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Abstract

The Taylor expansion is a powerful tool in the analysis of deterministic
functions. In the case of stochastic processes there exists already a stochastic
Taylor expansion for diffusion processes and some general existence results
for other classes of processes. We explicitly calculate a stochastic Taylor
expansion for multivariate Poisson processes. An extension to diffusion pro-
cesses with Poisson jumps is straightforward. The expansion is used for two
financial applications in the context of Risk Management.

1 Introduction

If we study local properties of a deterministic function the Taylor expansion plays a
crucial role. But stochastic processes do not behave in the same way as determinis-
tic function, therefore we can not do a deterministic Taylor expansion for stochastic
processes. There exist already some results about stochastic Taylor expansions for
diffusion processes (see for example [2] or [9]). Strongly related to the question of
Taylor expansions is the Chaotic Representation Property (CRP) derived for nor-
mal martingales, i.e. for martingales X such that (X, X); = ct, for some constant
c > 01in [4], or for Lévy processes with exponential moments in [11]. The CRP
gives us nice existence results of decompositions of L2 random variables on some
probability space in terms of orthogonal sequences of martingales. Although it is
sometimes in principle possible to calculate the coefficients of the expansion (see
[10]), the calculations may become quite involved.

In this paper we give a simple and explicit calculation of a stochastic Taylor ex-
pansion of a function of Poisson processes at a fixed time t. In the next section we
explain the idea in the one-dimensional case. In Section 3 we extend this result to a



multivariate Poisson process. Then we put the expansion of [9] and the expansion
for multivariate Poisson processes together. Finally we apply our results to various
examples related to Risk Management in Section 4.

The main tool we use is Itd’s formula. One possible general formulation can
be given as follows (see [15, p. 70ff]).

Theorem 1.1 (I1td Formula). Let X = (X%, ..., X") be an n-tuple of semimartin-
galesand let f : R" — IR have continuous second order partial derivatives. Then
f (X) isagain a semimartingale and the following formula holds:
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Remark. The Poisson process is a finite variation process. Furthermore it can only
jump finitely many times in each finite time interval. For such processes formula
(1) reduces to a much simpler form. As one easily checks we have:

F(X0) =F(Xo) + Y F(Xe) — f(Xso). 2)

s<t

Now the function f need not be C?. In fact we do not have to put any restriction on
the function f. Similar to the treatment of diffusion processes in [9] we recursively
use formula (2) for Poisson processes. Only in the end when we generalize to
jump-diffusions we have to use formula (1).

2 The univariate case

One basic object in this paper are Poisson processes:

Definition 2.1. A Poisson process N, with parameter A isa counting process start-
ing at 0 with stationary, independent increments and N ~Poisson(it).

We introduce the following notation:

Notation:

Given a function f : R — IR we define the difference operator A by: Af(x) =
f(x +1) — f(x). We then extend this notation. Set A°f (x) = f(x), A1 f(x) =
Af (x) and define Al f (x) = A(A=1f(x)) recursively.



Remark. The difference operator Af should not be mixed up with (AN) which
denotes the jump process of N,. The meaning should always be clear from the
context.

We now explain the main idea of the expansion. In the case of a Poisson process
one can easily rewrite 1t6’s formula as has been done in Remark 1. For an arbitrary
function f we obtain the following:

F(ND =)+ > (F(No) — f(Ns_))

O<s<t

=f(0) + > (f(Ng) — f(Ns_))AN;
O<s<t

=fO+ > (f(Ns- +1) — f(Ns-))ANs
O<s<t

t

=fO) + | (f(Ns- +1) — f(Ns_))dNs
0+

t
—1(0) + / AF(No_)dNs. 3)
0

n
The second and third equality follow from the fact that for a Poisson process
ANg = 1 in the case of a jump at time s or 0 otherwise. Then we use the defi-
nition of the integral in the Poisson case and finally the definition of the difference
operator A.

In the same way as above one can apply 1t6’s formula to the function Af (N).

S

Af (Ny) =Af<0>+/ ACAT (N ) dN,. ()
0+

Plugging (4) into (3) leads to:

+

t s—
f(Ny) :f(O)—I—/ <Af(0)+/ A(Af(Nu))dNu>st
0 0

t t S—
:f(0)+Af(0)/ st+/ / A% f (Ny_)dN,dNs. (5)
0+ 0+ JO+

We then go on inductively. To simplify notation and to get rid of multiple integrals
which show up in the expansion we use some well-known results related to multiple
integrals with respect to a Poisson process.

2.1 Multiple stochastic integrals

Multiple stochastic integrals with respect to the Poisson process show up in the
expansion. We use the following notation.

t t1— th-1—

Pt(n)(f):/ / / f(Ntn,)dNtn...dNtl, (6)
0+ Jo+ 0+

PO(F) =f ).



