based on low discrepancy sequences like Halton, Sobol,
Faure sequences (see Glasserman and Yao (1992), Glynn (1989), and L’Ecuyer
and Perron (1994)). Their straightforward use provide nonetheless little im-
provement when handling the Greeks for strong non-linear payoff functions.

The reason of this inefficiency lies in the way the Greeks are commonly
computed. One estimates the Greeks by simply taking the finite difference
of two particular simulation results. Denoting by P (z) the option price for
an underlying level of z, the different schemes can be classified into forward
difference (P (z + €) — P (z)) /e, central difference (P (z +¢) — P (z —€)) /2,
or backward difference scheme (P (z) — P (z — €)) /e. Despite a quasi antithetic
technique implied by the substraction of terms P (z +¢€), P(z), and P (z —¢),

this method embodies two different errors:
e discretization of the derivative function by a finite difference.
e imperfect estimation of the option prices P (z +¢€), P(z), and P (z — ¢).

For discontinuous payoff functions, the main error is the first one. Recently,
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Fournié et al. (1999) (2000) and Benhamou (2000a) (rewritten as chapter 1 of
this dissertation) have suggested a new methodology based on Malliavin calculus.
The intuitive idea is to eliminate the need of taking the derivative of the payoff
function, which is numerically approximated by a finite difference. They showed
that we can transform the initial formula as an expectation of the discounted
payoff function e~ Jo reds f(X7) multiplied by a suitable weight function referred

in the literature as the Malliavin weights, denoted hereby weight:
Greek = E? [weight.e™ s 7+ £(x)] (4.1)

Their works were for options depending on a finite set of dates. The con-
tribution of this chapter is to extend previous results to continuous-time Asian
options. We give necessary and sufficient conditions for a function to serve as
weight function by means of its generator. We give explicit solutions for the
case of the Black diffusion.

The remainder of this chapter is organized as follows. In section 2, we la-
conically describe the mathematical framework of the chapter. In section 3, we
investigate the case of Asian options. In section 4, we give explicit formula for
the case of the Black diffusion. Section 5 shows by means of numerical results
the efficiency of this method. We briefly conclude in section 6 giving possible

extensions.

4.2 Notations and mathematical framework

For clarity, we assume a one dimensional diffusion of the underlying price pro-
cess. Results can be easily extended to the multi-dimensional case. We consider
a continuous-time trading economy with a limited horizon ¢ € [0,T]. Following
Harrison and Kreps (1979), Harrison and Pliska (1981), the price of a contin-
gent claim is calculated as the expected value of the discounted payoff value
in the risk neutral probability measure Q). The uncertainty is characterized by
a complete probability space (2, F, Q) where Q is the state space, F is the o-
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algebra representing the measurable events. Information evolves according to
the augmented right continuous complete filtration {F3,¢ € [0,T]} generated by
a standard one dimensional Brownian Motion {W;,t € [0,T]}. The underlying
price process is defined as the Ito process (Xt)telo,T] solution of the following

stochastic differential equation:
dX; = b(t,Xe) dt + o(t, X¢)dW, (4.2)

with the initial condition

Xo=z (4.3)
z € R is the initial value of our underlying. b : R* x R — R represents the
deterministic drift and ¢ : R*xR — R the volatility structure of the process
(Xt)telo,T]- We also assume that the deterministic drift and the volatility struc-
ture verify Lipschitz conditions and uniform ellipticity of o.

We define the first variation process (Yt)tem,n as the derivative of X, with
respect to the initial condition ¥; = 2X,. As show in Nualart (1995) page
Theorem 2.3.1 page 110, Malliavin calculus theory proves that the Malliavin
derivative can be expressed as a function of the first variation process and the

volatility structure o (¢, X;) :

8

DX, = ?Yia(s,Xs)l{sS,} a.s. (4.4)

4.3 Asian options

Since there is no closed formula for arithmetic Asian options as opposed to ge-
ometric ones, Asian options, sometimes called average options, are a prefered
field for numerical solutions such as lattice methods, partial differential equa-
tions solving, convolution, Monte-Carlo and Quasi -Monte-Carlo methods (for
an extensive survey on Asian options, see chapter 3 of this dissertation). How-
ever, these numerical methods have often low convergence for the Greeks. It is
precisely this inefficiency that suggested us to extend the work of Fournié et al.

and Benhamou to the case of the continuous-time Asian option.
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Traditionally, the average in the Asian options can be computed as a discrete
or continuous-time one. In the case of discrete Asian options, we can apply the
analysis done by Benhamou (2000a) for a fast computation of the Greeks. In
the case of continuous-time arithmetic Asian options, Fournié et al. (1999) gave
a specific example of the weighting function generator for the delta. We provide
here formulae for other Greeks with more general conditions and for any type
of weight functions, specifying only the necessary and sufficient conditions for
a function to serve as a weight function in derived formulae. We introduce the
weight function generator. We give a detailed version in the case of the delta,
generalizing to the case of the other Greeks. In the rest of this section, we also

distinguish as well two type of Asian options:

e the simple Asian option, an option whose payoff is a function of the
continuous-time average only. Classically, for a call, it is called the fixed

strike option.

e the complex Asian option is depending on both the underlying and the
continuous-time average. Classically, for a call, it is the floating strike

option.

4.3.1 Simple Asian option

The simple continuous-time Asian option is an option only depending on the
continuous-time average % j;)T Xidt. Thus, its price can be written as the ex-

pected value of the discounted payoff:

T
P, =E, |efo ( Xd )]
[e f /0 t

Like in the case of an option depending on a finite set of dates, we can show
that the Greeks can be written as the expected value of the discounted payoff
f ( fOT Xtdt) times a suitable weight function weight:

T
Greeks = E9 [ f ( / X,dt) weight]
0
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We also impose the existence of the Skorohod integral expressed as a non ex-

ploding condition (L, integrable) on the weighting function (4.5):
E [(weight)z] < 400 (4.5)

Writing the weight function weight as the Skorohod integral 6 (w) of a stochas-
tic function w : Ry — R s — w,, we define the Skorohod integrand ”the
weight function generator”. Interestingly, this generator can be characterized

by necessary and sufficient conditions as stated in theorem 2.

Theorem 2 Malliavin formula for the Greeks

There exist necessary and sufficient conditions for a function w to serve as a
weight function generator for the simulation of the Greeks. The first condition is
the Skorohod integrability of this function (4.5). The second condition, different
for each Greek and summarized in table 4.1 depends only on the underlying

diffusion characteristics and not on the payoff function.

Proof: we give in the appendix section the proof for the delta section
C.1 page 176. Proofs for the other Greeks are similar and are available upon

request.[]

4.3.2 Particular solutions

To get particular solution, we only need to find solutions that satisfy the con-
ditions given in table 4.1. One can show the following results by checking that

these solutions satisfy the necessary and sufficient conditions of table 4.1:

e Delta: one solution for the weight function generator is the one given by
Fournié and al. (1999):

2y

" o (s, X.) JT Yt (46)

Ws
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Necessary and Sufficient conditions

Greeks
on the Malliavin Weights
Q|rT t  o(sX,), delta T
delta (4M1): B [f‘=°Yt (f"=° TY Ws Tds) dt fy Xtdt]
=E2 [fo Ytdtl fo Xtdt]
EQ [5 (woammay | [T Xtdt]
gamma (4.M2) : .
EQ [5 (wiektas (wieite) 4 2 yydeita) | [T X, dt]
"extended” (4M3) E? [ IZ, I, ——1—“0;.’)(’ witedtds| [ Xtdt]
tho =B [JT, L T ddsdt] [ Xea]
o B2 [ 2, Jio P dwyesedsdt] f Xdt]
”exten » .
) (4M4) : j;T=0 f:=0 Ytﬂf;yxa!dwsdt .
vega =E? T ot Yigd a(:X )3 (s,X.) | Jo Xedt
= Jimo Jomo T dsdt

Table 4.1: Necessary and Sufficient conditions for the weight function Generators

of a simple Asian option
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Another solution is:
v, ST Y

o (s, X) [ tYdt

Depending on the nature of the first variation process as well as the struc-

4.7)

Ws =

ture of volatility, it would be preferable to use either the first or the second

solution.

e Rho: a solution for the weight function generator of the rho is given by

Z(s, Xs)
= -t 4.
v o(s, X,) (48)
e Vega: a solution for the weight function generator is given by
Y, Joo Juo MW o (5,X,)T (s, X)
w, = 7 — (4.9)
o X [ thdt o(s, Xy)

4.3.3 Complex Asian option

The complex Asian option is an option depending both on the continuous-time
average % fOT Xidt and the underlying price at maturity, X,. Its price can be

written as the expected value of its discounted payoft:

T
Pz = E:: I:e_fgr‘d"f (/ Xtdt, .XT)]
0

We can extend previous results of theorem 2. We restrict ourselves to the case

of the delta. With minor changes, this can be adapted to all other Greeks.

Proposition 8 Malliavin formula for the delta
In the case of the complex Asian option, in addition to the non-exploding con-

dition, the weight function generator for the delta should verify the conditions

T T
EQ [ / ( "(3 X.) “"‘“d)dt] / X,dt, XT] = E¢ [ / Y:dt| / X,dt,XT]
t=0 -0 8 0 0

T
EZ [YT / o(s, X,) 1(,<rywieiteds| / Xdt, XT] = EQ [YTI / Xtdt,XT]
s=0 0 0

Y,
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Proof: given in the appendix section C.2 page 177.00

We can find particular solutions. We introduced two different discriminants

A and A

2_
W1 o R B svasviar

T p) (4.10)
JeoYidt 2 (JiZ viat)

Proposition 9 Particular solution
When the discriminant A is not equal to zero, one particular solution for the

weight function generator is given by:

Y, Y,
w, = A+B—"— 4.11
(s, X,) ( Iy Y,dt) @)

with the coefficients A and B verifying:

A I Ydt B 2 [T (¢t — T) Ysdt
[T (2t - T)Y.dt [T (2t —T)Yydt

(4.12)

This solution ts unique.

Corollary 4 When the discriminant A is not equal to zero, one particular so-
lution for the weight function generator is given by:

sY, \ Y,
Y = 55 Xy) <a+ﬂ I Kdt) (4.13)

with the coefficients a and f verifying:

T (2-12
_ S5 E )y a [T, Vi
Jito oo sV dsYidt

oo o f sVedsYidt
fio f:=o wSY,dsYtdt

(4.14)

Proof: given in the appendix section C.3 page 178.00

The two solutions differ in the form of their basis since in one case it is

Y,/o (s,X,) and in the other case it is rather sY,/o (s, X}).
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4.4 Formula for a Black diffusion

In the case of the Black diffusion, formulae can be explicit. In this framework,
the drift term b (¢, X) is equal to 7.X; which is the growth at the risk-free rate
whereas the stochastic term o(t, X}) is equal to 0;X;, with o; a deterministic
time-dependent volatility. This leads to the following expression for the under-

2ds )t+ g edW,

t
lying process X; = ze(r=3lse and for the first variation process to

)/t = Xt/:v.

4.4.1 Simple Asian option

With these more restrictive assumptions, we can derive results for the simple
continuous Asian option (the complex one leads to the same type of calculations,
with lengthier formulae). Being a second order Greek, the calculation of the
gamma requires two integration by parts and is consequently not as straightfor-
ward as first order Greeks. However, it can be shown that there is a proportion-
ality between the vega and the gamma (see Benhamou (2000c)). The Gamma

is subsequently obtained as the vega times this proportionality factor.

Delta

Proposition 10 The pdrticular solution for the weight function generator wl =

2X,/zos foT X:dt leads to the following weight function

2 [T Xegw, 1
—f—"T"’——— += (4.15)
IEfO Xtdt z

Proof: the weight function is defined as the Skorohod integral of the weight
function generator

Weight = 6 (w})

Using the property of the Skorohod operator that gives the Skorohod integral

of a product: if F is a smooth random variable (Nualart notation (1995)) and u



CHAPTER 4. MALLIAVIN SCHEME FOR ASIAN OPTIONS 104

is an element of L2 (2 x [0,77]), then the Skorohod integral can be expressed by

means of the Malliavin derivative:
T
S(uF)=6(u)F — / uD,Fdt
0

This leads in our case to

26 (X2 T
Wezght = _.Iga—')__ — / 2X3Ds ( - 1 ) ds
SL‘fo Xtdt 0o I0s fO Xtdt

Using the fact that the Malliavin derivative follows regular derivation rules, we

get:

( 1 ) XY 0, dt
s T - - 2
IT X,dt (47 Xt

where in the last equation, we have used the fact that D, X; = YZY;IU,YLI{K”.

We finally get
2 [ Xedw, 1

Weight = —=*—— + —
g .’EfOT.Xtdt T

O

Proposition 11 The other solution for the weight function generator w, =

le j;)T Yidt/ _];)T tY,dt leads to the following weight function

1 fL, Yudt ( /T W, 1)y thtdt)

z [TotYdt \Jso 05 = [TeVidt

Proof: following the same procedure as in the proof of the proposition (4.15),

we calculate the weight function as the Skorohod integral of the weight function
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o L Jo Yidt
OsT fOT tY,dt

fYtdt T tD, X, dt
=—( 0 /th/ lfto tds

generator:

2 [Tevr omkﬁ@
_ 1 JLo Yt fﬂ,;dw / ot IZ, zoﬁ"ﬁﬂ'—f'—dldtds
T [y tYadt (Jo tXtdt)
1 [l Yadt ([T dw, 1 [7 *Y.dt
= T T 5T
[T tvdt \Jsmo 0o = [Ttvidt
O
Rho

Interestingly, the condition given for the rho of a continuous Asian option weight
function generator is the same as the one for an option depending on a finite set
of dates as in Benhamou (2000a). Therefore, the same results can be applied

leading to the two following propositions:

Proposition 12 The extended tho as defined in Benhamou (2000a) can be ex-

_ T tm
rho = E° [e-*T f ( / Xtdt) / Edwt]
0 o Ot

Proof: we obtain the result by considering the particular solution of the

pressed as

weight function generator (4.8) and by using the fact that the weight function
is defined as the Skorohod integral of the weight function generator.(J

Proposition 13 The classical rho is given by:

T tm
Classical Tho = E© [e"T f ( / Xtdt) ( % —t )]
: 0 0o Ot

Proof: See Benhamou (2000a) (rewritten as chapter 1 of this dissertation).OJ
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Vega
Using the particular solution for the weight function generator (4.9) and assum-

ing a perturbation defined as & (¢, X;) = 7,X;, we get the following proposition.

Proposition 14 The extended vega can be ezpressed as

T T it ~ T
QleTf ( / Xtdt) 6 (LI L;O"’Y‘dw’dt + / & dW,
0 Os ft=0 thdt 0

Proof: in the case of the Black diffusion, the weight function generator is

defined as

. 1 JT) fryFYidW, o

Os f tY,dt
leading to the following weight function:

T t o~

Y dWdt T _

6(ws) =6 1 s=T0" i + / 7sdW,
Os .I:‘.:O t]/tdt 0

a

Corollary 5 In the case of the Black Scholes model, this leads to the following

results

T J;_ f XtVtht dW T 2X dt
e T f ( / Xtdt) g °( = / X W,dt fH’ :
0 o j;) tXtdt fO tXtdt)

The traditional vega is then obtained for o = 1.

Proof: the Black Scholes assumptions are that the volatility is constant:
o0, = 0. The perturbation is defined as o, = &. This leads to the following
weight function

fia YW, dt
weight = g (M—) + ocWr

IR
~§ f Xthtdt tD, X, dt
=2 ("T /XtWtdt/ f““ D=0 T s+ GWr
7 [y tXudt f tX, dt

O'WT
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Then using the fact that
T [, tDXudt | _ o S, 2 Xdt
o N2@s =T 2
s-0 ( I tXtdt) ”” ( N tXtdt)

T T T
6 ( XtVtht> =/ ( XtVtht) dW,
t=0 5=0 \Jt=0

leads to the final result. The traditional vega is the extended vega divided by

and

the perturbed volatility ¢.0]

Gamma

The Gamma can be calculated as the vega divided by z20T for the Black Scholes
model and by z? fOT 0,dt in the Black model (see the remarks of chapter 2 page53
section 2.3.2 and Benhamou(2000c)).

