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Abstract

This paper presents a new approximation formula for pricing multi-dimensional discretely
monitored average options in a local-stochastic volatility (LSV) model with jumps by apply-
ing an asymptotic expansion technique. Moreover, it provides a justification of the approx-
imation method with some asymptotic error estimates for general payoff functions. Partic-
ularly, our model includes local volatility functions and jump components in the underlying
asset price as well as its volatility processes. To the best of our knowledge, the proposed
approximation is the first one which achieves analytic approximations for the average option
prices in this environment.

In numerical experiments, by employing several models, we provide approximate prices for
the listed average and calendar spread options on the WTT futures based on the parameters
through calibration to the listed (plain-vanilla) futures options prices. Then, we compare
those with the CME settlement prices, which confirms the validity of the method.

Moreover, we show that the LSV with jumps model is able to replicate consistently and
precisely listed futures option, calendar spread option and average option prices with common
parameters.
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1 Introduction

It is well-known that discretely monitoring average options are mainly traded in over-the-counter
(OTC) commodity markets. However, it is a tough task to compute an average option price with
the computational speed fast enough for the practical purpose, mainly due to the difficulty of
the analytical tractability. For instance, although the Monte Carlo method is easy to implement,
it requires a substantial computational time to obtain an accurate value. On the other hand,
analytic approximations for pricing discrete average options are rarely known except for models
which are too simple to replicate the volatility smile and skew.

To overcome the difficulties, this paper develops a new analytical approximation formula for
average option prices with the model which is able to reproduce the market volatility structures
consistently.

Our contribution is summarized as follows:

e Derived asymptotic expansions for approximating average option prices under multi-dimensional
general diffusion processes with jumps, which is a necessary setup for applications in prac-
tice. To obtain this formula, we need new conditional expectation formulae with some
approximation techniques, which are not shown in previous papers: We note that al-
though LSV with jumps models for basket option is considered in [34], the formula derived
by [34] cannot be applied to pricing average options.

e Showed that the LSV with jumps model is able to replicate consistently and precisely listed
futures option, calendar spread option and average option prices with common parameters.
Although the similar analyses are done in [32] or [33], they used models without jumps
and did not take account of spread options for calibration of the correlations between
two futures prices underlying in target average options. In particular, we demonstrated
that our method works well for SABR and Heston-type stochastic volatility with LV (local
volatility) plus jumps models which are able to calibrate to the futures, spread and exotic
option markets better than the models without jumps. Hence, the current work provides
an important extension of our previously developed methods.

e Provided a justification of our approximation method with some asymptotic error estimates
for general payoff functions in Section 3. The previous papers (e.g. [32], [33], [34] and [35])
did not provide such a consideration. Moreover, we confirmed the consistency between the
theoretical asymptotic errors in Theorem 3.2 with Appendix C and the numerical errors
in Figures from 3 to 8 as well as the ones in Figures 9 and 10 showing stress tests with
regard to parameters.

As for pricing discretely monitored average option, Cai et al. [6] derived an approxima-
tion formula under one-dimensional general diffusion processes by the recursive method. Fusai
- Meucci [17] provided a recursive algorithm as well as a control variate technique to price
discretely monitored average options under the general exponential Lévy process. Fusai - Kyr-
iakou [16] derived lower and upper bound under processes whose characteristic functions are
known. For the one-dimensional time-changed Lévy process, Yamazaki [43] calculated the price
by applying Gram-Charlier expansion, and Zeng - Kwok [45] derived accurate lower and upper



bounds. For more general case, Cai et al. [7] recently proposed a general framework for average
option prices under general one-dimensional Markov processes. For continuous average options,
Cai et al. [8] derives analytical approximations under general regime-switching Markov models.

However, in order to evaluate most of the average options traded in commodity markets, we
need multi-dimensional models with multiple underlying assets to describe the concrete feature
of the products. For example, in WTI average options, the underlying price is the average of the
settlement prices of the first nearby WTI futures contract during the last one month prior to the
maturity of the option. We also note that the expiration of an average option is the last business
day of a calendar month, while trading of a WTI futures contract usually ceases on the third
business day prior to the twenty-fifth calendar day. For example, we assume time-t prices of two
futures contracts with maturities 7} and T4 as fi(¢,71) and fa(t, T%), respectively. In addition,
let the reference dates t1, - - - ,t,, for the first contract and #7, - - - ,¢;,, for the subsequent contract
with relation t < ¢y < -+ <tn, <t} <--- <t,, = T. Then, the underlying price Ar of the
WTI average option with maturity 7' is expressed as follows:

1 ni no ,
Ar = m (Zfl(ti,Tl) +Zf2(ti,T2)) ) (1)

i=1 =1

and the payoff functions of average call and put options with strike price K are given by
max {Ar — K,0} and max {K — Ar,0}, respectively. Hence, the settlement prices of WTT fu-
tures contracts with two consecutive maturities are relevant for the underlying price of the
average option. Similarly, calibrations to listed WTI futures option with two consecutive matu-
rities are relevant for pricing an average option based on the market information. Clearly, these
features are also true for a calendar spread option by definition of the contract.

