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Abstract

We present a Malliavin calculus approach to sensitivity analysis of European op-
tions in a jump-diffusion model. The lack of differentiability due to the presence of a
jump component is tackled using partial differentials with respect to the (absolutely
continuous) Gaussian part. The method appears to be particularly efficient to com-
pute sensitivities with respect to the volatility parameter of the jump component.
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1 Introduction

Consider an option whose value is defined as the average discounted gain on an underlying

asset Sf depending on a parameter &:
Ce =0 TOUE | f(55)]

where f is called the payoff function, e.g. f(z) = (x — K)* for European options and
J = 1|k 4oo[ for a binary option. Let Delta, Vega, Gamma, Rho and Theta be the Greek

parameters measuring the sensitivity of option prices and defined by

oC 0*C oC oC oC
Delta = Er Gamma = 2 Rho = o Vega = ErS Theta = T

Fast Monte-Carlo methods for the numerical computation of sensitivities in continuous

markets have been developed in [6], [5], and also [2], using integration by parts formulas



on probability spaces and differential tools of the Malliavin calculus on the Wiener space.

In [7], a Malliavin type gradient operator has been used for Asian options in a market
with jumps driven by a standard Poisson process (NV;);er,. This gradient operator acts
on smooth functionals F' = f(T4,...,T,), of the Poisson process by differentiation with
respect to the jump times (7})x>1 of the Poisson component (N)icr, , as

k=n

DyF ==Y w(T)ouf(Th,.... Ty),

k=1

where w is a functional parameter, cf. [9]. Functionals of the form

/T Pt Nyt (1.1)

do belong to the domain of D,, due to the smoothing effect of the integral. In particular
it turned out in [7] that D,, can be applied to differentiate the value of an Asian option.
However the L? domain of D,, does not contain the value Ny at time 7" of the Poisson
process, excluding in particular European claims of the form f(N7) from this analysis.

Ssee [1] for a different way to compute Greeks in jump models.

In this paper we consider a jump diffusion model driven by the sum of a Brownian motion
and a jump process. Precisely, we consider an asset (S;)icr, whose dynamics under the

risk neutral probability are given by

ds,
?t = r(t)dt + o1 (t)dW; + oo(t)d X, (1.2)
t
where (W;)ier, is a Brownian motion, (X;);er, is a jump process, r(t) represents the

interest rate, and oy (t), oo(t) are volatility parameters.

In order to compute these sensitivities we will use the integration by parts formula of
Malliavin calculus, cf. Proposition 1 below. We will compute the Greeks corresponding to
the sensitivity of European option prices with respect to parameters such as spot price x,
interest rate r, or volatility 0. We use both the Malliavin calculus and finite differences,
and compare the results obtained by each method. The formulas obtained are similar to
the ones obtained for continuous markets, except in the case of derivation with respect to

the volatility parameter of the jump component.



We proceed as follows. In Sections 2 and 3 we recall some basic notions of stochastic
calculus and Malliavin calculus. The simulation graphs obtained show that the Malliavin
method yields better numerical results in terms of accuracy and computation speed than

the finite difference method.

This paper is based on [4], see also [3] for another approach to the computation of Greeks

in jump models with respect to the Gaussian part of the process.

2 Stochastic calculus with jumps

In this section we recall some notions on stochastic calculus with respect to semimartingales
with jumps, according to [10]. Given a complete filtered probability space (Q, F . (F)ier,, P),
recall that a mapping 7 : Q — R, is a stopping time if {r <t} € F;, Vt € R,, and that
Fr={AeF : An{r <t} e F, t € Ry}. Given (X;)er, a stochastic process, we
define the linear operator Iy : S — L° by

Ix(H) = HoXo+ Y H;(Xr,, — Xz,),

=1

for (H;) € S a simple predictable process, i.e.

Hy = Hol{o}(t) + Z Hil(ThTiH](t) (21)

i=1
where 0 = T; < --- < T,41 < o0 is a sequence of stopping times and H; € L>(Q, Fr,),
0 < i < n. Note that this definition is independent of the choice of the representation
of the simple process H. The set S of simple predictable processes is endowed with the
topology of uniform convergence in (¢,w) denoted by S,. We denote by L° the space of

random variables endowed with the topology of convergence in probability.
Definition 1 [10]

A process (Xy) is called a total semimartingale if (X;) is cadlag, adapted and if Ix :
Su — LO is continuous, in the sense that if a sequence (H™),en of simple predictable

processes converges uniformly to H then (Ix(H™))nen converges in probability to

I (H).