4.4.2 Complex Asian

Specifying the terms in the solution of (4.11), the weight function for the delta

of the complex Asian option is in this simple case given by:

w, = aix (A + BjOT);dt) (4.16)
with the coefficient A and B verifying:
_ 1 . T
o get-T T —f:ﬁ%{%dt—T

4.5 Numerical method

In this section, we examine the particular case of an Asian option with the
following characteristics: a one year continuous time Asian option with risk-free
interest rate 7 = 3%, a null dividend rate, an initial underlying Sy of 100, two
strikes K, K> of 100 and 110 respectively and a volatility o of 20%. We consider

two different options:
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* a corridor Asian option whose payoffis 1 Stdt<K2}

* an up and out Asian call stdi<k2p T~ " ) +

4.5.1 Simulation of the Gamma

We examine the Malliavin simulation on the gamma, since it is precisely in
this particular case that the Malliavin weighted scheme should dramatically
outperform finite difference. These results confirm the efficiency of the Malliavin
weighted scheme compared with the standard finite difference. The figure 4.1
compares the two methods: Malliavin weighted scheme (black line) and the finite
difference method (grey line). The Malliavin weighted scheme converges to the
right answer quite fast with almost no oscillations, whereas the finite difference

estimator fluctuates with a pseudo-periodicity around the correct value.

Simulations Number

g -00015

Malliavin Simulation
Finite Difference

Exact value -0 001443

Figure 4.1: Efficiency of the Malliavin weighted scheme for the computation of

the gamma of the first option

This advantage of the Malliavin weighted scheme is even more striking in
the case of the second option as shown by figure 4.2. The Malliavin weighted
scheme is given by the black line and the finite difference method by the grey

one.
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4.5.2 Comparison of variance

The purpose of the Malliavin weighted scheme is to reduce the variance of the
simulations. We compare the variance implied by the Malliavin weighted scheme
and the one of the finite difference in the case of the same two options for
the delta, gamma, vega and rho. We found that Malliavin weighted scheme
provides a quite efficient way of reducing the variance as shown in table 4.2.
The number of simulation draws was 20,000 as indicated by N=20,000. Table
4.2 gives the ratio of simulation variances between finite difference and Malliavin-
based simulation. When this ratio is bigger than 1, it means that the Malliavin
method reduces the variance. Indeed, the numbers found are big numbers. Since
the variance decreases roughly linearly in n, a ratio of 10 means that we need
10n draws with the finite difference method to get the same variance as the one
obtained by the Malliavin method with only n draws. We found evidence that
the Malliavin weighted scheme is more efficient for the first than the second
option. The first option payoff is indeed more discontinuous. The ratios found
‘are big numbers. For the gamma, it means that the same accuracy as 1,000
draws with the Malliavin weighted scheme is obtained with 14,000,000 draws for
the first option and 7,000,000 for the second option when using the traditional

ﬁnite difference method.

4.6 Conclusion

In this chapter, we have seen that using Malliavin calculus and its integration
by parts formula, we can extend Malliavin calculus based formulae, for the
Greeks, to the continuous-time Asian option. This enables us to smoothen the
function to be estimated by the Monte Carlo or Quasi Monte Carlo simulation.
This extension to Asian options is of particular interest since there is no closed
formula for Asian options, even in the simple case of a geometric Brownian

motion.
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Option Variance ratio
delta | gamma | rho | vega

~2 ~2
type O Finite Diﬁ'erence/ O Malliavin

First option
N=20,000 160 | 14256 | 69 | 7422
1{K1< Jo Sedt<K3}

Second option
+ | N=20,000 146 | 7210 47 | 5900
l{f:‘ Sgdt<K3} (ST - Kl)

Table 4.2: Variance ratio between the Malliavin weighted scheme and the finite

difference method

There are many possible extensions to this work. A first one is to study a local
version of Malliavin weighted scheme, which smoothens the discontinuity at the
kink and is based on a finite difference scheme enhanced by the common random
numbers method everywhere else. A second one is to extend this methodology
to continuous lookback options. However, the case of the continuous supremum
of the underlying is not as easy to handle as the continuous time arithmetic

average.
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Simulations Number

Malliavin Simulation

Finite Difference

Exact value -0.003932

Figure 4.2: Efficiency of the Malliavin weighted for the computation of the

gamma of the second option



Chapter 5

A Martingale Result for
Convexity Adjustment in the

Black Pricing Model

Summary of the chapter

This chapter explé.ins how to calculate the con{rexity adjustment for interest rate
derivatives, using martingale theory, when assuming a deterministic time dependent
(often referred to as the Black (1976) pricing model) volatility. In this present chapter,
we proceed as follows: first, we set up a proper no-arbitrage framework illustrated
by a relationship between yield rate drift and bond price. Second, by making use
of an approximation, we derive a closed formula with a specification of the error
term. Earlier works (Brotherton-Ratcliffe and Iben (1993) or Hull (1997)) assumed
constant volatility and could not specify the approximation error. As an application,

we examine the convexity bias between CMS and forward swap rates.

112
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5.1 Introduction

The motivation of this chapter is to provide a proper framework for the convexity
adjustment formula, using martingale theory and no-arbitrage relationship. The
use of the martingale theory initiated by Harrison, Kreps (1979) and Harrison,
Pliska (1981) enables us to define an exact but non explicit formula for the
convexity. We show that by making an approximation, we can rederive previous
results, first discovered by Brotherton-Ratcliffe and Iben (1993) and later by Hull
(1997) and Hart (1997). However, the approach hereby adopted has the great
advantage to enable us to specify the error of the approximation. We extend
results derived in the Black Scholes framework to time-dependent volatility, often
referred to as the pricing model of Black (1976). This is more in agreement with
the consideration of practitioners who commonly use time dependent volatility
to best fit the market prices.

The convexity adjustment hereby derived is of considerable interest to mea-
sure the convexity adjustment required for a security paying only once a swap
rate. The rate of this kind of security is named in the fixed income market as
the CMS rate. _ _ _

The formula, first discovered by Brotherton-Ratcliffe and Iben (1993) and
later by Hull (1997), is an analytic approximation of the difference between the
expected yield and the forward yield, collectively referred to as the convexity
adjustment. It assumes a constant yield volatility o. Brotherton-Ratcliffe and

Iben (1993) show that the convexity adjustment for a yield bond was given by:

~ (yé )2 a2Th” (yf) (5.1)

2 K (yﬂ)
where yg denotes the value today of the forward bond yield, A (y) the price of
the bond that provides coupons equal to the forward bond yield and that is

assumed to be a function of its yield y, A’ (y) and A" (y) the first and second
partial derivatives of the bond price & (y) with respect to its yield. Hull (1997)
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shows that this convexity adjustment can be extended to derivatives with payoff
depending on swap rates. Hart (1997) sharpened the approximation with a
Taylor expansion up to the fourth term. However, all proofs, based on Taylor
expansion, never referred to the error of the approximation. Deriving this error
is precisely the motivation for this chapter. We show that formulae similar to
(5.1) can be derived with an exact definition of the error term, when a proper
no-arbitrage framework is assumed.

The remainder of this chapter is organized as follows. In section 2, we give
some insight about convexity. In section 3, we derive convexity adjustment from
a no-arbitrage proposition implied by martingale condition. We show how to
derive a approached formula, with a control on the error term. Monte Carlo
simulations confirm the efficiency of the approached closed formula. In section
4, we give a formula for the convexity adjustment required for a CMS rate. We

conclude briefly and refer to future developments.

5.2 Insights about convexity

For fixed income markets, convexity has emerged as an intriguing and challeng-
ing notion. Taking correctly this effect into account could provide competitive

advantage to financial institutions.

5.2.1 The definition of the convexity

One main difficulty is to give a unified framework for all the different meanings
of convexity. Indeed, it is true that the notion of convexity refers to different
situations, which can be sometimes seen as having almost nothing in common.
It is sometimes used as the gamma ratio for interest rate options, as an indicator
of risk for bonds portfolios, as a measurement of the curvature of some financial
instruments or as a small adjustment quantity for a wide variety of interest rate

derivatives. Indeed, convexity has become a synonym for small adjustment in
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fixed income markets, related somehow to the notion of mathematical convexity
and more generally to a second order differentiation term. The situations which
are of particular interest for practitioners can be classified into two types with

different causes of adjustment:

e the bias due to correlation between the interest rate underlying the fi-
nancial contract and the financing rate. An example is the bias between
forward and futures contracts. This correlation, capitalized by the mar-
gin calls of the futures contract, leads to a more expensive (respectively
cheaper) futures contract in the case of positive (respectively negative)

correlation.

e the modified schedule adjustment. Even if the analysis is the same for
the two sub-cases above, it is traditionally divided into two categories

depending on the type of rates:

— One-period interest rate (money-market rates, zero-coupon rate) and
bond yield. An example is the difference between plain vanilla prod-
ucts and in-arrear ones, or in-advance ones:. Another one is the
differentiation between forward yield rate and expected bond yield.
Furthermore, a modified formula for every type of path dependent
interest rate option, like Asian options, multi-European options is
required.

— Swap rates. These products are called by the market CMS products
(CMS: constant maturity swap). A convexity adjustment is required
between forward swap rate and expected swap rate. This rate is

traditionally called the CMS rate. Indeed, this analysis is very similar

to the previous case. It comes as well from a modified schedule.

For practitioners, the two sub-cases have long been separated because they

were concerning different products. As a result, they were seen as two types of
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adjustment. Indeed, the two required convexity adjustments are coming from a
modified schedule of the rate.
In this chapter, we concentrate on the distinction between forward and ex-

pected bond yield as well as swap rate.

5.2.2 A rough model

As pointed out in our definition section, one should make a distinction between
the convexity adjustment required between futures and forward contract (cor-
relation convexity) and the modified schedule adjustment. As a general rule
for the second type of situation, it is necessary to make a convexity adjustment
when an interest rate derivative is structured so that it does not incorporate
the natural time lag implied by the interest rate. This is the case obviously of
in-arrears and in-advance products where the rate is observed and paid at the
same time. This is as well the case of the CMS rate where the swap rate instead
of being paid during the whole life of the swap is only paid once.

Let us now explain intuitively the convexity defined as the difference between
forward rate and expected rate. We examine the case of bond but this applies to
the swap rate as well. Since the relationship between bond price and the bond
yield Y is non-linear, it is not correct to say that the expected yield is equal to
the yield of a forward bond (also called the forward yield). Similarly, it is not
correct to say that the expected swap rate should be equal to the forward swap
rate.

This can be well understood by taking a two state world. The bond price
can be either P;, P, with equal probability % The corresponding yields are Y;,
Y>. In this binomial world, the expected price P, is given by sum of the different
possible prices multiplied by their corresponding probability: P, = %Pl + -21'P2.
The forward yield Y7 is the yield corresponding to the expected price P,. The
expected yield Y. is the one given by the expected value of the yield Y, =
W +in.
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Price

Y2 Yield

Figure 5.1: Convexity of the bond price with respect to its yield: Case of a
simple two state model. This graphic shows that the expected yield denoted by

Ye is higher than the corresponding forward yield Y*

However, since the relationship between price and yield is decreasing and
convex, the two given yields, forward and expected one, are not equal and the

expected yield Ye is above the forward one as figure 5.1 shows it.

These results can be derived in a more general stochastic framework. From
the Jensen inequality on convex functions, applied to the function P(y), one
sees that the forward price defined as the expected value of the price, under the
risk neutral probability E (P (Y)) should be higher than the bond price with a
yield equal to the expected rate P (E(Y)):

E(P (Y)) > P (E(Y))

Using the fact that the bond price is a decreasing function, we get that the
expected bond rate defined as the expected value of the yield E (Y) is higher
than the forward bond rate corresponding to the forward price E (P (Y)) (Y* =
P-1 (E(P(Y)))). The difference between the expected yield and the forward
yield Ye—Yf is called the convexity adjustment and defined by

Ye- Yf=E(Y)- P"1(E(P (Y)) (5.2)

With these rough modelling framework, we can already get interesting results.
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Receiver Swap Price
A Yl Forward

Swap Rate

Swap Rate

Figure 5.2: Convexity of the swap price with respect to its swap rate: The
relationship between the receiver swap price and the swap rate is convex and
decreasing. The only difference between swap and bond contract lies in the

possible negative values of the receiver swap

When a bond or a security price is a convex function of the interest rate, the ex-
pected bond yield E (T) is always above the forward bond yield P~/ (E (P (Y)))-

This can as well applied to swap rates. Indeed, a receiver swap, swap where
one receives the fixed rate and pays the floating one, is also a convex decreasing
function of the swap rate. The only difference comes from the fact that the swap
price contrary to the bond price can be negative. This is illustrated by figure
5.2. Since only hypotheses on the monotonicity and convexity of the function
are required for deriving our result above (5.2), we conclude that the expected

swap rate is above the forward swap rate.

As a general conclusion of this subsection, expected bond yields or swap rates
should be higher than the corresponding forward for convex contracts and lower

for concave ones.
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5.2.3 Static hedge: locking the convexity

We saw above that the difference between the forward yield and the expected
yield is due to the fact that the underlying bond price is a decreasing convex
function of the yield. We can take advantage of this by a static hedge. Let us
consider a continuous time trading economy. The uncertainty in this economy
is characterized by the probability space (£2, F, Q) where 2 is the state space,
F is the o—algebra representing measurable events, and @ is the risk neutral
probability measure. We denote by y! the value of the forward yield at time ¢.
We denote by h (y{ ) the payoff of a security depending on the forward yield. We
denote by yg the value today of the forward yield. We denote by o the constant
volatility of the forward yield at time T when compared with the today forward
yield. This means that the square difference between the forward yield at time
T and the today value is proportional to the volatility times the time elapsed

times the square of the today value of the forward yield:

B, (v -4f)’)

(y£)2 = 0T (5.3)

The above analysis is carried out for yield bonds for clarity reasons. However,

this can be easily adapted to swap rates. We consider the following portfolio:

- a forward contract on the forward yield with a strike at the today value
of the forward yield. The payoff at time T is simply the difference between the
forward yield at time T": yrf‘ and the strike: today value of the forward yield yg .

- a hedging portfolio composed of n forward contract(s) on the bond set at at-
the-money strike. The payoff of the forward contract is therefore the difference
between the non-linear security payoff at time T', h (yifq) and the price if the yield
were the value of the today forward yield, h (y(‘,f ) This is a hedging portfolio
since the variation of the forward contract on the forward yield y{- is offset by
the variation of the forward contract on the bond. Since the forward contract is

set at at-the-money strike, this contract is of zero value.
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Since the value of the total portfolio is equal to the sum of its two compo-
nents, with the second one of zero value, the total value of the portfolio is equal
to the value of the first component of the portfolio, given at maturity time T
by the expected difference between the forward yield and the today value of the
forward yield, which is exactly the definition of the convexity adjustment. The
value today of the total portfolio is therefore the convexity adjustment times the
zero coupon maturing at time 7. The determination of the convexity adjust-
ment is consequently equivalent the one of the global portfolio. Its expression is

given by the following proposition:

Proposition 15 Converity adjustment

The value at time t = 0 of the portfolio denoted by P is given by

" f
P 1 h (yo) £\? 2
= - o°T (5.4)
B(0,T) 2y (y({) ( )
Proof: By means of a change of probability measure, from risk neutral
to forward neutral probability measure, the price P of all the portfolio can be
written as the expected value of the payoff under the forward neutral probability

measure Qr times the zero-coupon bond maturing at the payment time T

P = B(0,T)Eq, ((yr} —y({) +n* (h (;,;) ‘h(yg)))

Using a Taylor expansion up to the second order around the today forward yield,
we get that the payoff of the hedging portfolio at time T" can be expressed as a
simple function of the difference between the forward yield at time T : y{, and
the today value of the forward yield y({ .