We simply write P™ in (6) for f = 1.
Example. We give some easy examples for this notation.

R =1,

t
P :/ dN,, = N,
0+
2 t t1—
=X (f):// f (N, )dN,dN, .
0+ JO+

We cite a result of [5, p. 23] which can easily be proved by induction.

Proposition 2.2. Given a Poisson process (N )o<t. Then we have for all n > 0

that:
N
Pt(n) = <nt>. @)

Proof. See [5] O

Example. This proposition gives an easy way of calculating multiple stochastic
integrals with respect to a Poisson process.

t S— 1
R® =/ dNydNs = >Ni(N; = 1),
0

0+
t ps— pu- 1
pt<3>=// / dN,dNydNs = ZNi (N = 1)(N; — 2).
0+ JO+ JO+

2.2 The stochastic Taylor expansion

We can now prove the following theorem.

Theorem 2.3. (Stochastic Taylor expansion for the Poisson process). Given
(Nt)o<t & Poisson processand f : R — IR. Then for all m € INy the following
expansion holds:

fw =3 2o ) + P ), @

i=0

Proof. By induction.

From (3) we have that f(No) = f(0) + f;, AT(Ns)dNs = f(0) + PY(AL ).
This is the statement for m = 0.

Assume the statement is true form — 1, i.e.

m-—1
f(Np) = ZN f(O)(l?t> + P™(A™f).

i=0



From (4) we expand the function A™f (N, ) and get:

tm

AT (N,) =AMf(0) + / A™Lf (tmrr—) AN,
0+

= PM(A™ ) =A"f Q) R™ + R™P (A™ ),
O

Example. Theorem 2.3 shows, how to calculate stochastic Taylor expansions for
arbitrary functions. Set for example m = 2, then:

1
F(ND =F(0) + (FQD) = TOIN + (1) =21 (D) + F(O)ZNe(Ne — 1) + R.

When we drop the remainder term R, the approximation is exact on the set {N <
2} as one can easily check.

The property of exactness of the truncated stochastic Taylor expansion for the Pois-
son process holds more generally. Define the truncated Taylor expansion f,(N;)
as:

n N
fn(Np) = ZAWO)( k‘>. ©)
i=0

Proposition 2.4. The truncated stochastic Taylor expansion f,(N;) for the Pois-
son process is exact on the set {N < mj.

Proof. By induction.

fo(Ny) = f(0) is exact on {N; = 0}.

m > 1. Assume the statement is true for m — 1. On the set {N < m — 1} we have
that (m) =0, hence fn_1 = fmon {N; < m—1}. By assumption fy_; isexact on
this set. It remains to show that f,,(m) = f(m).

A simple calculation shows that:

k K
k _ 1K+ :
A f(O)_E (-1 (i>f(|).

i=0
Therefore we can write

m m Kk
B K my ke K\ . /m
fm(m) =) " A f(0)<k)— > ( 1)+<i>f(l)<k)
k=0 k=0 i=0
m-1 m /K m
1K+ ;
z(z< B )(k)) i)+ Fm)

i=0 \k=i
=2 (T)D—l)k“‘(mk_ ') F0) + f(m),

i=0 k=0

N

[N

(1-1)m-i=0

and hence the Proposition is proved. O



Corollary 25. i) fn(Ny) — f(N;) aimost surely for m — oo.
i) If ||[fllLo < M, then we also have, that
fn(Np) — f(Np) in L! for m — oo.

Proof. To prove i) we use the following:

(suplfo—fl=ebc Jlifa—fi=acJthzt & JiN>n)

>
n=m n=m n=m n=m

BUtLLEm{Nt>'n}=:{Nt>'mL

n
=>PBWI%—f|>e]5mNt>m]:§:ngEL

nzm n>m n!
A m+1
( Y — 0asm— oo.
(m+l)'
We use Proposition 2.4 again, to show ii).
E[|fm_ f|] :E[|fm_ f|7 N; > m]
<E[|fml, Nt > m]+ E[| f|, Ny > m]
E[|f], N > m] <MP[N; >m] - 0asm — oo
|
[
A'f(0)] <M = M2
1A' f(0)] < Z (.)
= [ fm(N)| <M ZZ'< )
l<m
k A)K
= E[| fml, Nt > m] <M ZZ' Z (Oe‘“%
I<m  k>m :
kt)
=M —M(
el ())?
k>m I<m
_ (M) K
At |
<M Z i <|>2
k>m 1<k
=M Z e M O‘t) —At Z (3)\t)k mﬁoo .
k>m k>m

O

Remark. We can even prove the stronger assertion that the whole trajectory con-
verges uniformly, because | f (Ns) — fm(Ns)| = 0on {N; < m} for s < t. Therefore
we know that sups_ | f (Ns) — fm(Ns)| = 0 on {N; < m} and the proof is analogu-
ous to the proof for i) above.