A process (Xs)ser, s called a semimartingale if, for all t > 0, (Xn)ser, is a total

semimartingale.



Next, we recall the construction of the stochastic exponential.

Theorem 1 [10] Let (X;)er, denote a semimartingale starting from Xo = 0. Then there

exists a (unique) semimartingale (Z;)icr, which satisfies the equation

t
Zt:1+/ Z.-dX.,.
0

Moreover, (Z;)icr, is given by

Z; = exp (Xt — 1[X, X]t> H (14+ AX;,)exp (—AXS + %(AXs)z) , teRy.

2
0<s<t

The next result (Girsanov theorem), often used to construct risk neutral probabilities, has

been used for the computation of option sensitivities with respect to the interest rate.

Theorem 2 [10] Let (Wy)er, be a Brownian motion under historical probability P, let
(Fi)ier, be the filtration generated by (Wy)ier, , let (6;)icr, be an Fi-adapted process, and
let

t
We = / O,ds + W,
0

t 1 t
M (t) = exp (—/ 0, dW, — 5/ 9§ds) , teRy,
0 0

and define the probability measure ) by

and

Q(F) = / M(T)dP, FeF. (2.2)
F
Then the process W2(t) is a Brownian motion under Q and more generally we have,

EQ[F(WQ>] = EP[F(W)]> F e L1(97P>

3 Malliavin calculus on the Wiener space

In this section we recall the basics of Malliavin calculus, cf. e.g. [8], [11], in view of
applications to sensitivity analysis. Let (W});cr, denote a d-dimensional Brownian motion,

and let C denote the space of random variables F' of the form

F=f (/OOO hl(t)th,...,/Ooo hn(t)th) , feSRY,



hi,...,h, € L*(R,), where S(R") is the space of rapidly decreasing C* functions on R".
Given F € C, the gradient of F' is the process (D;F)ieg, in L*(2 x Ry) defined by

"0
D=3 3

i=1 dz;

(/ ha (AW, . / hn(t)th) h(t), teR,,  as
0 0
We also define the norm

00 1/2
| F [|12= (E[F?])l/2 + (E [/ \DtF|2dtD . Fec,
0

and denote by D, the completion of C with respect to the norm || - ||;2. The gradient

operator D is a closed linear mapping defined on I » and taking its values in L?(Q2 x R).

The gradient D has the derivation property, i.e. if ¢ : R® — R is continuously differ-
entiable with bounded partial derivatives, and F' = (Fy,..., F,) a random vector whose
components belong to Dy 5, then ¢(F) € D; 5 and:

im1 8xz

Dt¢(F) = (F)DtFZ, te R+, a.s.

Next we recall other properties of the gradient D, cf. [8], [6].

Property 1 Let (X,)ier, be the solution to the stochastic differential equation
dXt = b(Xt)dt + O'(Xt)dwt,

where b and o are continuously differentiable functions. Let (Y;)er, denote the first vari-

ation process defined by the stochastic differential equation:
dY, = b (X,)Yidt + o' (X,) Y, dW,, Yy =1,
Then X; € D19, t € Ry, and its gradient is given by:
DXy =YY 'o(Xs) <y, sERy, as.,
hence if f € C2(R"™) we have
D.f(Xr) = Vf(XT)YTYs_IU(Xs)l{sgtb s€Ry, as.

The gradient operator D admits an adjoint ¢ called divergence operator (or Skorohod

integral), which satisfies the following integration by parts formula.



Property 2 Let u € L*(Q2 x Ry). Then u € Dom (8) if and only if for all F € Dy 5 we

have
BUDFuul =B | [ DFuta] < K | 7 lha
where K (u) is constant independent of F' € Dy 5. If u € Dom (6), 0(u) is defined by the

relation

E[F5(u)] = E[(DF,u)y], VF € Dy..

An important property of the divergence operator ¢ is that its domain Dom (§) contains
the adapted processes in L2(Q2x R, ). Moreover, for such processes the action of ¢ coincides

with that of 1td’s stochastic integral.

Property 3 For all adapted stochastic process u € L*(Q x R) we have:

5(u) = / w(t)dIW,.
0
We have the following property.
Property 4 Let F € Dy 5. For allu € Dom (§) such that Fé(u) — fOT DFu(t)dt € L*(2)
we have
d(Fu) / Dy Fu(t
In the sequel we use the notation
D,F = / D, Fw(t)dt, FeDy weL*(QxRy).
0
The next proposition contains the main result used for the computation of sensitivities.