(1) - (o) = (v — k) (ud) +5 (v~ )" " () +o (o - 8))

we can assume that the difference between the value at time T of the forward
yield ya': and its today value yg is small since the forward yield at time T" should

be close to its initial value. The total value of the portfolio can therefore be
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expressed as a quadratic function of the difference between the value at time T

of the forward yield y{, and its today value y({

P=B(0,T)Eq, [(y;, — yg) (1 +nh' (y{;)) + %n ('y{" - yb')zh” (yﬁf)]

To eliminate the first order risk (role of our hedging strategy), the quantity of the
hedging portfolio should exactly offset the variation of the forward contract(up

to first order):
1

The quantity n is positive and confirms that the second component of the global

n=—

portfolio is a hedge against the variation of the first one. The value of the
global portfolio is therefore coming only from the second order risk or gamma

risk. Getting all the deterministic terms out of the expectation sign leads to the

¥ (u)

pP= —%B (0,T) -hl—(-—)EQT [(y:ﬁ - y({)2]

following expression:

v

Using the strong assumption (5.3) about the pseudo ”volatility” o, we get that
the price of the total portfolio can be expressed as a function of the today value

of the forward yield y{; and the parameter of ”volatility” o

e
P= —%B (0,T) ’; 8;)) (y{,;)?aT

which is exactly the result (5.4).0

5.3 Calculating the convexity adjustment

In this section, we show how to derive the convexity adjustment required when
assuming a time-dependent volatility, an assumption similar to the Black model.
The difference between our model and the Black model lies in the fact that in

our model, the drift term is supposed to be stochastic. However, when we take
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a deterministic approximation of our drift term, our model becomes a standard
Black model.

Our proof is based on the martingale theory. We obtain that the martingale
condition implies a strong condition on the drift term of the forward yield.
Making approximations, we obtain as a particular case (when the volatility is
constant) the well-known formula for the convexity adjustment (5.1), obtained
by Brotherton-Ratcliffe and Iben (1993) and later by Hull (1997). However, the
motivation of this approach is to specify the error of the approximation. Monte

Carlo simulations prove that the error is relatively small.

5.3.1 Pricing framework

We consider a continuous trading economy with a limited trading horizon [0, 7]
for a fixed 7 > 0. The uncertainty in the economy is characterized by the proba-
bility space (£2, F, Q) where  is the state space, F' is the c—algebra representing
measurable events, and @ is the risk neutral probability measure uniquely de-
fined in complete markets (Harrison, Kreps (1979) and Harrison, Pliska (1981)).
We assume that information evolves according to the augmented right continu-
ous complete filtration {F;,t € [0, 7]} generated by a standard one-dimensional
Wiener Process (Wi),cpo, -

We assume as well that the price at time ¢ of the bond can be defined as a
function h (.) of the bond yield at time ¢, (y{ ) rr h (y{ ) . The two stochastic
variables (ytf )KT, (h (ytf ))KT are supposed to be adapted to the information
structure (F3),c(o,) - We examine a bond security whose payoff is paid at time
T. Following the work of El Karoui et al. (1995), the no-arbitrage condition
and the markets’ completeness assumption enable us to define a unique forward
neutral probability measure Qr, under which the price h (ytf ) is a martingale.
Under this probability measure Qr, the volatility of the forward yield rate g is

supposed to have a deterministic volatility function depending only on the time,
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leading to the following diffusion:
y—?iff = p,dt + o dW,;
where the drift term is stochastic. Since the volatility is supposed to be a de-
terministic function of time, this is sometimes referred to as the *Black” pricing
model. However, the drift is stochastic. It is therefore different from the stan-
dard Black model where the drift is deterministic. We denote the zero coupon
bond price at time t, maturing at time T > t by B (t,T). The following theorem
gives us the necessary condition on the drift term for the price A (y{ ) to be a

martingale.

5.3.2 Convexity adjustment formula

Theorem 3 Convezity Adjustment formula
Under the hypotheses mentioned above, the drift term should satisfy the following

nonarbitrage condition
lh ( ) o? y:
be=——"—" 7N (5.5)
v ()
Proof: Ito lemma gives

dh(y{)=h'(y{)y{dtdm [ h( )l‘t‘}‘zh Ut?!t

Under the forward neutral probability (X, the price of the bond A (y ) is a

martingale. This implies that the drift term ytf B (y, ) e + ( ) (atyt)
should be equal to zero, which leads to the necessary condltlon (5.5).0

We take the following definition of the convexity adjustment:

Definition 2 The convezity adjustment is defined as the difference between the
expected yield under the forward neutral probability measure and the forward
yield, leading to the ezact but non-explicit formula:

Eo, (v}/Fo) — (5.6)
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The above definition provides us with an exact but not tractable formula of
the convexity adjustment. Assuming that the drift term can be approximated
by its value with the forward yield equal to the today forward yield yg , we get

a closed and tractable formula given the following theorem:

Theorem 4 Under the assumptions above, we can prove that the convezity ad-

justment for the expected bond yield can be approzimated by

_.% il v{ yg :‘ odt
!
yle ™" é”"g -1 (5.7)

where W (y({ ) and h" (y({ ) denote the first and second derivatives of the bond
price with respect to its yield y taken at the point yg .

Proof: Calculating the expected yield under the forward neutral probability
gives:

EQT (?/%/Fo) = EQT (y({e '}.("t—%"g)dt‘*‘fg‘ﬂdwt)

. (4l
And using that p, — o7 ~ —%ﬁ,&%ygaf — 107 leads to

R f T
17 \% _
Eqr (yi/Fo) ~yfexp | =5 ( f) % / apdt
! 0
¥ (8)
Consequently, using its definition (2), the convexity adjustment is given by the
final result (5.7).00

An approximation of the theorem formula is then given by a Taylor ex-
pansion of the exponential up to the first order, leading to an extension, to

time-dependent volatility, of the formula of Iben (1993)

1# (1) )’ /0 T2 (5.8)

2w (y)

Corollary 6 Black Scholes formula

When the volatility is constant, the converity adjustment derived here leads ez-
actly to the one obtained by Brotherton-Ratcliffe and Iben (1993) and later by
Hull (1997)
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Proof: Using the approximation formula (5.8) with a constant volatility

leads to the result.[J

The calculation in the proof relies in the fact that the drift term u, can be
approximated by the initial deterministic value equal to %?iﬁ. This im-
plies two interesting remarks. First, it means that the Black Sgholes convexity
adjustment used by markets is a very rough approximation formula when as-
suming a deterministic volatility. One assumes that the stochastic drift term
is indeed deterministic. Second, this approximation is highly depending on the
initial value of the forward yield rate y[j; . If this forward yield rate is unstable,
it might be more appropriate to use the historical average of past observations.

We can now specify the error term as the difference between our closed

formula (5.7) and the formula (5.6). We can see that in the difference, the two

terms, y,{ simplify each other, leading to an error term given by:

w(v§ T
7 V({fo oidt
Ay,

0

Wl

Eor |4 elo (m—302)de+ [T aedWe _
Using a change of probability measure (Girsanov theorem), we can see that this
expression is, under a probability measure denoted by é, the difference between
two terms, where the Radon Nykodim derivative of é with respect to Qr is
given by elo oxdWe—3 Ji" otdt Using the Taylor-Lagraflge theorem, we get that
there exists a parameter 6; between 0 and ¢ so that this difference of terms
can be expressed as the difference between the two rates y; and y({ times the

derivatives of the exponential:

-y ih";.z'yéﬂ)ng““a? dt T f f f
Ej y{; e (N / g (yot) dt (yt —yo)
0

,]_'_h” (y) y
2" =52 with
Wy

respect to y. To go further, we need to be more specific on the function h.

where the function g () denotes the derivatives of the function

This implies of course to specify more the diffusion equation of y. Without
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any further information, nothing very specific can be derived on the error term.

Another way to measure the error term is by means of Monte Carlo simulations.

5.3.3 Monte Carlo simulations of the error

In the previous section, we have assumed that the forward yield rate ytf can be
approximated by the today value of the forward yield y(’; . In this subsection,
we analyze, by means of Monte-Carlo simulations how big this error is in this
approximation. We consider a derivative that provides the payoff equal to the
one-year zero coupon rate in 7" years multiplied by a principal of 100. For the
simplicity of the simulation, we take a constant volatility (o = o) equal to 20 %
and a forward rate of 10%. Since our bond is a one year zero coupon, its payoff
is equal to the discounted value of its unique coupon.

1

h(y)=m

The no-arbitrage condition (5.5) implies that the yield should have the following

diffusion ; 'f
d 2
= TV gy oaw,
Y 1+

with the initial value ytf = yg . The aim of the Monte Carlo simulation is to
examine the quality of the approximation done for the convexity adjustment.
We compute the expected yield E? [yr] which is called theoretical yield in table
5.1 (calculated with a Sobol sequence Quasi-Monte Carlo with 20,000 draws)
and compare it to the approximated formula for the convexity adjustment

M ] ! 2 4
-2 Yo T —97” a?T
y‘{e 2 ﬂg o — f el+yo

0

The results are given in table 5.1. These are simulations for different value of the
expiry time T : 3, 5 and 10 years. It means that our derivative asset is paying
the one-year zero-coupon rate determined at time T and paid at time T". The
price of this derivative is therefore the forward rate with a convexity adjustment

times the principal 100 discounted by the zero coupon bond maturing at time 7.
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Time Approached Theoretical Approached Theoretical
T yield yield (MC) Price Price (MC)
3 10.1097 10.1099 7.59556 7.59572
5 10.1835 10.1844 6.32314 6.32373
10 10.3703 10.3888 4.83783 4.84646

Table 5.1: Results of the simulation for the expected rate. The simulations show

that the rough approximation is quite valid.

The results show that the approximation is quite efficient and can therefore been
used as a good estimator of the convexity adjustment required for the derivatives

concerned.

5.4 CMS rate

5.4.1 Introduction

The CMS rate is the rate of a contract that pays only once the swap rate.
Because a regular swap rate should be paid during the whole period, this product
includes a modified schedule. The swap price is a convex function of the swap
rate. Therefore, as explained in the first section, the expected swap rate should
not be equal to the forward swap rate. The difference should be positive because
of the convexity of the function.

This result can be proved in a very basic way. We want to calculate the
expected value of an annual swap rate assumed to have n payments at date
T + i with 2 = 1...n. Let us denote by y({ the forward swap rate, and by y{ the
swap rate at time £. A useful relationship between a receiver swap price with a
fixed rate equal to the forward swap rate and the swap rate is the following: the

receiver swap price, Pgyap, is equal to the difference between the forward swap
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rate and the swap rate times the swap sensitivity.
Psuep (1) = Y B(&,T+1) (1 - ) (5.9)
i=0
Therefore, introducing this quantity, we get that the expected swap rate can be
calculated as:

i B(T,T +14) (yé -~ y:ﬁ)

fl = —
Eqr [yT] = Eqr :;0 B (T, T + ‘L) + yg

Knowing that the swap sensitivity Y ., B (¢, T + i) is positively correlated with
the receiver swap price Y ., B (t,T + 1) (yg —yf ) for every time ¢, we get that
the two variables, the opposite of the inverse of the sensitivity of the swap
_m and the receiver swap > . o B (T, T + 1) (y({ - y%) are positively
correlated. A simple result is that when two stochastic variables X; and X, are

positively correlated, the expectation of their product is bigger than the product

of their expectation
E [X1X,] > E[X;] E[X,]

In the case of a strictly positive correlation, the inequality is strict. Since the
forward swap is exactly at the money (fixed rate equal to the forward rate), its
expected value should be equal to zero. This leads to the final result that the

expected swap rate should be higher than the corresponding forward swap:

Eq, ['yT] > y({

5.4.2 Hedging strategy

The hedging point of view is interesting as well. If an investor who is long a
CMS rate hedges it like a forward swap rate, he will make almost surely profit.
Let us show how to make an arbitrage in this situation. The hedging strategy
should cost today exactly the discounted swap rate yg B(0,T).

Take the following strategy. An investor is long a CMS rate which maturity

is denoted by T', with an underlying swap rate of an n years maturity. He hedges
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it as if the CMS contract were giving him the forward swap rate. A hedging

strategy is to replicate synthetically the forward swap rate:

e be long the corresponding forward receiver swap with an amount equal to

. s e o 1 .
the inverse of the forward swap sensitivity ST By BT with a fixed
rate equal to the forward swap rate. Since the receiver swap has its fixed

rate equal to the forward rate, the value today of this swap is 0.

e be short at the same time a risk-free zero coupon bond maturing at time T’
with an investment amount equal to the forward swap rate y(’; . The value

of this zero coupon bond is today y; !B (0,7).

We verify that the today’s hedge cost is the discounted forward swap rate
y{; B(0,T). Let us now examine our total portfolio. It is long a CMS rate, long a
forward receiver swap, short a zero coupon. The total value Il of the portfolio

at time T is:

Iy = [(y% - y({) ty Eziurl; g‘)T + z)]]

using again the useful relationship between swap price and swap rate (5.9), we

- [ )+ [ el

Using the fact that being short the receiver swap is equivalent to being the

get

corresponding payer swap, the first position is exactly long a stochastic amount
YITBI(TW*') of a payer swap. Denoting by Pp_gwaep(T") the price of the payer
swap, we get that our total portfolio can be decomposed into two sub-portfolios:

e portfolio 1: the sum of the CMS rate and the zero coupon bond times the
forward swap rate. Its value at time T is equal to a payer swap Pp_gyap (T)

with a stochastic amount m

e portfolio 2: the forward receiver swap with an amount equal to the inverse

of the forward swap sensitivity =g 1B(T -
T ¥

i=1
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Let us examine different scenarios for the interest rates.

o If the swap rate realized at time T is exactly the forward swap rate, the

two portfolios have zero value.

e If the swap rate y% is above the forward swap rate —yg , the portfolio
1 increases because of two things. First, this is because the payer swap
ends in the money. Second, it increases as well because the sensitivity
of the swap has decreased. This is in turn equivalent to an increase of
the inverse of the swap sensitivity. In contrast, the portfolio 2 decreases
only because the receiver swap ends out of the money. This offsets only
the profit realized on the payer swap. Therefore, in this case, the total

portfolio will increase.

e If the swap rate is below the forward swap rate, the payer swap ends out
of the money whereas the receiver swap ends in the money by the same
amount. However, the loss on the payer swap of the portfolio 1 is offset
by the decrease of the inverse of the swap sensitivity, leading again, to a

positive value for the total portfolio.

As a conclusion, we can see that whenever the swap rate is above or below
the forward swap rate, our total portfolio ends in the money. This positive value
is due to the convexity effect. We see on this example that the static hedge does
not hedge against the convexity term. Since this effect is depending obviously
on the importance of the move between the swap rate and the forward one, in
either directions, this should be related somehow to the volatility. A hedging
strategy against the convexity term should therefore have a volatility component.
This can be done with options like swaptions. However, since swaptions are not
perfect substitute for the convexity term, the hedge needs to be re-evaluated
dynamically. Many questions remain unanswered. Which option should one
take and more specifically which option maturity and strike should one choose?

These questions are depending mainly on the market type.
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5.4.3 Pricing CMS rate

The price of a bond that gives the forward swap rate at each coupon date, and

with no principal exchanged at the end of the swap is given by

F_, ,_F
(1+y)" 1+y)™

This leads to the following calculation for the convexity adjustment denoted by

C A (equation (5.8))

h(y) =

N+ )T —LErm+ o+ T+ ) T
CA=1( 1+1) Yawd)™ ( : (140g) ™ (yf)szazdt
2 Tl_-_F'_Tﬁ+"-+Tn—-—F‘_7‘m 0 0 ¢
(14) ™ (1+58)

This shows us that it is only because of some volatility on the swap rate that
the CMS rate is different from the forward swap rate. Our result shows that the

influence of the volatility is linear in the volatility of the whole process j;)T o2dt.

5.5 Conclusion

In this chapter, we have seen that using martingale theory enables us to give a
more robust proof of the convexity adjustment formula in the Black framework.

Looking for a definition of convexity, we classified the convexity adjustments
into two categories: a correlation convexity, futures versus forward contracts a.nd
a modified schedule convexity, mainly the rest of the convexity adjustments. We
explain on a static hedge the origin of the convexity. We derive convexity adjust-
ment from a no-arbitrage proposition implied by a martingale condition. This
enables us to give a definition of the convexity adjustment, with no approx-
imation. Then making approximation, we show how to get a tractable closed
formula, which encompassed previous results. We specify the error term between
the approximated closed formula and the exact but non-explicit formula. We
show that under certain cohditions, this error term can be bounded by a "mod-

ified” Laplace Transform of the yield variable. Monte Carlo simulations show
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that the error is relatively small. One can consider the approximate formula a
good estimate of the convexity adjustment.