3 The multivariate case

In this section we extend the result from Theorem 2.3 to the multivariate case. We
start with a d-dimensional Poisson process N = (N, ..., N\®) where N, N
are independent Poisson processes for i = j with intensities 4. We use now Itd’s
lemma again. As the main ideas become already clear in the two-dimensional case
we let d = 2. In the same way as in (3) we can write for any function f : IR — R:

FN)=f©0) + Y f(Ns) — f(Ns_)

O<s<t

=1+ Y (FND +1 N2) = F(ND, NE)) AN
O<s<t

+ (f(N;P, N2 1) — f(ND, NS(E))) AN
O<s<t
t t

:f(0)+/ Alf(Ns)dN;1>+/ Az f(Ns_)dN?, (10)

0+ 0+

where we have introduced the notation A; f (X, y) = f(x+1,y) — f(X,y) and
A T (X, y) = f(X, y+1)— f (X, y) respectively. The reasoning for the first equality
is exactly the same as in the univariate case. For the second equality we have to
note that ANY AN® = 0 a.s., as two independent Poisson processes do not jump
at the same times almost surely. Therefore we can divide the sum in the first line
and we have a f(Ns) = f (N + 1, N?) in the sum in the second line and the
equivalent in the the sum in the third line. The last equation follows from the
definition of the integral as above.

It is now again clear how to go on. We define g(Ns) = A f(Ng) fori = 1, 2.
Then we apply (10) to the functions g. Putting these expressions in the integrals
above leads to:

t
f(N)=f(0)+Af©0) [ AN +A,f(0) | dNP?
0+ 0+
t S—
+// A1(A1 T (Ny_)dNSPAND
0+ Jo+
t S—
+// A1(Ay T (Ny_)dNPAND
0+ Jo+
t S—
+// Az(A1 T (Ny_)dNSPANP
0+ Jo+

t S—
+ / / Agx(Ay T (Ny_)ANP AN, (11)
0+ JO+

We can now certainly expand each of the remainder integrals further but we do this
in a “symmetric” way, because then we are able to get rid of the integrals in the
expansion. We explain this treatment in the general d-dimensional case. To do this



we need some further notation.

Notation: A multi-index a of length | := I[(a) € {0,1,...} is a row vector
a=(a,...,a), where ax € {1,...,d}. The set of multi-indices is denoted
by M = {(&,...,aq) :q € {1,...,d},i e {l,...,1},1 =1,2,3,...} U {v},
where v is the multi-index of length zero.

We further define some operations on multi-indices which prove to be useful:
Givena = (ar,...,a) e M\ {v}andb = (by,...,by), c=(C1,...,Cq) € M
weset: —a = (&,...,q),

a— = (a,...,a_1) and
bxc = ((by,...,bmC,...,0Ch).

We define the permutation invariant set of multi-indices of order n with param-
etersiy, ...,ig € Ng,wheren>1landiy +---+ig = n as follows:

i, ig=1a=(a,....,a) :#laj =k} =ixforj=1,....,n, k=1,...,d}.

We also define the difference operator A, fora = (at,...,a) € M as:
|
Aaf () =]]AgfX.
j=1

One can easily check, that the difference operators commute. Therefore we have
fora e &, i,:

d i1,eeid . d .
Aaf(x) = 1‘[ A'J-j f(x) = (—1) @+ X1k 1‘[ ('f> fke,....ky). (12)
j=1 ke,....Kd r=1 ke

Sometimes only the number of each coordinate matters. Therefore we denote by
4i,..iq @ representative of each set &, ;, (one can for example choose the element
of &, i, suchthatay < a, < --- < a,). And finally we define the stochastic

integral of an elementa = (a, ..., &) € M and a function f recursively as:
f (N n=0,
Pa(fy = |
f0+ Pa_(f)s_dN& n > 1.

If f = 1, Pa(f); is denoted by P, as before. The following generalization of
Proposition 2.2 holds:

Proposition 3.1. Given a d-dimensional Poisson process (N, ..., N{*) where
N® NG areindependent Poisson processes for i # j. Then the following holds:

d N(j)
> Pa,t=]'[( ‘ ) (13)

. i
aediy ig j=1 !



Remark. If i; = n for some k then we have that &, ;, = {(],..., ])} and we are
back in the univariate case. The statement of the proposition reduces to Proposition
2.2.