Proposition 1 Let (F*)¢ be a family of random variables, continuously differentiable in
Dom (D) with respect to &. Let (wi)iepo,r) a process verifying D, F& # 0, a.s. on {9:F¢ #
0}, € € (a,b). We have
0 O F¢
€\] — ¢ 3
aéE[f (F)] E[f(F)é(waFg)] (3.1)

for all function f such that f (F5) € L*(Q), £ € (a,b).

Proof. 1f f € C;°(R), we have

9 :
TR ()] = B ()]
o -Dwf(F ) 13
O F¢
_ 3 €
_E [f (F )5(waF§)] .
The general case is obtained by approximation of f by functions in C°(R). O



4 Sensitivity analysis
4.1 Market model

We consider a jump diffusion model in which the dynamics of the underlying asset price
is given by
s,
?t = r(t)dt + o1 (t)dW; + o9(t)dX,, Sy =, (4.1)
t
where 7(t) denotes the interest rate, (X;)icr, is a jump semimartingale, (W})icr, is an
independent Brownian motion, and oy(t), o2(t) are volatility parameters, respectively

relative to the continuous and jump components. The solution of (4.1) is given by:

S, = wexp </Otr(s)ds+/Otal(s)dWs—i—/Otag(s)dXs—%/Otaf(s)ds—%/Otag(s)d[X,X]s)

t

<1 ((1 + 0a(s)AX,) exp <_02(3)AX5 n %(UQ(S)AXS)Q))

s=0

with p(t) = r(t) — o7(t)/2. Note that if (X;)ier, is a.s. of finite variation, i.e.

Z |AX| < o0, a.s.,

then -
S, = wexp ( /0 t@(s)dXs—% /0 th(S)dS—O;tQ(S)AXS)
X exp < /O ' (s)ds + /0 t al(s)dWs) Ol:[qu + o2(5)AX,)
~ exp </0t02(3)dX§+/0tr(s)dS—l—/Otal(s)dWS—%/Ota%(s)ds) ] (0 +ox(s)AX,),

0<s<t

where (X¢)ser, denotes the continuous part of (X;)er, -

4.2 Delta

Delta represents the variation of the option price with respect to the initial price x of the
underlying asset:

Delta = e—fo”mdt%}a F(S2)].

where S§. = S} = xS7. From Proposition 1,

T 0, 5%
_ = Jo r(t)at x ~T
Delta = ¢ E [f(ST)(S (waS%)] :



and from Property 1,
D,Sr = / DySrw(s)ds
0

= / Sto1(s)ls<mw(s)ds

0

=7 " ou(s)us)ds.

Hence
Delta = e Jo rdt Sr)d -
cta = e B |/(5r) (xfOTal(t)w(t)dt>]
1 e_foTT(t)dt .
. el s pan 4.2
o e (s [ wloyaw] (1.2
4.3 Vega

Vega measures the sensitivity of the option price with respect to the volatility parameter.

4.3.1 Vega,

In case of a derivation with respect to the volatility parameter o, we consider the perturbed

process (S )o<t<r given by:

where ¢ > 0 and &7 : [0,7] — R is a bounded perturbation function. We have

.55 = S < /O ' &1 (£)dW, — /0 ' G1(t) (o (1) + 5&1(t))dt) .

Letting C. = E[f(S%)], from Proposition 1 we have

oc.
Og 'e=0

_ fTeU—lf(o;’”;:)(j)th |:f(ST)5 (w(.) (/OT &1 (t)dW; — /OT 6101(t)dt))] .

0

Vega, =

As for the Delta, the obtained formula coincides with that of [6].



4.3.2 Vega,

We choose here to differentiate with respect to the volatility o5 related to the jump process,
in this case the formula we obtain is different from the one obtained for Vega,. Consider

the process (S7)o<i<r defined by:
dS; = r(t)S;dt 4+ o1(t)S;dW; + (02(t)S; + £62(t))d X, (4.4)

where ¢ is a small real parameter and &5 : [0,7] — R is a bounded perturbation function.
Given the option price
C.=e W OB[f(S5)], S5=u,

we need to compute ——

3 ‘5—0' By Proposition 1 we have
o le=

oC. T 0.55
€ _ —fo r(t) € enr’T
5~ © E{f(ST)cS <waS:€r)] ,
with
t
Sp = Arexp (/ (02(s) 4+ €02(s)) dX;f) H (14 (02(s) +d2(s)) AX)
0 0<s<t
and
t t
A; = zexp </ wu(s)ds —I—/ al(s)dWS) :
0 0
Hence
Ga(8)AX, /t )
0.55 = S5 - dX;g
P50 2 T o)t e AX, Ty 2O
0<s<T
We then obtain
e Jo T® T go(s)AX !
Vega, = E S/wtdW —S+/ast§
= T ea |75 O 2 T max,
0<s<T