There are many possible extensions to this chapter. The first one is to relax
the hypothesis of a Black diffusion. This is more in agreement with the use
of term structure models by financial institutions. However, the problem turns
to be non-linear and complex. Its solving requires sophisticated approximation
techniques like Wiener chaos, Cramers-Moyal expansion or the theory of stochas-
tic perturbation (see Benhamou (2000b) reprinted as chapter 6 for a discussion
and a solution by means of Wiener Chaos). A second development concerns the
pricing of in-arrear derivatives. These derivatives are well-known for their con-
vexity component. An approximate pricing can be obtained by using forward
rates modified by the correct convexity adjustment, as explained in this chapter.
Another extension to this work should be to compare the no-arbitrage dynamic
approach with hedging models like the one developed by Besseminder (1991)
and Neuberger (1999) among others. Last but not least, the same methodology
. could be applied to the convexity adjustment of futures against forward con-
tracts, fact that has been studied empirically by French (1983), Park and Chen
© (1985) and Viswanath (1989) and that is still little explored.



Chapter 6

Pricing Convexity Adjustment

with Wiener Chaos

Summary of the chapter

This chapter presents an approximated formula for the convexity adjustment of Con-
stant Maturity Swap rates, using Wiener Chaos expansion, for multi-factor lognormal
zero-coupon models. We derive closed formulae for CMS bonds and swaps and apply
these results to various well-known one-factor models (Ho and Lee (1986), Amin and
Jarrow (1992), Hull and White (1990), Mercurio and Moraleda (1996)). Quasi Monte
Carlo simulations confirm the efficiency of the approximation. Its precision relies on

the importance of second and higher order terms.

133
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6.1 Introduction

Due to the main role of interest rates swap rates in the determination of long term
rates, it has been of great relevance to develop exotic options that incorporate
swap rates. This has led to new products that use the rate of a Constant
Maturity Swap (CMS) as an underlying rate. These are very diverse, ranging
from CMS swaps and bonds to more complicated ones like CMS swaptions, caps
and other traditional exotic fixed income derivatives. These CMS derivatives
are tailored instruments for trading the steepening or flattening of the yield
curve, since one receives/pays, in the future, the swap rate (long term rate) and
finances/borrows himself/herself with money market rates (short term rates).
Even if there are other products for a trade on the steepening or flattening of
the yield curve, like in-arrear derivatives, CMS derivatives have become more
popular because they are more leveraged than their competitor derivatives and
correspond to long duration investment.

A main limitation for pricing and hedging these derivatives has been the
inability to get closed formula within a standard term-structure yield curve
model. Usually, practitioners compare the CMS rate with the forward swap rate
of the same maturity. Since in the CMS case, the investor pays/receives the
swap rate only once, whereas in the case of the forward swap, during the whole
life of the swap, this modified schedule leads to a difference between the two
rates, classically called convexity adjustment. The term convexity refers to the
convexity of a receiver swap prices with respect to the swap rate. Traditionally,
this adjustment is calculated assuming that swap rates behave according to the
Black Scholes (1973) hypotheses.

There has been extensive research for the so called Black Scholes convex-
ity adjustment. Brotherton-Ratcliffe and Iben (1993) first derived an analytic
approximation for the convexity adjustment in the case of bond yield. Other
works completed the initial formula: Hull (1997) (extension to swap rates), Hart

(1997) (better precision approximation), Kirikos and al (1997) (extension to a
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Hull and White yield curve) and recently Benhamou (1999) (estimation of the
approximation error).

However, when assuming that interest rates follow a diffusion process dif-
ferent from the Black-Scholes and Hull and White’s ones, using the convexity
adjustment in the Black Scholes setting is irrelevant. Indeed, since nowadays,
almost all financial institutions rely on more realistic multi-factor term-structure
models, the traditional formula looks old-fashioned and inappropriate. In this
chapter, we offer a solution to this problem. Using approximations based on
Wiener Chaos expansion, we provide an approximated formula for the convex-
ity adjustment when assuming a multi-factor lognormal zero coupon model
(Heath Jarrow hypotheses). This is consistent with most common term struc-
ture models.

The remainder of this chapter is organized as follows. In section 2, we explain
the intuition of the convexity adjustment as well as the products based on CMS
rates. In section 3, we give explicit formulae of a coupon paying a CMS rate
when assuming a lognormal zero coupon bond model. In section 4, we explicit
formulae for different term-structure models and compare the closed form results
with the ones given by a Quasi Monte Carlo method. We conclude briefly in
section 5. In appendix (section E.3 page 185), some key results on Wiener chaos

expansion are presented as well as the proof of the approximation’s theorem.

6.2 Convexity: intuition and CMS products

In this section, we explain intuitively the nature of the convexity adjustment as

well as the CMS products.

6.2.1 Convexity of Swap rates

In the modern derivatives industry, two risks have emerged as intriguing and

challenging for the management and control of secondary market risk: for equity
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Receiver Swap Price ¥f Forward
Swap Rate

Ye Expected
Swap Rate

Swap Rate

Figure 6.1: Convexity of the swap rate. In this graphic, we see that the convexity
ofthe receiver swap price with respect to the swap rate leads to a higher expected

swap rate than the forward swap rate, corresponding to a zero swap price.

derivatives, it has been the volatility smile and for fixed income derivatives, the
convexity adjustment. Taking correctly these effects into account can provide
competitive advantage for financial institutions.

Our chapter focuses on swap rates. Since the receiver swap price is a convex
function of the swap rate, it is not correct to say that the expected swap is equal
to the forward swap rate, defined as the rate at which the forward swap has zero

value. This can be seen with the figure 6.1.

6.2.2 CMS derivatives

Since their early creation in 1981, interest rates swap contracts have grown
very rapidly. The swap market represents now hundreds of billions of dollars
each year. Reasons given to justify the existence of swaps range from market
misperceptions, rationing and taxes (Bicksler and Chen (1986)) to agency prob-
lems (Wall and Pringle (1989)) and signalling (Titman (1992)). Subsequently,
investors have been and are potentially looking for new instruments to risk-
manage and hedge their positions as well as to speculate on the steepening or
flattening of the yield curve. Indeed, the main interest of investors has turned

out to be speculation. Even if other products like in-arrear derivatives enable
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to trade the flattening or the steepening of the yield curve, CMS derivatives are
of particular interest since they are highly leveraged.

CMS derivatives are called CMS because they use a Constant Maturity Swap
rate as the underlying rate. They are very diverse ranging from CMS swaps,
CMS bonds to CMS swaptions and all other types of CMS exotics. Two major
products are mainly traded over the counter: CMS swap and CMS bond. Logi-
cally, a CMS swap is an agreement to exchange a fixed rate for a swap rate, the
latter referring to a swap of constant maturity. Assuming that our CMS swap
starts in five years, is annual and is based on a swap rate of five year maturity,
this typical contract will be the following: in ﬁvé years, the investor will receive
the swap rate of the swap starting in five years from today maturing in ten years.
The investor will pay in return a fixed rate agreed in advance in the contract.
One year later, that is in six years from today, the investor will receive the swap
rate of the swap starting this time in six years from today maturing in eleven
years. Again, the investor will pay the fixed rate. We see that at each payment,
the investor receives a swap rate of a different swap. All the swap have in com-
mon to be settled at the date of the payment and to have the same maturity. A
CMS bond is very similar to a CMS swap. It is a bond with coupons paying a
swap rate of constant maturity. Therefore a CMS bond is exactly equal to the
swap leg paying the swap rate. Since the swap leg paying the swap rate can be
decomposed into each different payment, to price the CMS swap or CMS bond,
we only need to price one payment of a swap rate. The value of a swap rate paid
only once is called CMS rate value. The difference in value between the forward
swap rate and this CMS rate is called the convexity adjustment.

Indeed, other CMS derivatives can be priced using forward rates increased
by the convexity adjustment. The rest of the chapter will concentrate on the
pricing of the CMS rate. Knowing these rates, one can use them to plug it into

derivatives pricing formula to get an approached value of the CMS derivatives.
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6.2.3 CMT bond and CMS swap

We consider a continuous trading economy with a trading interval [0, 7] for a
fixed 7 > 0. The uncertainty in the economy is characterized by the probability
space (2, F, Q) where Q is the state space, F is the o—algebra representing mea-
surable events, and @ is the risk neutral probability measure uniquely defined in
complete markets with no-arbitrage (Harrison, Kreps(1979) and Harrison, Pliska
(1981)). We assume that information evolves according to the augmented right
continuous complete filtration {F;,¢ € [0,7]} generated by a standard (initial-
ized at zero) k—dimensional Wiener Process (or Brownian motion). Let (r¢),,
be the continuous spot rate, B(t,T),, 1., the price at time ¢ of a default-free
forward zero coupon maturing at time T and (yr)y., the swap rate at time T
These three stochastic variables are supposed to be adapted to the information
structure (Ft);e(o. -

Referring to each coupon by the subscript variable i, the i coupon of a CMS
bond pays the swap rate yr;, with a constant maturity specified in the contract,
determined at a fixing date T; often equal (eventually prior) to the payment date
T?F. Therefore, the coupon value at time 77 is the swap rate times the nominal
yr, N while, at the fixing time, it is this value discounted by the forward zero
coupon : B(T;,T7)yr,N. Assuming the no-arbitrage condition in a complete
market, the value of one coupon C; at time zero is obtained as the expectation

under the risk neutral probability measure Q of the discounted payoff:
Ci=Eq [ " "B (T, T¥) yr.N | (6.1)

The total value at time zero of a N-nominal bond with m coupons with value at
time zero (C;);_, ., With payment dates (T}),_; ,., provided that the nominal
N is paid at the end date T2, is given by:
CMS_Bond=» Ci+ N B(0,T%) (6.2)
i=1
In an interest rate CMS receiver swap, the fixed rate is received and the Constant

Maturity Swap rate is paid. The different payment dates are also noted 17, ... T%,.
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The fixed leg valuation is easy. Its total value, denoted by Vp, is equal to the
sum of all the discounted cash flows equal to the fixed rate Ry;zeq:

Ve =) RyizeaB (0, T7)

i=1

The fixing dates for the swap rates are denoted by 771, ...T;,. The CMS leg can
be valuated as the sum of all the different coupons with value at time T;, yr,
and paid at time T7. Its total value as of ¢ = 0, denoted by Vpus, is the sum of
individual swap rate coupons:

Vows =Y Eq [ "B (T, T7) yn (63)

i=1

The price of the CMS swap is the difference of price between the two legs:
Vr —Vous for a receiver CMS swap and the opposite for a payer CMS swap. As
a consequence, the rate Rcars_swap, called the CMS swap rate, is the one which
makes the value of the two legs equal:

_ Vems
RCMS.swap = Z:y;l B (0’ T;p) (64)

The term of the denominator is classically called the sensitivity of the swap. The
CMS swap rate is consequently the value of the CMS leg over the sensitivity of
the swap.

As a conclusion of this subsection, CMS swap or _CMS bonds are valued
exactly with the same procedure. One needs to determine the exact value of a
coupon paying the CMS rate. To calculate explicitly these quantities, we need

to specify our interest rate model.

6.3 Calculating the convexity adjustment

In this section, we explain how to price the convexity adjustment with an ap-
proximated formula based on a Wiener Chaos expansion. Indeed, techniques

based on perturbation theory or Kramers Moyal expansion could have also been
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used. Moreover, a recursive use of the Ito lemma gives exactly the same re-
sults. However, the framework given by Wiener Chaos expansion is much more

powerful and leads to a straightforward calculation instead of very tedious ones.

6.3.1 Pricing framework

We assume that default-free zero coupon bonds are modelled by a lognormal k-
multi-factor model, with a k-dimensional deterministic volatility vector denoted
by V(¢,T) = (v (t,T),..., v (¢, T))l verifying the Novikov condition VT <
7, e3folV(sDI’ds « 45 This enables us to use probability measure change
since this condition is sufficient for the Girsanov theorem. The default-free T—
maturity zero coupon bond price at time ¢ is denoted by B (¢, T') and it is defined
as the unique strong solution of the stochastic differential equation given under

the risk neutral probability @) by:
%ﬁ’;;) =rdt+(V (¢,T),dW;) (6.5)
with (V (¢, T),dW;) = 3, vk (¢, T) dWF. The initial condition expresses that at
‘maturity, the zero coupon bond is equal to the unity coupon B (T, T) = 1. Using
traditional results (El-Karoui et al(1995)), we can define the forward neutral
probability at time ¢, Q' either by means of its Radon Nykodym derivatives
with respect to the risk neutral probability measure or by the fact that d’VV: =
dW, — V (s,t) ds is a standard Brownian motion under Q. We get that under
this new probability measure, the bond price solution of the equation (6.5) can
be written as a normalized Doleans martingale times the value of the forward
zero coupon bond at time zero:
B(@,T)= 913((()0_:::;)6!; (VD) VET) L [IVED-VEl)s g6
To price a CMS swap/bonci, we need to determine the value of one coupon,
knowing that the total value of the swap/bond is the sum of the individual swap

coupons. The core of the pricing problem is to determine the value at time zero,
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ITg, of a contingent claim that at a payment time T, gives the swap rate yr fixed
at time T, of a vanilla interest rate swap. The underlying interest rate swap has
n equally separated payment dates : T}, ...T;,. We ignore the issue of credit risk
for valuating interest rate swap as described in Cooper and Mello (1991) and
Duffie and Huang (1994). As proved for example in Musiela Ruttkowski(1997)
page 389 equation (16.4)) the no-arbitrage condition gives a simple expression
of the swap rate yr with respect to the zero coupon bonds (B (T, T;));_o

_ B (T7 TO) —B (Ta Tn)
T YL BT

We then adopt the following definition of the CMS rate:

(6.7)

Definition 3 The CMS rate is the expected value under the forward risk neutral
probability measure at the payment time T' of the swap rate yr

CMS_Rate =E,_ (yr) (6.8)

When the payment date TP is different from the fizing date T, the above formula
is modified in CMS_Rate = E,_, (vry)

The guiding idea of the chapter is to obtain an approximate formula for the
expression above, by means of Wiener Chaos expansion. Let us introduce some
notation. We call By, the forward zero coupon bond:

B(0,T))

" B(0,T)
Let the forward volatility VT be the volatility of a T'—forward zero coupon

maturing at time T;:

VIR =V (s, T:) - V (5,T)
Let C(T;,T;) denote the (symmetric) correlation term between the return of
the zero coupon bonds (mathematically between the logarithm of zero coupon

bonds)
T
CTT) = [ (Vi vm) ds
0
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and K the sensitivity of the forward swap defined as the sum of the forward zero

coupon bonds K = Br,.

Definition 4 Converity adjustment C A is the difference between the CMS rate
and the value today of the forward swap rate:

CA = CMS rate — yforward (6.9)

The value today of the forward swap rate is given by the equation (6.7) with

the time considered being zero leading to yforwerd = Bny—Brn ,;BT" .

6.3.2 Closed formulae

The chapter’s main result is the following approximation theorem. By means
of approximations based on Wiener chaos, we can get a closed formula for the

CMS rate.

Theorem 5 Under the above assumptions, the convezity adjustment denoted
CA can be expressed as a sum of correlation terms, plus an error term expressed

with Landau notation as an O (||V, (,.)||*)-

2?:1 BT,- (BTn C(T" :Tﬂ)—BTo C(T'l ,TO ))
K2 .