Proof. (By induction on the order of &, ;,.)

n=1 4 . ={(@)} wherea; = j.
Y Par=Pye=N,
aesl |
I1..1d

which is the statement for n = 1.
Assume now that the statement is true for n — 1. By Proposition 2.2 we have that:

i () H L.
g (NJ”) _ (i’;"_l)dNt(” ifi; £0
i 0 ifi; =0

We now use the integration by parts formula [15, p. 76] to derive the differential of
the right hand side of (13). The bracket terms drop out because of the independence
of the Poisson processes.

d () d d ) &
N N2 N;= ®
(T1(5) ) =2 (T ) (o Jan

= N

In the second equality we have used the induction assumption and the last equality
follows from the definition of Py ;. O

We proceed as follows. We expand the remainder terms appearing in (11) in such a
way that Proposition 3.1 helps us to take many integrals together. A necessary con-
dition for this procedure is the commutativity property of the difference operators
A.

3.1 The stochastic Taylor expansion

We have now all tools to state a stochastic Taylor expansion for d-dimensional
Poisson processes.



Theorem 3.2. (The stochastic Taylor expansion a for d-dimensional Poisson
process) Given a d-dimensional Poisson process (N) as above and a function
f : RY — RR. Thefollowing expansion holds:

d (J)
f(Nt)_Z > A Idf(O)l_[( )

k=0 i1..... MENO =
i+ tHig =l

+ Y > PaAaf) (14)

i+ +Hg=m+1aesi, iy

Proof. By induction.
m = 0: When we make a similar expansion as in (10) for d Poisson processes we
get:

d .t
(N =f<0)+2/ A f (N AN
j=1 0+

=fO+ Y. D Padaf),

i +Ha=1aedi; iy

which is the statement for m = 0.
m > 1. Assume that the statement is true form—1, i.e.

d (J)
f(Nt)—Z > A, .df<0>1‘[< )

k=0 i1, |deW0
i1 +-+ig=l

+ Y ) PaAah

i1+-Hg=maesfl

By (10) we expand the functions A, f (N;). For each a € &;, _;, we have that:

d t .
Aaf(N) :Aaf(O)—l—Z/ AjAg f(Ng)dNS
—1 YO+

d

= Pa(Aa D) =Aa T O)Pat+ Y Pra(Ag)a b
i=1

Each possible combinations of iy, ...,ig € INg, iy + --- +ig = m contributes by
Proposition 3.1 A, F(O) ]}, (Nit(j”) and for the remainder we have that:

d
Z Z Zp(j)*a(A(j)*af)t = Z Z Pa(A, ).

i1 +--tig=maedi iy j=1 i1+ Hg=m+laesi, iy

Hence Theorem 3.2 is proved. O

10



In the same way as for the one-dimensional case we can show the exactness of the
truncated multivariate stochastic Taylor expansion f,(N;) on certain sets, where
obviously f,(N;) now is defined as

d

(J)
m<Nt)—Z > A, .df(0>1_[( ) (15)

k=0 Il.,,,,idelNo

i1+-+ig=l

d (J)

(= 2 2ueroll(5)
,,,,, igeNg
|1+ Hig=m

The following generalization of Proposition 2.4 holds:

Proposition 3.3. Thetruncated stochastic Taylor expansion f,(N;) isexact on the
set &m = UIN® <ig, ..., N <ig} o (NP < [myd), ..., N©@
< Lm/d]}, where the union hasto be taken over all combinationsi;+- - -+ig < m.

Proof. It suffices to show the following: fn(N;) is exact on the set {NV =
Ni, ..., N =ng} forany ng, ..., ng such that ng + - -- +ng < m.
We definem’ = ny+---+ng, A = (N, ..., Ng)and k = (kq, . .., ky). We examine
(15) and remark that if there exists a j such that nj < i; then [] (?JJ) =0, i.e. all
combinations of iy, ..., ij with this property do not contribute to .

= fn(R) = Z > Alkif(O)l_[< )

k=0 i1+-+ig=k
ij=nj

25y ST ()

k=0 ig+-+ig=k kq,..., r=1 j=1
|J<nJ
m ng,. d n:
Yij+k j
IR IRCID IC T
k=0 ki, i1+-+Hg=k r=1 j=1
ijgk kj <ij=nj
m ng,...nq ki
— Sij+k J
-y oy m(, ") X e mH( )
k=0 kqi....kg i1++Hg=k =1
2 kj <k kj<ij=nj
m ng,. d n; k
>y f<k>r[( ) X oz (M ),
k=0 k... J i1 +-+ig=k—K j=1 ']
ij fk 0=ij =nj—k;

where k' = ) "kj. Butnow we fixk; < ng,...,Kg < ngsuchthatk +---+kg =

11



k" < k and examine the coefficient of f (k;, ..., Kq).

d n; . 4 /n—k
10,75, = (")
Ilotljtlgj kkJk J_l

d n: m _ d ni — ki
=11, - )Z (_1)2”1_[(]« J)
' I k=K' ig+-+ig=k-K j=1 J
0<|J<nJ kJ

m/ Kk’ d N nj—k,-
l_[<—1)'1< . )
y

If kj = n; for all j then the coefficient is 1, in all other cases the coefficient
vanishes, which proves the Proposition. O

Corollary 3.4. i) fn(Ny) — f(N) almost surely asm — oo.
i) If || f]l.e < M, then we also have, that
fn(N) — f(Np) inL*asm — oo.