4.4 Gamma

Delta is more sensitive to variations when the exercise price of an option is close to the spot

price z. Gamma is used to evaluate the sensitivity of Delta with respect to the variations
of . We have
82

Gamma = e‘fOTT(t)dt@E[f(ST)]



_ ioa g | s, w
o _f (57)0 <x I al(t)w(t)dt>]

T 0
o Jo Tt E S
(&
Oz _f (51)7 I o1 (yw(t)dt

o~ Jo r(®)dt [ ( 8,5y ) }
= E St)o | w O(w
xfOTal(t)w(t)dt f51) Dy, St (w)
1 e~ fOT r(t)dt

22 [T oy (tw(t)dt

E [f(57)0(w)],

with
5<w 9, St d(w) ) _ s UJ(S( )
DuSr z [T oy (tyw(t)dt (x fOT o1 (Dw(t)dt)
_ S(w)s(w fo Dyd(w)w(t)dt
<xf0 o1 ( twtdt>2
B CIC0) st WY
(= Jo r(yw(tyar)

From this we deduce
pat 0
Oz
o S vty ST w th S [Twaw, ST w(t)dw,
TE f(Sr) - 7~ T
fo a1t <f Ul(t)w(t)dt) Jo o1w(t)dt

Gamma = ¢ —Jy r®

E[f(57)] = (4.5)

4.5 Rho

Rho represents the sensitivity, i.e. the first derivative, of the option price with respect to

the interest rate parameter. Consider the process (S )o<i<r defined by:
dS; = (r(t) +er(t))S;dt + o1(t)S;dWy + 05(t) S;d X (4.6)

where € > 0 is small and 7 is a bounded perturbation function from [0,7] to R. Given the
option price
C.=e" fo r(t)+er(t )th [f(SE )]

75— oxp (—5 /0 o (W + / (8o (2)] dt)

10

let



and define the probability measure )¢, equivalent to P, by dQ° = Z%dP. Then (4.6) reads
dS; = r(t)S;dt + o1 (t)S;dW; + o9(t)S;d Xy, (4.7)

with  dWg = dW, + 7(t)o; ' (t)dt. From Theorem 2 (Girsanov Theorem), the process
(W§)o<t<r is a standard Brownian motion under the probability Q°. Hence (W¢)o<i<r

has same law as W, and (S5%)o<¢<r has same law as (S;)o<i<, and we have

Ce — e fOT r(t)—i—e?(t)thP [f(S%)]

. 1
— e ffr(t)-i—ar(t)thQE |:~_6f(55’):|
27
_ fOTr(t)—i-E'F(t)th [ZS f(ST):| ’ (4.8)
with Z5 = exp ( 5f0 (t)dW; + & fo |7 (t (t)Pdt). By differentiation of (4.8)
with respect to € we get, after evaluation in € = 0:

r 7 (t) T r

Rho = e~ Jo "% {f(S ) / o th} — ¢ o rt)at / 7(t)dtE [f(ST)] .- (4.9)
o 01 0

5 Numerical simulations

In this section we present numerical simulations for the Greek parameters Delta, Vega,
Gamma and Rho, for a European binary option with exercise price K. Expectations are

computed numerically via the Monte Carlo method, i.e. using the approximation
LN
~ N Z X (7
i=1

due to the law of large numbers, given a large number N of independent samples (X (4));=1

.....

We consider a simplified model where the parameters o1, 09, 7 are independent of time and
where the jump process is taken to be a compensated Poisson process with intensity A.

Under these conditions the price of the underlying asset is given by:

2
Sy =x(1+ 02)Nt C€Xp ((a - 7) t+ Ulwt) )

with a =7 — o9\, t € [0, T, and the value of the binary option is:

X = e TR [1[;{700[(5%)} , &=ux,r 01,09

11



For the Malliavin calculus approach we choose w; to be the constant function w(t) = 1/T,

0 <t < T, which yields
T
DwST = ST/ O'l’UJ(S)dS = O-IST‘
0

The intensity of the Poisson component is fixed equal to A = 1/10. The following graphs

allow to compare the efficiency of both methods.