~
4= 45821 Br, Br, C(T3.T3) +0 (IVa (5 II) (6.10)
+yforwar id= ,Kz_,,

Proof: see section E.3 page 185.00

This theorem shows us that the convexity adjustment on a swap rate is
a simple function of correlation terms. Interestingly, it is a linear function
of the forward swap rate y/*“™¢. The terms Br,Br,C (T;,T,) (respectively
Br,Br,C (T}, Tp)) can be interpreted as the convexity adjustment between the
zero coupon bonds B (T, T;) and B (T,T;,) (respectively B (T, T;) and B (T, Tp))

as the following proof states:
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Proposition 16 The convezity adjustment C A between two zero coupons bonds

can be expressed in terms of the correlation term through:

CA = E°[B(T,T.) B(T,T;) - E% [B(T,T:)|E*" [B(T,T;)] (6.11)
= BpBr,C(T,T;) + O (IV. (, )II*)

Proof: Plugging in the expression of the zero coupon bond (6.6), the con-

)d.s
-1

Using the fact that eJo (F@aWa) =3 [ (15" )ds g o martingale for any determinis-

t ‘G(T-Ti),v'.(T’Ti) d.
tic function f (.) , this expression simplifies to Br, Br; ef°< > ‘-1 ,

vexity adjustment can is given by:

f(:<V.(T'T")+V,(T'TB),d’ﬁ7,> _% fot (l V,(T'Tj)

2
V’(T'Ti) +

CA = BT'.BE.EQT e

which leads to the result (6.11) when taking a Taylor expansion up to the first
order.(J

Corollary 7 When the underlying CMS swap is a spot CMS swap; then: T =Ty
and the formula simplifies to

BTn Z?:l BTi C(T‘UT")
K2
CA = 6.12
+y.f orward 2:.7'=1 BT}(B; T; C(T:,T5) ( )

Proof: When the CMS swap is a spot CMS swap, the correlation term
C (T, T) (convexity term due to the fact that we have a forward swap) becomes
zero.[]

In this latter case, equation (6.12), the convexity adjustment is always pos-
itive. This result can be easily derived within an elementary term structure
model (since we notice that the rate of a forward bond should always be above
the forward rate). Put another way, for this CMS, it is pure convexity.

The previous results are approximation formulae. Specifying the error term
as the difference between the intractable expression of the convexity adjust-

ment and the closed formula obtained by Wiener Chaos, we can stipulate an
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upper bound for the error term. Indeed, using Wiener Chaos expansion, we

conclude that the error term is dominated by the following quantity O3 =
a1)||? T@.1)||? 12 .
o L1<32<33<T| Ve ” ”V33 w ” ds;...dss3 . This indicates that our

approximation is all the more efficient than the volatility is small.

6.3.3 Extension

It turns out that some CMS rates present a delayed adjustment. This case is
more complicated to handle. However, the same methodology gives a closed

formula for the price.

Theorem 6 In the case of a payment date TP different from the fixring time
T, the above expression gets additional terms due to delayed adjustment. The

converity adjustment is then given by:
11 Br, (Br C(%3,Tn)— B, C(T:,T0))
K2

CA= n 6.13
+y.f orward ( Y%j=1 Br; Br; (CI‘((?,’-'}-)—C(Te,T"))) ( )

Proof: The proof goes along the same lines as the one of theorem (5) and

can be done using thee same techniques. (J

Corollary 8 The converity adjustment can also be expressed as:

Br, (C(T;,T,) - C(T;, T3) + C (T3, T7))

Z?,j:l Br, Br,

CA= = (6.14)

The interpretation is simple. This formula expresses the convexity adjust-
ment as the difference of correlation terms. Since these terms are small, this
suggests already that the convexity adjustment is small. This a posteriori jus-
tifies our approximate method where we truncate the Wiener Chaos expansion

after the second order. Indeed, the theoretical justification of this truncation
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can be found as well in the theorem of Pawula which states that a positive tran-
sition probability, the Kramers-Moyal expansion (similar to the Wiener Chaos
one) may be stopped either after the first term or after the second term. If it
does not stop after the second term, it must contain an infinite number of terms.

For the interpretation of this convexity adjustment, we assume that the
correlation term C (T;,Tj;) is an increasing function of both 7; and T;. Let
us assume that the payment date T? is prior to the payment dates of the
underlying swap (7;),_, ,,, i.e.,, T; > TP for every i. Consequently, the first
term in the right hand side of equation (6.13) yfo“27S, of the same sign as
>ie1 Br,Br; (C (T3, T;) — C (T3, T?)) is positive. The other term is closely con-
nected to the sign of

S By, (Br, (C (T To) — (T, T,)) — By, (C(T Ty) — C (T%, Ty))

i=1
This leads to think that this expression, expressed as a difference, should be
relatively small and in many cases, smaller than the first correction term. In
the case it is non positive, it should be slightly negative. This result is of great
significance since it states that under non-classical conditions, the expected swap
rate can be lower than its corresponding forward swap réte, mainly due to a

negative delayed adjustment.

6.4 Application and results
In this section, we apply the formula to different types of stochastic interest rate

models.

6.4.1 Application to different models

In this section, we apply our closed formula to various one-factor interest rates

models. Therefore, for all of them, the number of factors k equals 1.
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Ho and Lee model

Among the early one-factor interest rate term-structure models, the Ho and
Lee (1986) model was originally stated in the form of a binomial tree of bond
prices. After the appearance of the Heath Jarrow Morton formalism, this model
has been rewritten in the form of a diffusion of the zero coupons bonds:

dB(t,T)
i St el A t —

B T) rdt + o (T —t) dW,

It has been observed that the volatility of zero coupons bonds was decreasing
with time. This model assume a linear decrease. The forward volatility as well

as the correlation were consequently taken to be of the form:
VI = o (T; - T)

and C(T;,T;) = o®(T;—=T)(T; ~T)T. The convexity adjustment formula
(6.13) can then be expressed as a function of forward zero coupon and the

volatility:

2 (Z?=1 BTiT(Ti—T'p))(BTn (Tﬂ_T)—BTo (TO'-T'))

convexity = :
\ Br, Br, (Li—T)(T;—T7)T

+yfor-ward0.2 2i.j= .

Amin and Jarrow model

The purpose of the Amin and Jarrow (1992) model was to take into account a
phenomenon called the volatility hump. Basically, the volatility of zero-coupon
bonds is first increasing and then decreasing. Amin and Jarrow offered to model
the volatility as a second order polynomial given by oo (T — t) + alg—;—t—ﬁ. This
leads to the following expression for the zero coupons bonds diffusion

dB (¢t,T)
B(t,T)

2
=rdt + (UQ(T—t)+0'1(T 2t) )dW;

The forward volatility is expressed as a second order polynomial expression of
. - (T.Ty) (@t —(r-1)?]
the different maturities V, =loo(T;:—T)+ 0y 3 whereas the
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correlation term, which is more complicated, is expressed in this particular case

as a sum of four terms:
C(T,\T)=A1+ A+ A3+ Ay

with
Ay=ad(T;~T) (G ~T)T
Ay =000y (-1 § [FG - 7]
Ay =000 (T; - T) § [ =G5 -
As=0} (T~ T) (T: - T) [} (TTT; + 17%))

The convexity is then calculated using the convexity adjustment formula (6.13).

Hull and White model

This model represents a significant breakthrough compared to the Ho&Lee
model. It is a one factor model, extendable to a two-factor or more ones, that
enables both to incorporate deterministic mean-reverting features and to allow
perfect matching of an arbitrary yield curve. It has become very popular among
practitioners since one can derive closed forms for vanilla interest rates deriva-
tives like cap/floor and swaption (one factor version). This implies a quick
calibration. The time-dependent volatility version of this model has been advo-
cated to be unstable and is consequently not used in practice. We will give here
the convexity adjustment for the classic Hull and White (1990) model with a
constant volatility o and constant mean reverting parameter A. In this model,

in its formulation on zero coupons bonds, the latter follow a diffusion given by:

o NT—t)
dB(t,T) _ rydt + ,,l__‘i/\__dwt_

B(t,T)
The volatility structure is realistic since it is decreasing with time. It does
not allow for the hump and this can be seen as the main drawback of this model.

In this case, )
—\(T—t

A

V(.s*,t):al—‘3



CHAPTER 6. WIENER CHAOS AND CONVEXITY. 148

—e %

—AT —AT;
e
o by

and the forward volatility is given by V,.',(T'm = e** whereas the cor-
relation term becomes:
“MT-T) | _ o= MBi=T) | _ ¢~2T

A A 2\

(T, Tj) = o*~—°

It is worth noticing that this model implies a lower correlation between the
different rates than the Ho&Lee model. As for the convexity adjustment, we get
the following formula:

convexity = HW; + HW; with:

—_e—2AT “AMT3=T) [ ~MTP-T)_ —A(T-—T)
Zm—l BT-BTJI = by ( Y - )

HW;[ — 0,2yforward

K?
Z,—l BT. e—22T ( e—A(TP—T);e—A(T,-—T)) ( BT,. l_e—A;T,‘—T) _ BTo -A(TQ—T))
H W2 = 0' 17E
or for the simplified version " = Ty = T?
n —e— —eMTi-T) g
n BT‘.I 23T | _g—A 1__6_)‘(1}_,1,)
HW, = 0,22 =1 2}:’2 A Z BT ( ) yforwa.rd

Jj=1

HW,

o

n _e—2AT —e_A(Tl' —T) .
22,-=1 Br, 1= (1 ! ) 5 1 — e=ATa=T)
K2 g A

Mercurio and Moraléda model

Last but not least, we examine the case of the Mercurio and Moraleda (1996)
model. This model has been introduced like the Amin and Jarrow model to
take into account the volatility hump. Mercurio and Moraleda (1996) suggested
to use a combination of Ho and Lee and Hull and White volatility form to
get another volatility in which the hump would be modelled more realistically
while still analytical tractable. This leads to the following diffusion for the zero
coupons bonds:

dB (t, T) 1 — e MT-Y) 1 — e~ MT-t) (T —¢) e~ NT—1)
B(t,T) ‘d“"( P Y > AW,
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In this particular case, the volatility structure takes the following form: VT

g9(s,T2)+ f(s,T2)

—AT _o—AT;
e —e i
eAs

g9 (3, :I;) =0 X
f (s, T,) = o ((Ti—s)e—A(T;—a);(T_,)e-,\(r_,) + e

—AT_

A
and
C(T;,T;) = Ma1 + Moy + Maz + My

Moy = o2 l-e_A(T-"_T) 1—e~MTi-T) 1_~2T
21 = P ) 2X

M22 = j;)Tf(svT'i)f(s’Tj?') ds
My3 = ,I;)Tg('s)ﬂ)f(qu}) ds
Moy = ﬂ,Tg(b‘,Tj) f(s,T)ds

or after simplifying:

Myp = ¢(T.T;)
My = a(i)B(5)
My = a(j)B(3)

N 21—~ MTi~T)
a(i) = yo?=t5—

Tje'*(Tj'"T) —T 1—e—22T

+ l1—e

A 2 42

:B (-7) = _e—A(T,-—T) 1—e—22T
A2 2\

+1

-X(73-7) AT—14e—2T
)

G_AT" )
—

)

( (l—e_)‘;Ti—T) ) (l—e—k)(\T,-—T) ) (2,\21*2—21',;;,1_6_27-; )

2TA-14e~2T2

% (T.T;) = (o)’

\

The convexity is then calculated using the convexity adjustment formula (6.13)

Te~MTi-T)_7 | 1_e~MTi-T) B —A(T,-—T)
+( e 3 + e A2 ) (1 e 5

TJ_e—A(Tj —T) _r

4)2

2TA—1+e-2T>

(

A

Te~MTHi-T)_

+ l—e_"g"""r) (1—e-"(Ti-T))
pY

A

ne_A(Tj —T) -T

A
-\T;-T)

1—e
+—"—AE—

“+

A
- -,\('13—7')
+e—,\2—

u?

1—e—2TA
2

\

/
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6.4.2 Results for a standard contract

In this section, we gave some results for the case of a Ho and Lee model, a
one factor Hull and White model, and a Mercurio and Moraleda model. We
compared them to the results we got from a Quasi Monte Carlo simulation with
10,000 random draws. The difference between the two was negligible. These
results are summarized in the four tables given in the appendix section: table
E.1, E.2, E.3 and E.4. Interestingly, convexity adjustment differ from one model

to another but all adjustment are approximately the same.

6.5 Conclusion

In this chapter, we have seen that Wiener Chaos theory provides closed formulae
which are very good approximations of the correct result. The interesting point
is that this methodology is quite general and could also be applied to many
other products where the payoff function is a non linear function of lognormal
variables.

Indeed, there are many extensions to this chapter, like the one in deriving
the convexity adjustment b'etween futures and forwards contracts. A second
development, quite promising, is to apply Wiener chaos technique to other option

pricing problems.



General Conclusion and Future

Research

The final word of this dissertation is that these new techniques, Malliavin calcu-
lus and Wiener chaos expansion, have turned out to be extremely powerful for
different pricing problems where no explicit formula could be found. The interest
of the Malliavin calculus theory is that it imposes few restrictions on the payoff
function. Therefore, it can handle very general situations. We have shown in
this dissertation how to use it properly to get very efficient Monte Carlo schemes
for the computation of the Greeks. We have contrasted this approach with a
new numerical technique based on Fast Fourier Transform. The Wiener chaos
expansion theory enables to calculate approxiniations of small perturbations.
We have used it to get accurate pricing formulae for the convexity adjustment.

We conjecture that these methods are going to. be more and more used in thé
coming following years. Many possible developments and extensions have been
already mentioned in the preceding chapters like the extension of the Malliavin
weighted scheme to continuous lookback options, to stochastic interest rate mod-
els, the advanced study of local type Malliavin weighted scheme, the extension

of the Wiener Chaos expansion theory to other type of term structure models.
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Appendix A

Malliavin calculus

This appendix summarizes the main results needed for this dissertation. It is
intended for the reader who is unfamiliar with this domain of stochastic calcu-
lus. A rough idea of Malliavin calculus is that Malliavin calculus is the calculus
of variations in a stochastic framework. Or, comparing with the deterministic
framework, Ito calculus would correspond to the ordinary derivative in infinites-
imal calculus while the Malliavin derivative on Wiener Space to the Frechet
derivative on a function space. This theory was initiated by Malliavin and fur-
ther developed by Stroock, Bismut, Watanabe and 6thers. The original motiva-
tion was to provide a probabilistic proof of Hormander’s sum of squares theorem.
One of the important conclusions is the existence ofrthe adjoint operator of the
Malliavin derivative called the Skorohod integral which has the elegant property
to be an extension of the Ito integral for non adapted process. The great advan-
tage of this theory is also that it allows the formulation of solutions of stochastic
differential equations in those cases where the solution is not adapted to the
Brownian filtration. For further reference see Nualart (1995). All the definitions

and propositions below are taken from this book.
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“A.1 Key Results

Let (2, F, P) be the classical Wiener space which supports a standard d-dimensional
Wiener process (Brownian motion) {W; = (W}, ..., W) ,t € [0, T]}. Let (L([0,T]))*
be the real separable Hilbert space of d-dimensional real functions defined on
[0,T] with squared integrable, with its canonical scalar product (.,.) and its
norm ||| We denote by W the isonormal Gaussian process (Nualart (1995)
definition 1.1.1 pp 4) associated with (L2([0,T]))* and defined as for h element
of

W (k) = (W' (R),..., W (R))

where the sign = stands for a definition with

W (h)

/0 " R,

W7 (h) /0 ) B (t)dW}

where the symbol = stands for a definition We denote by C3°(.) (respectively
C° (.)) the set of infinitely continuously differentiable functions f such that f
and all its partial derivatives have polynomial growth (respectively bounded).

Let S be the set of stochastic functions F' of the form:

F=f( /0 Ba(£)dW, .., [o halt)dW,)

where f belongs to C3° (R™) f(Z11, .., Zd1, s T1ny s Tdn) 80d Ry, ..., hy to
Cg° (L2([0,T])?). D'? designates the Banach space, completion of S with re-

spect to the norm
T
| F ll2= (BF2))Y2 + (E( / (D.F)*dt)*
0

We then have the interesting definition of the Malliavin derivative (Nualart
(1995) definition 1.2.1 pp 24):

Definition 5 The Malliavin derivative of a stochastic function of a type men-

tioned above is the stochastic process {D.F,t € [0,T]} or equivalently the random
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gradient DF = (D'F,...,DNF) given by

R n o f T T
pir=3%"2L f ha(t) AW, ..., / ha(t) dWDhi(t), € [0,T] a.s.
—~ 9z Jo 0

The intuitive idea behind this Frechet derivative in Wiener space is to dif-
ferentiate F' with respect to the chance parameter w € Q.

The two major facts that are heavily used in the present dissertation are the

following ones:

e the integration by parts formula and its link to the Skorohod integral which
turns out to be an extension of the Ito integral (Nualart (1995) Chapter I
1.2, 1.3) and

e the formula of the Malliavin derivative of the solution of a stochastic dif-
ferential equation (Nualart (1995) Chapter II I1.2, I1.3) with respect to its

first variation process.