Proof. i) By Proposition 3.3 we know that the truncated Taylor expansion is exact
on the set &, = () Nt(') < m}. Itis a well-known property of Poisson processes
that 3" N ~ Poisson(3_ A;t). Therefore we use an analogous argument as in the
proof of Corollary 3.4 to prove i).

ii) Define g, = {N® < [n/d],.... N < [n/d]} = {max;_;_4 N < [n/d]}
and M, = Y. N{ < [m/d]. Obviously we have the following mclusmns. My C
Gm C Em. Therefore

Ell fm— f11=E[|fm— f|, 51 < E[| fm — f|, 5]
<E[l ful, 51 + El f1, §51 < Ell fml, M1 + M P[G5] .
N——

—0

12



By (12) we have that |A, f (0)| < 2'@ M.

m ()
Ell fml. MG <ME[Y 26 >~ (Nt ),Mr‘,i]
k

k=0  iy+tig=

m d
<ME[ZZK ZNt(J) ’MC]
k=0 j=1
m m |k ~)~L|
<ME[Y 2. S > m/djl=M Y 2% Ee*kl—',
k=0 k=0  I>[m/d] )

where we used the abbreviation ¢ = > N, but Sy is again Poisson dis-
tributed with parameter A = t) A;. The sums in the last expression are inter-
changeable and therefore we have:
A& (21K
C —A
E[|fm|7d%m] <M Z € T‘ZT
I>my/d) k=0

) . (red)

_ —A I _ —A
=M > e I—‘e2 =Me™ >~ .

!
I>m/d] ) I>m/d] :

This last expression again tends to 0 as m — oo and the proof is finished O

Remark. - The infinite sum exists and gives us a chaos expansion in terms of the
non-compensated Poisson process. If we then turn to the compensated Poisson
process and adjust the coefficients we have the explicit form of the chaos expansion
for the compensated Poisson process. This expansion has the advantage that it
consists of a decomposition in terms of strongly orthogonal processes which may
simplify many calculations.

- Theorem 3.2 shows in particular that a standard Taylor expansion is completely
useless. As the Poisson process can only jump up one unit the important parts of
the function f are of course the values of the function at the positive integers and
zero.

- It is of course possible to expand some Poisson processes further than others
and it is possible to write an expansion which is no longer symmetric. For the
ease of exposition this special treatment has been chosen. The general case is a
straightforward extension of our results.

3.2 The Diffusion-Poisson case

The obvious next step is to extend the method to a multivariate process %, X; =
XY, xP), where X is an r -dimensional diffusion process, i.e.

t t
X =X + [ as xrds+ [ bis. X)dB, (16)
0 0

13



with & (t, X), by (t, x) Borel measurable functions; 1 <i <r,1 < j < m,
(Bt)t=0 m-dimensional Brownian motion on a fixed probability space (2, #, P)
with filtration (#¢). The coefficients a(t, x) and b(t, x) satisfy the global Lifschitz
and linear growth conditions (see [8, p. 281ff]) to ensure existence and uniqueness
of the solution of (16).

The process X2 = (N, ..., N(?) is a d-dimensional Poisson process as in the
previous section. In the following we change the notations a little bit and follow
the notation of [9]. The components of a multi-index ¢ = (a, ..., &) can now

vary between 0 and m+d. We define the following operators:

S I L 92
L =ﬁ+§a“’x)_xi +§i;;bij<t,x>bkj tO57e @
- d .
L :izlzbij(t,x)a—xi forl<j<m, (18)
LX=Amy form+1<k<m+d, (19)

Of course we define the operators L2 for a € M recursively as L2 = L&L~2, We
define also the following multiple 1td Integrals with respect to “suitable” functions
f and a multi-index a= (&, ..., &).

f(t, Xt) 1 =0
) flalfe Xlsds =18 =0,
o[ f (- XDt = f; XL dB® 121 1ca<m
o la[f (o X))smdN@ I >1 m+1<a<m+d.