5.1 Simulation of Delta

From (4.2), Delta is given by

e—T‘T
Delta = E .
elta worT [f(ST)Wr

To approximate Delta by finite differences we use

Cx(l—l—e) - Cm(l—a)

Delta =
e 2xe

0.0204

I. .
Malliavin formula
Finite differences --------

0.02035

0.0203

0.02025 |-

0.0202 |+

Delta

0.02015

0.0201

0.02005

0.02
5e+07 1le+08 1.5e+07 2e+08

Numbers of samples

Figure 1: Delta with N = 2 x 10%,2 = 100,7 = 0.2,01 = 0.1,00 = 0.1,7 = 1, K = 120
and e = 0.01.
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Numbers of samples= 2e+04

0.03 T T
Malliavin formula
Finite differences --------
0.025
0.02
0.015
8
©
[a
0.01
0.005 \<;
O X\\\
-0.005
60 80 100 120 140 160 180 200
Strike K

Figure 2: Delta as a function of K with » = 0.05,0; = 0.15, 09 = 0.01.

Numbers of samples = 2e+04

0.018 |
Malliavin formula
Finite differences --------
0.016
0.014
0.012

0.01 /
0.008 /
0.006

0.004 /
0.002 [/

0.1 0.5 1.0 15 2.0 25
Maturity T

Delta

Figure 3: Delta as a function of T' with » = 0.05, 01 = 0.15, 09 = 0.01.
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5.2 Simulations of Vega
5.2.1 Vega,

Vega, is defined by

50(, —rT a0' ST
1 — T E 1
—801 e [f(ST)(S (w DwST):|
We have
(9015T = ST (—0’1T + WT)
and
BngT . w . WT WT 1
5<wasT) —5(0—1(—01T+WT)) _ ( T4+ ) T
hence ,
Vega, = e "TE [f(ST) (% —Wrp — i)] :
TO'1 01

By the finite difference method, Vega, is given by

001 (1+e) — 001 (1—¢)

Vega, = 5
1€
1.275 |
Malliavin formula
Finite differences --------
1.27
s l\
o
o 1.265 W\ o
> W Am T ;
A/"JM “Mw" sl oV
i M‘*
1.26 V
1.255

5e+08 le+09 1.5e+08 2e+09
Numbers of samples

Figure 4: Vega, with x = 100, = 0.05,0; = 0.15,00 = 0.01,7 =1, K = 120 and e = 0.01.
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Vega 1

Vega 1

Numbers of samples= 2e+04
15

T T
Malliavin formula
Finite differences --------

0.5

-2

60 80 100 120 140 160 180
Strike K

200

Figure 5: Vega, as a function of K (r = 0.05,07 = 0.15,05 = 0.01).

Numbers of samples = 2e+04
1.4

. . T
Malliavin formula
Finite differences

1.2

1 /
0.8

W/

0.4 /
0.2

0.1 0.5 1.0 15 2.0 2.5
Maturity T

Figure 6: Vega, as a function of 7' (r = 0.05,07 = 0.15,05 = 0.01).
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5.2.2  Vega,

Vega, is defined by

000-2 T a0'2‘5(':[1
72 _ TR
90, e [f(ST)(S (w DwST):|
We have
Nr
= —\T
0y, ST ST(1+02 A )
and
GUQST N w NT N WT NT
6(waST) _6<O'1 (1+O'Q AT)) _O'lT (1+O'Q )\T)’
hence
W. N
Vega, = ¢ "TE {f(ST)Ul—; (1 +T02 — )\T)] :

By the finite difference method, Vega,, is given by

Cag (1+e) — Cag (1—¢)

Vega, = Soat

Note that for the numerical computation of Vega,, the finite difference method performs

similarly to the Malliavin method.

1.65

! . .
Malliavin formula
Finite differences --------

1.645

N ! et e ~
S 1635 i ; i e - ]
3]
>

1.63

1.625

1.62

5e+08 1e+09 1.5e+08 2e+09

Numbers of samples

Figure 7: Vega, with x = 100, =0.1,01 =0.2,00 =0.1,7 =1, K = 120 and e = 0.01.
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Numbers of samples= 2e+04
35

T T
Malliavin formula
Finite differences --------

25

15

Vega 2

0.5

60 80 100 120 140 160 180 200
Strike K

Figure 8: Vega, as a function of K with r = 0.05, 07 = 0.15, 09 = 0.01.