The integration by parts is closely linked to the Skorohod integral. Indeed,
the adjoint of the closed unbounded linear operator D : D*? — L2 (Q x [0, T])*
is usually denoted by § and is called the Skorohod integral. Its domain Dom (6)
can be characterized as the set of measurable process u € L% (2 x [0,T]) such

~ that there exists a positive constant C for which

E ( /0 ’ DtFutdt) < C(u) |Flha.

for all F € D'2. Then the Skorohod integral for v € Dom (8) is the square-
integrable stochastic variable determined by the duality relation

E(F6(u)) =E ( /0 i DtFutdt) VF € D2 (A.1)

This defines the integration by parts which is at the core of our proof. The
major result concerning the Skorohod integral is its link to the Ito integral.
The Skorohod integral turns out to be an extension of the classical Ito integral

and even it allows the integration of processes that are not necessarily adapted.
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Therefore if u is an adapted process in L2(§2 x [0,T]) then we have (Nualart
(1995) Proposition 1.3.4 pp 41)

6 (u)

I

T
/ Utdm
0

d T . .
= 3 wiam
i=1 70
We have also the classical chain rule useful to the work in hands:

Proposition 17 chain rule (Nualart (1995) Proposition 1.2.2 pp 29)

Let ¢ : R* — R be a function continuously differentiable with bounded
partial derivatives. Suppose that F = (Fy,...,Fy,) is a random vector whose
components belong to the space DV2. Then ¢(F) € D*? and

D,p(F) = Zn: Vip(F) DiF; te[0,T] as.

i=1
The chain rule can be extended with only a Lipschitz condition (Nualart (1995)
Proposition 1.2.3 pp 30) '

Proposition 18 Let F be a Fr-adapted stochastic process of DV2, then Yu €
Dom () -
§ (Fu) = F6 (u) — / DiF u(t) dt
0

The second important fact concerns the Malliavin derivative of the solution

of a stochastic differential equation:

Proposition 19 Derivative of a function being a solution of a Stochastic Dif-

ferential Equation with respect to its initial condition

Let {X;,t € [0,T]} be a vector with value in R" solution of the following
SDE

dX, = b(t, X.).dt +o(t, X,).dW, (A2)
Xo

I

z, zeR"
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or written in the integral form

t t
Xt=x+/ b(s,X,).ds+/ o(s, X,)-dW,
0 0

We also supposed that (), o() are globally Lipschitz functions with linear
growth and continuously differentiable. Then (X,t € [0,T]) belongs to D2
(Nualart (1995) Theorem 2.2.1 pp 102-104) and

t t
DX, = (o(r, X,) +/ Vab(s, X,)D,X,ds+/ Vga(s,X,)D,Xde,) 1<t
Thus (D, X:),s, is a solution of the following Stochastic Differential Equation:
dZ, = <72b(t, X:)Z.dr + Vao(t,Xy)Z:dW; r <t
Zt=,- = O'(’I", .X-,-)

One of the key mathematical Malliavin derivative function for our dissertation
is the derivative function of the process with respect to its initial condition
(useful for the delta and gamma computation).. The derivative of our process
{X:,t € [0,T)} noted {Y; = 2Xt,¢ € [0,T]} with respect to its initial condition

z is a solution of the following SDE :

dY; = v2b(t, Xp)Y: dt + Vao(t, X:)Y: dW,
Yo = I,

where I, is the R™ identity matrix. The interesting link between the two pro-
cesses {X3,t € [0,T)} and {Y;,t € [0,T]} is then given by the following proposi-
tion (Nualart (1995) equation 2.38 page 109)

D,Xt = Y; 1,3—10'(3, X,) 1{,5;}(1.8. (A.3)

(See also Elworthy (1992)). One important consequence is, when o is moreover

hypoelliptic, that for s <¢

Y= DaXt},sa_l(S, Xs)
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that is

T
Y,
Y2=-/0%ds

1 T
= —/ D, X.Y,07}(s, X,)ds
T Jo

A.2 The Elworthy formula

The motivation of chapter 1 is very similar to the one used to derived the Elwor-
thy formula (Elworthy (1982) and (1992)). The Elworthy formula is summarized
by the following proposition:

Proposition 20 FElworthy formula
If (X;,t € [0,T]) is the solution of the SDE (Stochastic Differential Equation)

t t
Xi=z +/ b(s, X,)ds +/ o(s, X,)dW,
0 0

with b(), o() globally Lipschitz functions with linear growth and continuously
differentiable, then for any function ¢ € C} (R™) and for any t > 0, we have

Blow (X)) = B[p(x)s (07601 |
- E [(p (X,) % fo "o, x,)Y,,dW_,]

Proof: see Elworthy (1982) and (1992).00



Appendix B

Technical Proofs of Chapter 1

B.1 Proof of the proposition 1 concerning the
link between first variation process and sen-
sibility of the underlying to perturbation
page 36

The proof is only given for the ZI*® process. It is identical for Z;*?°. To prove
proposition (1), we first show that the process (Z;"), cjo.r) Verifies a stochastic
differential equation (B.1). Since the two process (Z7"°) tepo,) 2nd

( fot Y,Y;1b (s, X,) ds) o] verify the same SDE (B.1) and have the same ini-
tial conditions, they are equal according to the stochastic version of the Cauchy
Lipschitz theorem.(]

We now prove the lemma about the stochastic differential equation (B.1):

Lemma 1 Under the assumption of continuous differentiability of b, 0 with bounded
derivatives, the process (Z;*), cl0.1] defined by (1.16) is the unique solution of
the following stochastic differential equation

dZ, = (3 (t, X)) + Z:' (¢, xt)) dt + Z,o' (t, X,) dW, (B.1)
with initial condition Zy = 0,,.

158
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Proof: Solving the diffusion equation (1.12) with the initial condition (Xf_’_.'(;w = 1:)

gives
" " t
X = o [ (oo, X5) 4 b (o, X57) s+ [ o (5, X57) aw,
0 0
Fore #0
Xte,rho _ Xt
€
t [ erho) _ t e,rho) _
_ /(b(s,Xj"h")+b(s’Xs Z: b(s,X,)) ot /o—(s,Xa )E ACR.Op
A 0

Using the hypothesis that b,0 are continuously differentiable with bounded
derivative, as well as the continuity of X5 in ¢ with its limit equal to the non-
perturbed process (X;),¢[o. 77, We can show that the Gateau derivative (Z;*), o)
of the drift-perturbed underlying process {Xf"’“’, te [O,T]}along the direction

b can be expressed as:
t t
Zrt = / (5(s. Xe) + 270 (5, X)) ds + / Zg’ (s, X,) dW,
0 0

which in its differential form is exactly equal to the result. The uniqueness is

then given by the stochastic version of the Cauchy Lipschitz theorem.OJ

B.2 Proof of the delta formula (1.M1)

In this section, we prove that the weight function for the delta should satisfy
necessary and sufficient conditions. The proof is given for the case of a stochastic
interest rate depending both on time and the underlying. As a special case, we
derive the necessary and sufficient conditions given in table 1.1 when the interest
rate is only a function of time. For the sake of simplicity, we denote in this section
w?!e by w,and the derivative with respect to the second variable by a prime
. The part of the proof based on integration by parts is quite short and goes
along the same line as the one of Elworthy (1992). The technical difficulty here
is to justify rigorously the use of weaker assumptions. The proof can be divided

into three major steps:
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o first preliminary: weaker conditions on the payoff function f: show that
if the result holds for any function of C§¥ (set of infinitely differentiable

functions with compact support), it also holds for any element of L2.

e second preliminary: interchange of the order of differentiation and expec-
tation: show that one can interchange the order of differentiation and

expectation.

e integration by parts:

— necessary condition so as to fulfil an integration by parts.

— sufficient condition so as to fulfil an integration by parts.

Step 1: Weaker assumptions

The idea of the first technical point is the following: taking f as an element of
L? is the same as assuming f infinitely differentiable with a compact support.
It is based on a density argument using Cauchy Schwartz inequality and the
continuity of the expectation operator.

More precisely, let assume the result is true for any function of C3° (set of
infinitely differentiable functions with compact support). Let f be now only
in L2. Using the density of C% [0,77] in L?,there exists a sequence (f,), .y Of

% elements that converges to f in L2. Let ’s denote by u(z) = EZ [F] and
u,, = E@ [F,] the prices associated with the discounted payoff functions F and F,
and z as the starting point of the underlying security price. Since L? convergence
implies L' convergence, we know that the set of functions u, converges simply
to the function u.

VteR u,(z) — u(z)

Since the result is true for payoff functions element of C§¢, the derivative of the
u,, function can be written as the expectation of the discounted payoff function

fn times a suitable "Malliavin” weight § (w) defined as the Skorohod integral of
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a function w:

0
i (2) = B [Fo6 (w)]

Let’s denote by g the function obtained as the expectation of the discounted
payoff function f times the Malliavin weight & (w) : g (zr) = E2 [F6 (w)]. By
Cauchy-Schwartz inequality, we get:

= |EQ[(F - Fa) 6 (w)]| < h(2) n (=) (B-2)

9(@) ~ 5oun (2)

with

h(z) =E2[(6))]"" en(x) =ES [(F - F)}]"”

By definition, the L? convergence of u,, means €, (z) converges simply to zero
as n tends to infinity. Therefore we already know that the function sequence
(é%u,,)ne y converges simply to the function g. By property of Lebesgue com-
pactness and the fact that the functions F' and F,, are continuous and that h (z)
is bounded (non-explosive condition (1.22)), inequality (B.2) proves that this
convergence is uniform on any compact subsets K of R..

We conclude using the fact that if a sequence of functions (un), .y converges
simply to a function u and the sequence of function’s derivative (a%“");; N Con-
verges uniformly to a function g on any compact subsets of R, the limit function
u is continuously differentiable with its derivative equal to the limit function of

the sequence of function’s derivative ((%un)ﬂ oy leading to the final result:

< B2 (F] = B2 (5 (u)]

O

Second step: Interchanging the order of expectation and differentia-

tion

The second technical point is to show that we can interchange the order of

expectation and differentiation (using the dominated convergence theorem).
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More precisely, since because of the first step, f is assumed to be element
of C? and therefore is continuously differentiable with bounded derivative, we

have
Feth — = (LFh) 0
- b
12 IRl wwao.

An elementary calculation gives us

0, [ e Ereag (x5, . X0) £5;
bz —F [T (s,X%) 2 X7ds

3
Since f has bounded derivative,first, gﬁﬁh%}:z is uniformly integrable in A and
second, by the Taylor-Lagrange theorem,

Fe+h _ = " I xa = Xz
< M $] 1
|2l z |

Using the result that ) ;. —Bﬁth"-l- is uniformly integrable in h (See Theorem

2.4 pp 362 Chapter IX Stochastic Differential Equations, Revuz and Yor (1994))

=5

leads to the uniform integrability in h of | T

This, in turn, tells us that £ ETI;ITF: - ?h"’ is uniformly integrable in h.
Since it converges a.s. to zero, the dominated convergence theorem gives us that

it converges also to zero in L. We conclude that

B%u (X*) =E? [5% ] (B.3)

O

Integration by parts:

Necessary condition: In this subsection, we examine the necessary condition
to be satisfied by the weight function. The delta is defined as the derivative of

the price function with respect to the initial condition z

a x
delta = 5-EQ [e= 76X (x2 X2, ., X )] (B.4)
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Assuming the delta can be written with a weight function leads to
— T r(s,XT)ds T T
delta = EZ [e WireXdis (X7, Xz, .., XE,) 6 (w)]
= B2 [(D, (e7 o rexiiop (xz, Xz, X2)) ;0 (®)]

Using the property of Malliavin derivatives for compound functions, this can be

written as:
- [r z x T T
e | € Jo r(eX3)s S B f (XE, XE, s XE) Jio DeXEw (8) dt
x
—F [I [T, Zr(s,X?) D.X,w(t)dsdt
Using the relationship between the Malliavin derivative and the first-variation

process (1.10), we can replace the expression of D, X, u > t in the equation

above, leading to
T b4 m T T T
e Jo r(eXDds S B f (XE, XEy s XE.)
E? STV, Yo o (t, XE)w (£) ey dt
—F [T [L, & (5, X2) V.Y, o (t, XP)w (8) tlcoydtds
On the other hand, the delta is defined as the derivative of the price function

with respect to the initial condition z. Using (1.10) and the second step’s results

(B.3), we can change the LHS of (B.4) to

T = m . . .
delta = E@ e fo re X5} Z‘=1 o f (th,th, ""Xt,,.) %Xt‘
_FfoT"'l(SaXf) a—iXsds
- y H m T x T
_ go e~ Jo XS B f (XE,XE, ... XE) Ve,
—F [ 7 (5,X7)Y.ds

At this stage, equalling the two expressions of delta gives us:

T F)ds \~\m T T z
e~ Jo T XN B f (XE, XE, ... XE )
EZ T VY o (t, Xeyw () Lcey dt
| —F [, JZ07 (5, X2) VY 0t Xe)w (8) tl ey dtds

T g m T z T
e— fo T(S,X. )d" Z‘l:l azf (th, th’ ceey Xtm) Y;'-
—F [T+ (s,X2) Y, ds

!
2
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Using the fact that this should hold for any f and any function r(.,.), we get
that the following two quantities should be equal on any functions measurable,
leading to conditions expressed with conditional expectations (where, to simplify

notations, the = in superscript has been omitted):
- kY,
]ES [e-foTr(a,X. )ds/ ‘-_‘7§,t’_XQw (t) dt|Xs,, ---,Xtm]
0 t

= ]ES [e_foTT(s,Xf)daY;iIth, "'7Xtm] Vi=1..m (B5)

T T
]ES [/ / (s, X,) .Y lo(t, Xo)w (8) tl<spdids| X, ...,Xtm]
=0 Jt=0

T
= E? [/ r (saXs)stSIXtu---,Xtm] (B.6)
0

This is exactly (1.M1) when the interest rate is a only function of the time O

Sufficient condition: Let’s assume that there exists a function w that verifies
the two equations (B.5) and (B.6) and its Skorohod integral is L, integrable,
the above proof can be conducted backwards:

delta = %ES [(em & e £ (X, Xigy s o) )|

EQ Yo e_f“T'(”x')d’aif (th,th, s Xt,) %Xt;
- (e 7 roXedds f (X, Xigy s X)) Jo (5, X,) £ Xods

then using the conditions (B.5) and (B.6), we get

S e o T XaMag, £ (X, Xy, ooy X
= E:? j;)T Yti Yt—la(t, Xt)'w (t) l{tSt,}dt

—F [T [, (8, X,) Y, Y ho(t, Xo) w (1) tl <y ditds

r
e Jo e XA S 7 £ (X, Xigy oy Xi) Jimo DeXogw (8) dt

= EZ
—F [T [T 7 (5,X,) DX w () dsdt

and finally the expression of the Malliavin derivative in terms of the first varia-

tion process, leads to

B2 [( D (e reXief (X, X0 Xe)) 0 (1))
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that is:
delta = EZ [F§ (w)]

where in the last step, we made use of the integration by parts formula. [J

B.3 Proof of the gamma formula (1.M2)

Necessary and sufficient condition

The proof goes along the same lines as for the delta case, so we omit to give
all details of it. We assume that f is continuously twice differentiable with

bounded first and second order derivatives. To remind that the generator w?"®

does depend on z, we adopt an explicit notation wdea,

I = AE?[F]
= a% (%Ef [F])
6 ta
= 5 (B2 [Fé (ut)])

0 0
— Q|2 delta Q v delta
= [ [6:1:F6 (wd )] + EZ [Faxé (wd )]

Using the fact that one could invert the Skorohod integral operator & (.) and the
differential operator a%- (thanks to a mathematical argument based on dominated

convergence theorem), we get

r - B [F (5 (w) § () + 8 (B%wgeua))]

0
— Q delta delta delta
= E7 [F6 ('w 6 (wi) + e )]

where in the last inequality we used the linearity of the Skorohod integral op-
erator. Since this should hold for any F', the necessary and sufficient condition

is

.....