Remark. The only restrictions on “suitable” functions stem from the integrals with
respect to Brownian motion. We define similar classes of functions as in [9].
Namely:

H, ={f:vt >0, |f(t,w)| <ocoPas.} (20)
t
Hy ={f : ¥t >0, / | f(t, )|ds < co P as.} (21)
0
t
Hay ={f : vt >0, / | f(t, w)?ds < oo P a.s.} (22)
0
Hjy) = Hq forall j =1,...,m. Fora € M with at least one component less
then m we define o = (&, . . ., a;,) the collapsed multi-index, where we deleted

all components bigger than m.
H, is recursively defined to be the set of cadlag processes such that the process
(lge—[T()]o.., t = 0) satisfies lo._[f()]o. € Haj)-

We recursively use 1t6’s lemma to derive a stochastic Taylor expansion for

14



processes X; defined as above. Using formula (1) we have that:
f(t, X)) =f(0 X)-l-/t af(s Xs_)ds + Er /t i (s x<1>)af (s, Xs_)ds
s I\t » /N0 - ot y /NS— — 0+a1 s /N\g 8Xi y NS—
Zm tzr w, f (i
+ bij (s, X , Xs_)dB!
i1 /o+ -1 (S %s )3Xi (8 Xs-)aB,

vy [ @ a0 f

- bii (s, X )byi (s, X&) —— (s, Xs_)ds
+2iééﬁ+ (8 X5y (8, XS 525 Xs)
m+d

t .
+ Y / A f (s, X )dNI—™
0+

i=m+1

With the help of the notations defined above we can write this in a more condensed
form, namely:

m+r

ft, X0 =F0, Xo) + Y IH[LDf (¢, Xl (23)
j=0

Similar to the strategy of the proof of the 1td-Taylor expansion in [9] one can prove
the following theorem.

Theorem 3.5. Let 4 C M beahierarchical set,andlet f : R" x R" x RY — R,
then the It6-Taylor expansion

Ft, X0 =Y 1ol fa0. X0k + D lalfal, XDk (24)

aEA aeB(A)

holds, provided all of the derivatives of f, a and b and all of the multiple 16
integrals appearing in (24) exist.

Proof. The proof of this theorem is analogous to the proof in [9] and the proofs of
the previous theorems. O

Remark. It is straightforward to extend this result to the case of bounded stopping
times, i.e. instead of considering the interval [0, t] we can look at [p, ], where p
and t be two stopping times with:

th<p <t(w)<T w.p.l

The task of establishing convergence results for the Poisson-diffusion case has still
to be resolved.
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4 Applications to Risk Management

The first application considers a simple jump-diffusion. We assume that the log-
returns of some financial risky asset are given by:

X = ut + o By + (NP — N?), (25)

where B is a standard Brownian motion, independent of two independent Poisson
processes with the same intensity A. We assume that the annual volatility is 0.2, the
annual drift is 0.07. Furthermore the jump-size c is 0.05 and 75% of the variance
are explained by the Brownian motion part which implies that A = 2. Our market
consists of this risky asset together with a riskless asset with price process ¥ =
exp(rt).

We consider the case of a Call option in this market. As the market is incomplete,
one may argue about the proper way to price this option. We do not want to discuss
problems of option pricing in incomplete markets and simply take the Esscher
measure (see for example [6]) for pricing. So the price of the Call can be given
as:

C(x,t) =Eqle"TV(Sr — K)1 IS = S€¥], (26)

where the Radon-Nykodym derivative of Q with respect to P is given by dQ/dP =
exp(@ X — K(0)). The parameter 6 is the solution of K (6 + 1) — K(0) =r, where
K denotes the cumulant generating function of X under the physical measure P.
For the following § and K are chosen equal to 1 and the risk-free interest rate
r = 0.05, the time to maturity T = 1/2. A stochastic Taylor expansion C(t) for
this function can easily be done according to Theorem 3.5. As hierarchical set we
choose A = {n(a) + | () < 2}, n(«) denotes the number of zeros of o and I («)
denotes the length.

~ C
E(t) =C(0, 0) + (Cio) + uCapt + Cay By + %1) B2 + CoN® + CgN?
) 2 N N
+ Bi(Cap (" + Cag) N + C(ZZ)( 9 ) + C(SS)( 5 )
+ Cay NI NP, where (27)
C, =L2C(0,t) and a € . (28)

This expansion is then used for short-time risk management. Assume we are inter-
ested in the possible changes of the value of the option over t = 5 days. The func-
tion C(x, t) is strictly monotonically increasing in x and therefore we can approx-
imate the exact density of C(X;, t) by conditioning on the number of jumps and
truncating the infinite sum at an appropriate level. We compare the exact density
with the results from simulation. We simulate 500’000 times the three-dimensional
vector (W, N, N{?) and perform a non-parametric density estimation with the
kernel k(x) = 15/8(1 — 4x?)? for |x| < 1/2, and 0 else. Figure 1 shows the exact
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density and the non-parametric density estimation and the relative error of the ap-
proximation.