Numbers of samples = 2e+04

T
Malliavin formula
Finite differences --------

25

15

Vega 2

0.5

0.1 0.5 1.0 15 2.0 25
Maturity T

Figure 9: Vega, as a function of 7" with r = 0.05, o7 = 0.15, 05 = 0.01, x = 100.
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10

Figure 10: Vega, as a function of K and 7T x = 100, r = 0.05, 01 = 0.15, 05 = 0.01, and
e = 0.01 (Malliavin method, 10000 samples).

Figure 11: Vega, as a function of K and 7T x = 100, r = 0.05, 01 = 0.15, 05 = 0.01, and
e = 0.01 (finite differences, 10000 samples).
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5.3 Simulations of Gamma

From (4.5) we have

1 W2 1
_ T T _ — W
Gamma = ™" B {f(ST)JJ201T (U1T o T T)}

By the finite difference method, Gamma is given by

C:c(l+£) - Cx + Cx(l—a)
x2e?

Gamma =

T
Malliavin formula
Finite differences --------

0.015

0.005 |

A, J"WA\‘MW‘ ”AM/N KV i L%
I AT

Gamma
o

-0.005 il |44

-0.01 ¥

-0.015

5e+08 le+09 1.5e+08 2e+09
Numbers of samples

Figure 12: Gamma with z = 100,7 = 0.1,070 = 0.2,00 =0.1,7 =1, K = 120 and e = 0.01.

5.4 Simulations of Rho

From the equation (4.9) and assuming that the perturbation function 7 is constant and

equal to 1 we have

Rho = e;ZTE{f(ST) /O Tth} —Te ""E[f(S7)]
e GICED)

By the finite difference method, Rho is given by

OT(1+E) - Cr(l—a)

h p—
Rho 2er
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Numbers of samples= 2e+04

T . T
Malliavin formula
A Finite differences --------

25

15

Rho

-1.5

60 80 100 120 140 160 180 200
Strike K

Figure 13: Rho as a function of K with r = 0.05,0; = 0.15, 09 = 0.01.

Numbers of samples = 2e+04

35 T
Malliavin formula
Finite differences --------
3 g
25 S —
2
2 s
14
1
0.5
0
-0.5
0.1 0.5 1.0 15 2.0 25

Maturity T

Figure 14: Rho as a function of T" with » = 0.05, 01 = 0.15, 05 = 0.01.

References

[1] M.-P. Bavouzet-Morel and M. Messaoud. Computation of Greeks using Malliavin’s calculus
in jump type market models. Preprint, 2004.

[2] E. Benhamou. Smart Monte Carlo: various tricks using Malliavin calculus. Quant. Finance,

20



2(5):329-336, 2002.

M.H.A. Davis and M.P. Johansson. Malliavin Monte Carlo Greeks for jump diffusions.
Stochastic Processes and their Applications, 116(1):101-129, 2006.

V. Debelley. Analyse de sensibilités d’options Européennes dans le modele de Merton via
le calcul de Malliavin sur I'espace de Wiener. Mémoire de DEA, Université de La Rochelle,
Juin 2004.

E. Fournié, J.M. Lasry, J. Lebuchoux, and P.L. Lions. Applications of Malliavin calculus to
Monte-Carlo methods in finance. II. Finance and Stochastics, 5(2):201-236, 2001.

E. Fournié, J.M. Lasry, J. Lebuchoux, P.L. Lions, and N. Touzi. Applications of Malliavin
calculus to Monte Carlo methods in finance. Finance and Stochastics, 3(4):391-412, 1999.

Y. El Khatib and N. Privault. Computations of Greeks in markets with jumps via the
Malliavin calculus. Finance and Stochastics, 4(2):161-179, 2004.

D. Nualart. The Malliavin Calculus and Related Topics. Probability and its Applications.
Springer-Verlag, 1995.

N. Privault. Chaotic and variational calculus in discrete and continuous time for the Poisson
process. Stochastics and Stochastics Reports, 51:83-109, 1994.

Ph. Protter. Stochastic integration and differential equations. A new approach. Springer-
Verlag, Berlin, 1990.

A.S. Ustiinel. An introduction to analysis on Wiener space, volume 1610 of Lecture Notes
in Mathematics. Springer Verlag, 1995.

21