0
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Particular solution

In this section, we prove the formula for the particular form of weight, we have

already encountered, namely:
Wi = Vo~ (t, XA
with
T
/ At l{tSt,-}dt =1 Vi=1..m
0

Using the result on the Gamma weight function, a sufficient condition on the

Malliavin weight is the equality:

6(,wgamma) =6 (%wdelta) + 5 (wdelta) § (,wdelta)

with

8 (whe) 6§ (w™he) = ( f:o Ao (¢, Xt)YtdW,) ( /u :0 Auo ! (X) Y,,dW.,)

which can be expressed in terms of the square of the simple integral:

5 (wdelta) 5 (wdeua) — ( /0 g /\ta—l(t,Xt)Ytth>2 - /0 )

The term %wde"“ can be calculated as the sum of two terms:

-0 o _ : _ 0
55111‘“‘ =X\ (62 (o l) (t, X.)Y: + o7 (¢, Xt)glfi)

We then use the following equation:

B[ (o (t, X)Y,)’] ds

& (071 (t, Xz) = —072(t, X)o' (£, X2) Vs

and we use for the second term that

t t
th = / YY,b' (s, X,)ds + / Y:Ys0" (51, X, ) AW,
ozx 0 0

t
- / Yio! (s, X,) Yo" (s, X,) ds
0
giving:

T 52
0z (,wdelta) = /0/8_0 A820_1(32’X82)Y32Y31 (b” (31’X81) -0 (slaXn) o" (slsXax))dsldwsz
89 =

T 82
-+ A320'_1(32, st)},az / Ys;all (517 Xsl) dstdWsz
81=0

82=0

We then conclude that the Malliavin weight is given by (1.25).00
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B.4 Proof of the rho formulae (1.M3)

Since the rho is a perturbation on the drift term, we can prove the formula by
means of a measure change (Girsanov theorem). We can also use the technique

developed in the delta proof.

Standard Proof

The following proof is based on Malliavin calculus. As explained in the chap-
ter 1 section on extended Greeks 1.2.3, page 33, we are perturbing our pro-
cess along a perturbation direction given by the function 3(., .). We denote by
{Xf mho t € [O,T]} the perturbed underlying process following equation (1.12)
and the unmodified initial condition (Xg™ = z). We denote by (2rt), co.r) the
Gateau derivative of the drift-perturbed underlying process {XtE ke t e [0, T]}
along the direction 3, defined as the limit in L?, uniformly with respect to the
time ¢ and given by equation (1.16). To find a necessary condition for the weight
function, we apply the same methodology as the one described for the compu-
tation of the delta. We assume therefore that we can write rho; defined as in

(1.14) as the expectation of the discounted payoff function F times a suitable

weighting function weight™°
rho = EZ[F§(w™)] (B.7)
a 3
52 rhe (x) e=0,‘i; given

Transforming equation (B.7) leads to

rho = E2[F§(w™)] (B.8)
= E? [(D.F,w™)]

T m o — [T r(s,X,)ds\T,
_ EQ / Zi:l e Jo V,f (th,th, vouy Xtm) DtXt‘. wr’w (t) dt
t

=0 —F [T 2r(s,X,) DX, ds

(B.9)
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Using relationship (1.10), we write:
T Z:r;l e foT r(s,x.,)dsvif (th ) th’ weny Xtm)
=B /t—o Y. Y ot Xo) gy w™ (¢) dt
~F [T 21 (s, X,) .Y, Yo (t, X) Licsy ds

(B.10)
Ey;l e f:'r(s’x')davif (th ’ th: seey Xtm)
=EZ Jimo YuYi o (t, Xo)lp<eyu™ (¢) dt
—F [y %7 (5,0) (S YV '0(t, X0) 1y w™ (8) dt) ds
(B.11)

On the other hand, equation (1.14) leads to
E;':l e—f:‘r(a,x,)dsvif (Xh ] Xt'p ceey Xt,.) Ztrho

- (8_ IOT T(-?,X,)d.,f (th ’ sza 7th)) -Lio %T (S, Xs) Z:’wds
(B.12)

rho = E¢

using the proposition 1 page 36 with the equation (1.18), we get
Yr el Xy, £ (X, X, Xy
=E7 | JE VY5 (8, X) Lpary dt (B.13)
—F [T, &r(s,X,) [T, VoY B (8, Xo) 1pcnydtds

This should be verified for any f, any process (Xt)te[o,Tp any process r (.,.).

Thus, we find that the necessary conditions are

ti
ESX: X, I:Y;' / erm (t) dt]
11 itm o Y

t

t.'~
= Ef:?,xtl,...,xtm [K‘L wdt] (B.14)

t

equation (M3) and the conditions for stochastic interest rate models

E2x,.,..Xun [ /0 ' (s, X s)YU(t 2 K1), rho (t)dtds]

=t<s

T
= =By, x.. [ / ' (5,X5) Mdtds] (B.15)
0 t

=t<s
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In fact, we can go backwards as well. Rho is defined by equation (B.12),
which is equivalent to (B.13). Assuming (B.14) and (B.15), (B.13) is equivalent
to (B.11), (B.10), (B.9), (B.8) leading to the result.C]

Probabilistic proof

This proof requires stronger assumptions. In this part we assume that the

Novikov condition (B.16) is satisfied so as to be able to use Girsanov’s theorem.
E [6522_ foTlla—l(t,Xtt,rho E(t,xtc.rho)”%t] < 400 (B.16)

The idea of this probabilistic proof is the following: in the special case of
rho, the perturbation of the diffusion equation is only on the deterministic term
and not on the stochastic term. Therefore, a judicious change of measure can
remove the drift term. In this new probability measure, the process follows the
same diffusion equation. The calculation of the Malliavin formula turns out to
be a change of measure. This proof is inspired by Fournié et al. (1999).

The proof is based on the following lemma:

Lemma 2 Change of measure
Introducing the new probability measure Q¢ defined by its Radon-Nikodym deriva-

tive with respect to the risk-neutral probability measure Q:

Q| _ el o (e (et )i 3 S0 (X ) P (g 1)

daQ |
we get that (X7),cpor) follows the same SDE under Q° as (Xt),or) under Q

Proof: Justified by Novikov condition (B.16), the Girsanov theorem enables

to rewrite the perturbed equation (1.12) into a regular one:
dxe™ = p (t, Xf”'“’) dt+o (t, Xf""") aw, (B.18)
with W, a Q°—Brownian motion given by:

AW, = dW, + e~ (t, Xf”’“’) [3 (t, Xf""") dt
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Lemma 3 The Radon-Nikodym derivative %; is differentiable in € = 0 and:

49 1

T —~
Im2E—— = — [ 671(t, X)) b (¢, X.) dW, in L2 B.19
e—0 €

0

Proof: Writting

M, = - B (X R XE e o (et e
k)

We have that M, , is the solution of the SDE (by the use of Ito lemma):
dM,, = —eo™? (t, X)) (t, Xf"’“’) M, .dW, (B.20)

with initial condition

Moo =1 (B.21)
(B.17) gives us
dQ
aQc |y~ Mo

Using dominated convergence, since b(.,.), o (.,.),b(.,.), and b+ €b(.,.) are

supposed to satisfy linear growth conditions, we obtain:

%Me,t = =071 (£, X™) B (£, Xe™) M.,

Since b(.,.), 0 (.,.),b(.,.), and b+ &b(.,.) for every € € [0,1] are supposed to
satisfy the global Lipschitz and linear growth conditions, by Theorem 2.4 pp 362
Chapter IX Stochastic Differential Equations of Revuz and Yor (1994) or by The-
orem 2.9 pp 289 Chapter V 5.2 Strong Solution of Karatzas and Shreeve (1988),
the processes {Xf"ho,e €[0,1],t € [O,T]} (respectively {M, ,e € [0,1],t € [0,T]})
defined as the continuous strong solution of the SDE associated (1.12) (re-
spectively (B.20)) with unmodified initial condition (X&™
(B.21)) belong to L2([0,1] x [0,7] X $2)and converge in the sense of the L?

= z) (respectively
norm to the no perturbed process {X;,t € [0,T]} respectively {1,t € [0,T]} as
€ tends to zero. Using continuity of o1 (,,.), b(.,.), we get

I _ ~
lim =M. = —07" (£, X:) b (¢, Xi)
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Using the continuity and differentiability of the exponential, we get that
el [ or— 1+ €07t (8, X)) b(t, Xt)]

is uniformly integrable. By dominated convergence, we conclude that the limit
4Q
of S — (m the sense of L? norm) is given by:

di
-———%—1 = lim ———————ME’T_I

e—0,e#0 £ e—0,e#£0 €
—o71(t, X,) b (8, X,)

Il

O
Final Proof:
Let us denote by F;, the perturbed discounted payoff function.

e,rho
tho = fo r(s,X. )ds ( Xtel,rho Xt ,rho, - th':rh.o)

Therefore
0
tho = b;PrSho (1;) o
QI _RQ
_ o B9[S, -E2[F]
e—0,e#£0 £

But on the first term of the numerator, we can change our probability measure:
dQ

QIFe 1 = EY
E [ rho] E [ rho dQs]

by lemma (2), this is equivalent to

dQ dQ
Q* g Ye)
o [ | -5 rig ]
leading to w
P (2) = P(2) _ g [Fdoe - 1]
€ €
therefore
P
rho ("") (2) —-E2|F [ / L, X) b X), dm”
T _~
< I ( Q_ —/ U_l (t1Xt) b(t7 Xt) 7dvvt) I
0 J A
-1 T -
< |F||L, — - / oL (6, X) B (¢, X,) , AW,
0 L2
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The last equation is justified by Cauchy Schwartz inequality. We trivially
conclude using lemma (3) result (B.19)

im F@-P@

T
— Q -1 7 . 2
0,640 € L2 [F /0 o (t’Xt)b(tvxt),th] in L

B.5 Proof of the vega formula (1.M4)

The method is very similar to the one used in the rho calculation except that
we cannot use a measure change to find the Malliavin weight. As explained
in the chapter 1 section on extended Greeks 1.2.3, page 33, we are assuming
that we are perturbing our process along the direction given by the function
o (.,.)- We also assume hypoellipticity of the perturbed diffusion term (1.11).
We denote by {X;"*“t € [0,T]} the perturbed underlying process following
equation (1.13) with the unmodified initial condition (X3"** = z). We denote
by (2;° ga)tG[O,T] the Gateau derivative of the volatility-perturbed underlying pro-
cess {X;"*%",t € [0,T]} along the direction & and defined as the limit in L?
uniformly with respect to the time ¢ as summarized by equation (1.17). To find
a necessary condition for the weight function, we apply the same methodology as
the one described for the computation of the delta or rho. We assume therefore
that we can write vega, defined as in (1.15) as the expectation of the discounted
payoff function F' times a suitable weight function weight®9*

vega = EZ[F§(w"9)] (B-22)

9 pe
- %Pvega (.’E)

£=0,E given

Transforming equation (B.22)

T E;r;l e foT r(a,X,)dsvif (Xt1 ’ tha ey Xtm) DtXt.'

vega = B¢ / w9 (t) dt
t=0 —F [T Var (s, X,) DX, ds

(B.23)
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Which using (1.10), is written as:

T Zzn;l e f(;T r(s,X,)dsvif (th ) Xtm ey Xtm)
EaQ: /; Y Y, Y la(t, Xe) i<ty w9 (t) dt
—F fsq—;o Var (s, X,) .Y, lo(t, Xi) lit<s) ds

(B.24)
Zin;l e foT r(s,X,)dsvif (th tha seey Xtm)
=E2 ST VY o(t, X)L esryw®ese (2) dt
—F [ 4 Var (s, X.) (.I;ZO VY, lo(t, Xe) 1oy we® (2) dt> ds
(B.25)
On the other hand equation (1.15), we have
™ el TOXMY (X, Xy, Xy ) 2090
1€ 70 i ) ). n
vega = ]ES 21_1 ( t1y At ¢ ) (B2 )

- (e— [ e Xods £ (X, X, ., X,n)) L=o Vor (s, X,) Zvds

and using the lemma (1) equation (1.19), we get

Yo e o T Xy, £ (X, Xy, e, X,
JL VY15 (8, X) LieaeydWs — [ YaYi Va0 (5, X,) @ (5, Xs) Lipceyds
ft—-o YYt—l~ (¢, Xt) Lit<s)dW;

-F jf—.o Var (s, Xs) ds
- fo VY, 'Va0 (8, Xe) G (¢, Xe) <oy dt

) | (B.27)

This should be verified for any f, any process (Xt)te[o,:r]a any process 7 (.,.).
Thus, the following two necessary should hold

[ [Ho(t, X
Eg,xtl,...,xtm Y. /0 J—(}’,t—t)’wvega ®) dt] (B.28)
[ t: o(t,Xe)Ys,
= E° -I;) Y:) LW,
= Z,th ,...,Xtm t 0’(8 X )Y
f i o,l (S X ) a)¥t; d
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Greeks Weighting Function

delta foT a(t) a(t sy dWe

?extended” rho foT mg (¢, X:) dW;

» Z:_‘ oe Z;"g“
"extended” vega 6(00 X)a(t)z (-—,‘,“— Vi, l)l{t,_1<f.<t,})

Table B.1: Summary of Fournié et al. Results

- 0T
Bt | 76X 2 e g tias]  (@.29)
0=t<s

j;)=tSs (s, X5s)
= Ez,th,...,Xgm %E (t,X;) dW,
—$o’ (t, X:) 5 (t, X:) ds

In fact, we can go backwards as well. Rho is defined by equation (1.15),
which is equivalent to (B.26) and (B.27). Assuming (B.28) and (B.29), (B.27)
.is equivalent to (B.25), (B.24), (B.23) leads to the result (B.22).0

B.6 Summary of Fournié et al. particular solu-
tions

Founie et al. proved that the weight function could be written in the case of
adapted processes as some Ito integral. Let us define

Tm {a€L20T]|f0'a(t)dt—1V1,—1 m}

and T, = {a € L?[0,T}| Sl a@)dt=1Vi=1. m} Their results are sum-
marized in the table 1.1 , where the symbol é stands for the Skorohod integral

and a is an element of T;,, @ an element of Tm.
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Greeks Supplementary conditions
T s y a
B ey e ot ™ (5 X0) BZEE Dyt (1) s
delta .
= E:?,th,...,Xgm I:j;):a "'I (81 Xs) de]
the extension to this case
gamma is included in the equality
of the delta
" extended” ES Xoy oo Xem [ foi 1<sT (5, Xs) -Y‘—"(}ft’—x‘lw'h" (t)dt ds]
rho = ES Xeg s Xem [ -’;I;t < (s, X,) _g_)m”}zx t dtds]
E:?,Xgl ,...,Xgm [fO'I;t_(_s 'I" (37 XB) M}%)wvega (t) dtdS]
? extended” foits,g (s, X;)
vega = ]Eg Xey oo Xem T}::E (t, X:) AW,
—30' (t,X:) 5 (¢, X)) ds

175 .-

Table B.2: Supplementary conditions for models with risk-free rate depending

on the underlying

B.7 Second conditions for stochastic interest

models



Appendix C

Technical Proofs of chapter 4

The proof is given for the delta formula (4.M1). However, similar methods lead
to the one for the gamma, formula (4.M2), the rho, (4.M3) and the vega, (4.M4).

For the sake of clarity of the proofs given below, we take a discount factor
equal to 1. The risk-free interest rate is deterministic. The discount factor is

therefore a multiplicative constant. Consequently, it does not change the results.