257 Rel. error

0.15 - ‘
20 I
\ A ‘\
0.11 L

I

\‘

151 0.05

o

10

—-0.05 1

0 004 006 008 x01 012 014

Figure 1: Exact density and non-parametric density estimation for the Call option
and relative error of the approximation with respect to the exact density.

The interval shown captures 99.8% of the mass of the distribution. Figure 1
indicates that in this case we can approximate most risk measures which only de-
pend on the distribution.

Next, we apply the approximation to a more sophisticated model. We now
exploit the well-known approximation of a Lévy process X with characteristic
triplet (y, o, v) by discretising the Lévy measure v. We choose some small ¢
and let all jumps smaller than ¢ contribute to the diffusion part of X. Then we
make a partition of IR \ [—e, €] of the following form. We choose real humbers
Q<a<--<=—€€=a < <--- < ags1. Define X@ by:

d
X = yt+onBi+ Y G(N® — At with (29)
i=1
On=0 +/ x?v(dx) (30)
i1, & fori <k
i v([g_1, &) fori < | 31)
v([g,a41) fork+1<i=<d
& x2pdx)  fori <k
chi= 1400, -0 32)
Jo T xPu(dx)  fork+1<i<d
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Remark. The procedure is explained for example in [16]. By [13] one can show
that X@ — X weakly in the sense of the Skorohod topology for d — oc.

The further strategy is similar to the strategy for the jump-diffusion. We want
to do risk management for a Call option. Again the Esscher measure is used for
pricing and Formula (26) holds. We calculate the exact density of the Call and the
result from a non-parametric density estimation obtained from 500’000 simulations
of the approximation for two Lévy processes, namely a NIG Lévy process (see
for example [16]) and a Lévy process of Meixner type (see [7] or [18]). These
two processes are both pure jump processes. We recall the density, the cumulant
generating function, the drift and the Lévy measure for these two processes.

V2B (- K _
A L L 1@ 9X = 9) (g

g(x; 8) =v'x2 + 42

Knio(©; o, B,8, 1) =6 +6 (Vo2 = 2 = Ja? = (B+6)?),  (34)

280 1.
(e, B, 8, ) =p + 7/ sinh(Bx) K1 (ex)dXx, (35)
0

Saef*Ki(a |X|)dX.
7 |X]

vnic(dX; a, B, 8, u) = (36)

The function K1 (x) denotes the modified Bessel function of the third kind of order
1 (see for example [12]). And now for the Meixner case:

By25 L% i, [\
(2 cos £)?%e"a (|F(8+'XT”)|)

ral'(23) ’ S

fMei(X§ «, ﬂv 87 /"l’) =

Kwvei (0; a, B, 8, ) =10 + 268 (Iog cosg — log cos a 9; ﬁ) , (38)

i b b b - X
Mei (Ol ,8 ,bl,) M o /; sinh 2X
1) eﬂux

__dx. 40
xsinh%X X (40)

vmei (dX; a, B, 8, ) =
From the form of the cumulant generating functions one easily deduces that the
density at any time t can be calculated by multiplying the parameters § and w by t
for both cases. The parameters for the Esscher transforms are also easily found. In
the NIG case one only has to shift 8 to 8 + 6 to get the density under the measure
P, and similarly from 8 to 8 + a6 for the Meixner case.
The parameters are chosen from moment estimates of the Nikkei index over the
period 01.01.97 to 31.12.99, which give us in total 737 daily observations. The
estimated parameters are («, 8,8, u) = (49.78, 1.57, 0.013, —0.00044) in the
NIG case and («, 8, 8, ) = (0.030, 0.13, 0.57, —0.0011) in the Meixner case for
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daily returns. The statstical justification for this specific data set can be found for
the case of the Meixner process in [17]. Similar investigation has been made for
the NIG case for example in [14].

For the discretisation we choose in both cases ¢ = 0.005 and the a are chosen
symmetric with |&| € {¢, 0.008, 0.0125, 0.02, 0.04, 0.08, 0.2, co}. Figure 2 shows
the comparison of a non-parametric density approximation obtained from 500’000
simulations of (29) in this case and the true density in the NIG case, the Meixner
case being similar. The interval shown for the relative error captures over 99.5% of
the mass of the distribution. The price of a Call option in this market can be written

|
Rel. error | |
0.06 ‘

\ 0.04 ] | \

| [l 0.02 4 [ ‘

L AT |
o T TEoos [T 0 [ 0.05 [ (?.l \
“\ / “ X‘\ ‘

| ‘
\ / [\ A |
V | o\ A | ‘

—0.04 |
015 -01 -0.05 077005 01 015 |
X

Figure 2: Density and non-parametric density estimation from simuating (29) for
the NIG process and the corresponding relative error of the approximation with
respect to the true density.

again as (26). A stochastic Taylor expansion C(t) for this function can easily be
done according to Theorem 3.5. As hierarchical set we choose A = {n(a)+1 () <
2}. So the form of the stochastic Taylor expansion can be given as (27) with the
obvious difference that now we have 14 independent Poisson processes. The results
in the NIG case are shown in Figure 3 and the results in the Meixner case are
shown in Figure 4. These two processes are chosen in order to get rid of any
problem concerning Fourier inversion, as we can explicitly give the density for any
time horizon as outlined above. Therefore we can compare the results obtained
from simulations with the exact results. The interval shown captures 99.6% of the
mass of the distribution. Figure 3 and Figure 4 show that the stochastic Taylor
expansion can be used in this context. Suppose one has to assess the magnitude
of possible losses for a more complicated derivative in a Lévy type model. If one
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Figure 3: Density and non-parametric density estimation for the Call option and
relative error of the approximation with respect to the true density for a NIG Lévy
process.

has to rely on simulations, it can be very time consuming to evaluate the derivative
for each simulation. Using the method outlined above one roughly has to evaluate
the derivative d(d 4 5)/2 times where d denotes the number of Poisson processes
used for the approximation. This can often lead to a significant speed-up of the
procedure.

Finally we compare two approximated risk measures obtained from simulations
with the exact calculations obtained from the NIG Lévy process. The accuracy
of this approach is compared to results obtained from the Black-Scholes model,
i.e. we fit the daily log-returns to a normal distribution. The two risk measures
considered are the Value-at-Risk (VaR) and the Tail conditional expectation (TCE).
The VaR of a random variable X (which stands for the random outcome of some
financial position over a fixed time horizon) for some fixed level « is defined as:

VaRa(X) = _qa(x)’ (41)

the negative a-quantile of X, which is defined unambiguously for our example.
The TCE with level «, denoted by TCE,, is the risk measure defined by:

TCE, (X) = —E[X|X < —VaR, (X)]. (42)

For further particulars of these risk measures we refer to [1] or [3]. The follow-
ing tables give an overview over the obtained results, where we calculate the risk
measures for X being the value of a Call option in the NIG market after 5 days.
The column “relative error” calculates the relative error of the empirical quantile
obtained from the simulation of the approximation with respect to the true quantile

20



0.25 “‘\RGL error
A

20
/ \ |
\ 024/ |
15+ [
\ \ I

\ \ o
‘\ 0.15 ‘ 1.

o

0.02 004 006 008 01 Xo.iz 014 0.16

' i | /
0] 004 006 008, 01/ 012 014 [0.16
\ \_/ X
VA

\J

/
/
/

/\/

Figure 4: Density and non-parametric density estimation for the Call option and
relative error of the approximation with respect to the true density for a Meixner
Lévy process.

in percent. The column “quotient with BS” shows the quotient of the relative error
for the Black-Scholes approximation divided by the relative error for the approx-
imation. With the exception of the 0.005-quantile and the TCE for the level
0.01 all errors are smaller for the approximation outlined in this chapter than for a
simple normal approximation, which is admittedly the least we should expect. The
biggest percentage error for these risk measures is only about 2%.

level | exact quantile | relative error | quotient with BS
0.001 0.0273 1.91% 5.24

0.002 0.0307 1.66% 2.97

0.005 0.0358 0.694% -.617

0.01 0.0401 0.363% -9.90

0.02 0.0449 0.00309% -1970

0.05 0.0520 0.108% -74.6

Table 1: Comparison of lower quantiles for different levels.
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level | exact quantile | relative error | quotient with BS
0.95 0.121 -0.431% 37.2
0.98 0.135 - 0.135% 102.
0.99 0.146 0.477% -23.1
0.995 0.158 0.646% -13.9
0.998 0.173 0.865% -8.26
0.999 0.186 0.894% -5.92

Table 2: Comparison of upper quantiles for different levels.

level | exact TCE | relative error | quotient with BS
0.001 | 0.0235 1.40% 11.7
0.002 | 0.0266 0.669% 15.2
0.005 | 0.0310 0.198% 19.3
0.01 0.0348 - 0.407% 0.752
0.02 0.0391 - 0.998% 3.79
0.05 0.0452 - 0.939% 7.14

Table 3: Comparison of TCE for lower quantiles for different levels.

level | exact TCE | relative error | quotient with BS
0.95 0.137 -1.92% 15.4

0.98 0.152 -1.15% 19.2

0.99 0.163 - 0.426% 37.0
0.995 0.176 0.0459% -253.0
0.998 0.192 - 0.0296% 287.0
0.999 0.205 0.171% -325

Table 4: Comparison of TCE for upper quantiles for different levels.
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