C.1 Simple Asian option delta: necessary and

sufficient conditions (Formula (4.M1))

The proof goes along the same lines as the one given in Benhamou (2000a). First
of all, using the density of the set of infinitely differentiable functions with com-
pact support C into the set of square integrable functions, L2 [0, 7] as well as
the continuity of the expectation operator and the Cauchy-Schwartz inequality,
we can prove that if the results hold for a payoff function element of C5?, the
result is true for any function of L? [0, T]. Second, using dominated convergence
theorem, we can justify the interchange of order between the expectation and
the differential operator as well as the interchange of the differential operator

and the integral operator. We get therefore that a weight function w should

176
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§=E [f (/OTXtdt) 6(w)]

The RHS is also equivalent to the following expressions:
i T
E|f ( / Xtdt) 5 ('w)]
i 0
r T T T
= E|f ( / Xtdt) / D,Xtdtw,,ds]
L 0 t=0 J s=0

- T T /T
= E|f (/ Xtdt)/ / Y',}",'lo(s,X,)l{sst}w,dtds]
| 0 t=0 J s=0

where in the last equation, we have used the fact that D, X; = Y, Y; 20 (s, X,)1{s<s}
formula (4.4). The Left Hand Side (LHS) or the delta is defined as the gradient

satisfy

with respect to the initial condition, leading to the following developments:

g xe)]
= wlr () [l

A weight function should verify that the two expressions derived should be equal
for all functions f of L%

T —
E [f' ( / X;dt) / YtYs-la(s,X,)l{,St}wsdtds]
0 t

=0 Js=0

= 5[ (f ) e

which is equivalent to the equality of the terms inside the conditional expectation.[]

C.2 Complex Asian option delta: necessary and
sufficient conditions

Using the same arguments as for the simple Asian option case, we can justify

the interchange of integral and derivative operator and vice versa. The Right
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Hand Side (RHS) is also equivalent to the following expressions:

o ([ )]
= E [<6a:1 (/ X.dt, XT)/ D, X,dt + (/ Xdt, XT) D XT,w_,>]

using the fact that D,X; = Y;Y,0(s, X,)1{,<s}, this leads to

E if ( / " X, XT> 6(w)]

az, (fo Xedt, XT) ft—oYt (.L-—OY 'o(s, X )1{a<t}wsd3> dt
_ 2 f (Jy Xudt, Xr) Yo (S Yio(s, X)L psrywsds)

The Left Hand Side (LHS) is equivalent to the following expressions:
F] T
aE [f () xee)]
= (/ X.dt, XT) / Ydt+ (/ Xudt, XT) YT]
6.’1,'1

A weight function should satisfy that the two expressions derived should be

= E

equal for all functions f of L%

(ﬁ,T Xidt, XT) j;zo}'; (fT Y lo(s, X,,)l{_,q}wsds) dt
+a$’f (f o Xedt, XT) Yr (L—o Y lo(s, X, )1{3<T}'w.sds)

= IE 6:::1 (/ X.dt, XT)/ Y,dt+ ([ X;dt XT) YT]

which is equivalent to the equality of the conditional expectation of inside

E

terms.[J

C.3 Particular solutions for the Complex Asian

delta

To examine a particular solution, let us write G, = o(s, X,) ws/Y;. We obtain
that a stronger condition of the necessary and sufficient conditions is given by

the equality of term inside the conditional expectation:
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T T T
EQ [ / Yt( f (8, Xs)  aetta g )dt / X,dt, XT] EQ [ / Yidt / Xtdt,XT]
t=0 s=0 },3 0 0

X, T
EQ [YT / o(s, )1{ cryweds / Xtdt,XT] = E¢ [YTl / Xtdt,XT]
s=0 0 [}

Ys S
Yidt
Jio Ca S Y, ds = 1 (C.1)
¥ Yidt
T
Gyds = 1 (C.2)
s=0

C.3.1 First particular solution

If we assume a particular form of the function G with:

Y,

Gs=a+b
JZ Vit

we get
T [T Yidt tY,dt
j;:.s t G.d j;—() } lb

3

s =
=0 [, Ysdt “Ir T Yidt 2
where in the last equation, we have used Fubini theorem for the integration. We

get then:
T

Gds=aT +b

3=0
The solution should therefore verify:
tYidt
Ii_t_ + lb =1
fL vdt 2
aT+b =1

The discriminant of this system is

T
_ Jeot¥dt 1.

fLoYet 2

and the solutions satisfy:

T
a2 / tY,dt + b Yidt = / Yidt
=0 t=0

al'+b =1
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in the particular case A # 0, we get

T
Yidt
e = T Jio X T (C.3)
2 [T t¥dt—T [T, YVidt
2 ([ t¥dt — T [, Yidt)

2 [T tYdt — T [L Yidt

(C4

which is exactly the final result (4.11) with the two constants a and b defined
by the conditions (C.3) and (C.4) respectively.0]

C.3.2 Second particular solution

If we assume a particular form of

sY,

G,=as+ 'BT_
Jio Yedt
we get the same type of system:

T oYdt [T [ sY.dsYidt

t=0 2

ftT=0 Y.dt ( fio Ygdt)z
aﬁ + ﬂf:;o sY,ds
2 7 I Yt
The discriminant of this system is
A = Jmo oo (BT oY, dsY;dt
(4Zgviar)
The solution when the discriminant is not equal to zero is
o fio fsit sY,dsY,dt
S0 oo S5 s Y dsYodt
g = ftio @Yidt fio Ydt

S 1y E sV, dsYdt

leading to the solution (4.13).0



Appendix D

Inverse of the cumulative
distribution of the Student

density

The general algorithm (given in Abramovitz and Stegun (1970)) for computing
the inverse t, of the cumulative distribution of the Student density, with n
degrees of freedom is given below with 0 < p < 1 and with z, the inverse of the
cumulative distribution of the normal density. It is very useful for generating

random number distributed according to a Student density. N (0,1):

91(zp) +vg2 (25) + 93 (zp) + 94 (p)

t, = z,+
P P n n? n3 n4

1
g1(z) = 1 (2* +2)
1
g2 (:L‘) = -9—6 (5$5 + 16$3 + 3£B)
— 1 7 5 3
9s(z) = 357 (32" +192° +172° — 152)

1
g (z) = 93160 (792° + 776z" + 14822° — 19202 — 945z)
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Appendix E

Wiener Chaos and Convexity

E.1 Introduction to Wiener Chaos

Introduced in finance by Lacoste (1996) (in an article about transaction costs)
and by Brace and Musiela (1995), Wiener Chaos expansion could be intuitively
thought of the generalization of Taylor’s expansion to stochastic processes with
some martingale considerations. This representation of stochastic processes ini-
tially proved for the Brownian motion by Wiener (1938) and later for Levy
process (see Ito 1956) has been recently refoéused, motivated by the contempo-
rary development of the Malliavin calculus theory and its application not only
to probability theory but also to mechanics, economics and finance (1995).

More precisely, we present in this section the basic properties of the chaotic
representation for a given fundamental martingale. Let M be a square-integrable
martingale with respect to an appropriate filtration called F; with deterministic
Doob Meyer brackets (M), (defined through the requirement that (M2 — (M),)
be a martingale). The latter property is vital for obtaining the chaotic orthog-
onal representation of the space £2 (F). Let

Cn={(51,--,52) ER",0< 81 < ... < 8, < £}

be the set of strictly increasingly-ordered n-uplets. Let (%), be the mor-

182
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phisms from £2 (C,,) to £2 (Fw)

P (f) i L2(Cn) = L*(Foo)
®,.(f) = / f (81, ey 8n) dM, M,
0<51<..8i<...8,.<T

The interesting property of the series of the images of £2 (C;,) by the morphisms

(®n),cn is the orthogonal decomposition of the space £? (Fuo).
1
L2 (Foo) =@ @ (L2 (C))

This fundamental decomposition of the space £2 (F.,) into sub-spaces, called
M-chaos sub-spaces leads to the interesting representation of any function F' of
L?(F) in a form of a series of terms resulting from the orthogonal projection

of the function F' on the series of M-chaos sub-spaces.

F=)2.(f)=) /C fa (51,0 8n) dM, dM,,

where f, € L?(C,). Deriving the Wiener Chaos expansion of a function f

element of L? (F,,) is very simple as the following theorem proves it:

E.2 Theorem and proposition

Theorem 7 Decomposition in Wiener Chaos
Let D™F represent the nth derivative of function F' according to its second vari-

able. The M-chaos decomposition of the process (F (t, My)),q gives, for alit > 0,

F(t, M) = B[F (£, M)] + iE[D"F (t, My)] /C dM,, ...dM,,

n=1

Proof : See Lacoste (1996) Theorem 3.1 p 201.
The following two propositions refer to important and useful results about

Wiener Chaos.
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Proposition 21 Orthogonality of the different chaos
The fundamental properties used are the orthogonality of the different chaos. Let
fn € L*(Cy) and fm € L?(Cr) and let (M), g+ be a martingale process defined

as in the previous section

E [ fn (81, ey Sn) dM; dM,, / fm (81, s Sm) dM,mdM,l]
Cn Cm
= 6n,m/ fn (51,---,31;) fm (31,...,3m) dSl...dsn
Cn
with 6, m the Kronecker delta.

6n,m =1 Zf n=m

= 0 otherwise

The other result we use is the decomposition of a geometric Brownian motion

(or a Doleans martingale).

Proposition 22 Wiener Chaos decomposition of a geometric multi-dimensional
Brownian motion '

The geometric multi-dimensional Brownian motion denoted by Ar, can be ex-
panded as the Hilbertian sum of orthogonal terms called Wiener Chaos of order
i, denoted by I;:

T/ A(TT) =\ 1 el A7)
g, = oo ()4 [ (E.1)
=) L(V,T,T) (E.2)
=0
with
IO (V;T’Tk)zl
S conc.cover (V (50, T, Tx) ,dWoy ) .. { V (55, T, T1) , dW,,
Liso(V,T,\Ty) = =02 'ST< - 1> < >

3!

Proof: see either Qksendal (1997) exercise pl.2.d. page 19 or Lacoste (1996)
page 201 Theorem 3.1.03
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E.3 Proof of the theorem

This appendix section gives the proof of therorem 5.

E.3.1 Finding the convexity adjustment

We remind some notations for the proof. We denote by K the sensitivity
of the forward swap, K = ) . Br,. We also postulate that a zero coupon
bond can be written as a normalized Doleans martingale times its value at
time zero, leading to the following notation: Brf,‘T’T") = Br,Ar, with Ay, =

(v i) =4 g7 [

and Br, = %(%"—%2. We need to calculate the fol-

lowing quantity:

Br, AT — Br AT
Ilp=B(0O,T)E (°n° n_
0 ( ) Qr " BT,- AT.
Using the linearity of the expectation operator, we get that the above expression

can be separated into two terms:

— 9  _—BrE —_—2— | - Br E —
BO,T)  Chrer (EL BT.-AT,-) er (Z?zl BrAr,
Using the technical lemma (by means of Wiener chaos expansion) proved be-

low, we get that the two expectations can be approximated by the following

expression:

E ___47_3___ — _1_ _ z?:l BT-'C (T:'h TL) + z:k=1 BT:'BTkC (ﬂ’Tk) +
“r \ >, Br. Az,

K K? K3 Os
with the signification of O3 explained in the technical lemma. Rearranging the

term, we get that the price of the expected swap rate could be written as a

simple expression

1l = Br, — Br, + i1 B Br,C (10, Ti) — Br, Br,C (Tn, T3)
B(0,T) K K?
Yik=1 Br.Br,C (T;, Ti)
+ 7e

which leads to the final result.[]
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E.3.2 Approximation using Wiener Chaos

Let O; denote a negligible quantity with respect to the ||V(T'T‘)”22, ie.

1/2
0;=0 (( / v .. ||1/;(3T,n)||2dsl...dsa) )
31<82<83<T

We can prove the following lemma:

Lemma 4 The ezpected value of the non linear stochastic expression — Bl'" y

can be given by a simple function of the correlation terms:

E _4TJ__ — l _ Z?:l BT.C(TTH TL) + EZk:l BT..BT,‘C(T;;, Tk)
Qr 2?=1 BTtATt

K K7 K3 te

where the error term, €, denotes a negligible quantity with respect to the "V(T’m ”iz 4

i.e. € =03
Proof: let us introduce some notations: Uy = 1, U; = Lia BTn'Kfl(V'T’n)’
— E;‘:l BT,'I2(V$T$1':') . .

U, = 'S . By a Wiener Chaos expansion theorem 22, and result

(E.2), we can expand the term Ar, to get:

iBT.-AT.- = > Br+) Brh(V,T\T)+ Y BrL(V.T,T) +&

=1 i=1 i=1 i=1

where the error term ¢; is a negligible quantity with respect to the ||V (T, T3)||3,

(61 = Os). The simple Taylor expansion 17 =1—x+x?+ 0(z%) gives that

the denominator can be written as a sum of terms:

1
> e Br,Ar,
1 Z?:l BTiIl (V’ T1 Tl) Z?:l BTiI2 (V’ Ta T,) 1 Z?:l BT-'II (Va T: T;) 2
= - ~ + = : +é2
K K K? K S Br,

where the error term ¢, is a negligible quantity with respect to the ||V.("’1’T")”:2

Br. A,
=B, Ar,-)’ the term Ar,

(E-3)

(e2 = Os). In the expectation to calculate, Eg, (2
can be seen as a change of probability measure. We denote by Q7% the new

probability measure defined by its Radon Nikodym derivative with respect to the
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forward neutral probability measure @7, and W the Q775 standard Brownian

motion:

2

Va(T,T_.,») i

arm (W)
dQr = °
dWTTh = dW, - VTTds

Then the measure change eliminates the numerator term and simplifies the ex-

pectation to calculate as only a function of n—lém in a new probability
i= Ty

measure QTT3. By linearity of the expectation operator and using the approxi-

mation (E.3) , we get

E 1
QT’Tj Z?:l BT‘AT.
1 Egr, (22;1 Br.i VT, Te)) Egra, ( > BrL(V,T, T,.))

K K? K?2
1 » Br.L (V,T,T)\?
+EEQT,TJ~ ((E’—l T'I;,( )) ) + €3

where the error term &3 is a negligible quantity with respect to the ”V,(:"f"'*')lli2

(e3 = Oj3). One can derive the results after proving that:

EQ”"Tj (L(VT,T3)) = C(T;,Ty)

Egrea; L (V,T,T:) = Os
n 2 n
Eqr (Z Br.I, (V, T, T,~)) = Y BrBrC(T;,Ti)+Os
i=1 ik=1

O

E.4 Results of the Quasi Monte Carlo simula-
tion

This sub-section reports results of a Quasi Monte Carlo simulation for the four

different models. The simulation was done using 10,000 draws. The convexity
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forward convexity
CMS QMC
Year | Swap adjustment
Swap price
Rates in basis point
0 4.163826 | 4.163826 | 4.163826 | 0
1 4.385075 | 4.43604 | 4.436145 | 5.57
2 4.600037 | 4.699187 | 4.699212 | 9.91
3 4.80722 5.951161 | 5.951101 | 14.39
5 5.13929 5.36107 | 5.36087 | 22.18
7 5.366385 | 5.649873 | 5.649921 | 28.35
10 5.586253 | 5.935744 | 5.935735 | 34.95

188

Table E.1: Convexity adjustment for Ho and Lee model. Result obtained with

o =1%

term was calculated on an interest rate curved dated September, 2, 1999. In-

terestingly, convexity adjustment are different depending on the model, but not

that much different indeed.
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forward convexity
CMS QMC
Year | Swap adjustment
Swap price
Rates in basis point
0 4.163826 | 4.163826 | 4.163826 | 0
1 4.385075 | 4.400307 { 4.400318 | 1.52
2 4.600037 | 4.635506 | 4.635521 | 3.55
3 4.80722 4.868121 | 4.868136 | 6.09
5 5.13929 5.266523 | 5.266514 | 12.72
7 5.366385 | 5.579279 | 5.579263 | 21.29
10 5.586253 | 5.959299 | 5.959281 | 37.30
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Table E.2: Convexity adjustment for Amin and Jarrow model. Results obtained

with ¢ = 0.1% and o; = 0.1%

forward convexity
CMS QMC
Year | Swap : adjustment
Swap price
Rates in basis point
0 4.163826 | 4.163826 | 4.163821 | 0.00
1 4.385075 | 4.441479 | 4.441467 | 5.64
2 4.600037 | 4.708704 | 4.708715 | 10.87
3 4.80722 4.963449 | 4.963459 | 15.62
5 5.13929 5.375376 | 5.375363 | 23.61
7 5.366385 | 5.662372 | 5.662368 | 29.60
10 5.586253 | 5.940745 | 5.940736 | 35.45

Table E.3: Convexity adjustment for Hull and White model. Results obtained
with o =1.1% and A =1%



APPENDIX E. WIENER CHAOS AND CONVEXITY

forward convexity
CMS QMC
Year | Swap adjustment
Swap price
Rates in basis point
0 4.163826 | 4.440826 | 4.440826 | 0.00
1 4.385075 | 4.440826 | 4.440812 | 5.58
2 4.600037 | 4.707352 | 4.707347 | 10.73
3 | 4.80722 4.961371 | 4.961368 | 15.42
5 5.13929 5.371831 | 5.371820 | 23.25
7 | 5.366385 | 5.657425 | 5.657414 | 20.10
10 5.586253 | 5.933928 | 5.933938 | 34.77
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Table E.4: Convexity adjustment for Mercurio and Moraleda model. Results

obtained with o = 0.9%

A=1%y=10.11%
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