The proposed models in the current work take the specific features embedded in commodity
derivatives into consideration, which have not been incorporated in other papers for pricing
average and spread options. While Shiraya - Takahashi [32], [33] approximated the option
values under multi-dimensional local-stochastic volatility models, it only considered the models
without jumps, which are less capable of duplicating the real markets than the models treated
in this paper. We remark that there exist other interesting works on spread options such as Alos
et al. [2], Alos - Leén [1], and Caldana - Fusai [9].

Although local-stochastic volatility (LSV) models are mainly used in the market practice,
they are not always enough to fit a volatility smile and skew. Hence, some advanced researches
investigated a local-stochastic volatility with jump model. For instance, Among them, Eraker
[14] found that the models with jump components in the underlying price and volatility pro-
cesses showed better performance in fitting to option prices and the underlying price returns’
data simultaneously in stock markets. Sepp [30] showed the necessity of jumps on volatility to
calibrate to SPX and VIX skews simultaneously. Pagliarani - Pascucci [29] derived an analytical
approximation of plain-vanilla option prices by applying the adjoint expansion method. Li [26]
introduced the closed-form likelihood expansions for jump-diffusion models as an application
in statistics. More recently, Shiraya - Takahashi [34], [35] obtained an analytical approxima-
tion formula for basket option prices with local-stochastic volatility with jump diffusion model.
However, they have not provided asymptotic error or justifications for the approximation of
non-smooth functions, and their conditional expectation formulae can not be directly applied to



pricing the average options. This paper is the first one that derives an analytical approximation
formula for the discretely monitored average option price and its asymptotic error, which means
the order of the approximation error with respect to a small noise parameter ¢, under a model
which admits a local volatility function and jumps both in the underlying asset price and its
volatility processes. Our closed form approximation has an advantage in making use of the
better calibration to the traded listed options whose underlying assets are included in average
and spread options’ underlying. We also note that the formula is general enough to be appli-
cable to pricing discretely monitored average options, which are popularly traded in practice.
In addition, since continuously monitored average options can be calculated in a very similar
way, and there are no continuously monitored options in real markets, we omit the details in
this paper. We also remark that there exist mathematically interesting researches on continu-
ously monitored average options such as a recent work by Cai - Kou [5]. On applications of an
asymptotic expansion for Wiener functionals to continuously monitored average options, please
see Kunitomo - Takahashi [24] [25], Shiraya et al. [37] and Takahashi [39].

The numerical experiments provide estimates of average and spread option prices based on
the parameters obtained by calibration to the market prices of WTTI futures options in local-
stochastic volatility with jump models. Then, those estimated prices are compared with the
settlement prices of average options and spread options traded on CME Group, and we show
our model and method work well in practice.

For the 3rd order (%) corrections, we use the ones obtained by a model without jumps
rather than with jumps because of the substantial increase in the computational burdens of the
3rd order expansion for the jump components. However, the 3rd order corrections only for the
diffusion terms improves approximations effectively in numerical experiments, whose details will
be shown in Figures from 3 to 8. We note that deriving more conditional expectation formulae
enables us to obtain the full 3rd order corrections.

We also remark that in principle, our method can be applied to general local stochastic
volatility with jumps models. However, infinite activity models are not treated, because we
need to develop some computational technique other than the one applied in the current work.
Hence, the explicit numerical evaluation in expansions for models including jumps with infinite
activity will be one of our future research topics.

The organization of the paper is as follows: The next section discusses an asymptotic expan-
sion method for general stochastic differential equations (SDEs) with jumps. Section 3 shows
the validity of our method for option pricing, which is a special case of an asymptotic expan-
sion for a non-smooth functional of the solution to the SDEs with jumps. Particularly, we
discuss in details on local stochastic volatility with compound Poisson jumps models used for
the numerical analyses in the following sections. In Section 4, after describing the structure
and our model specific for the average options on commodities, we derive a new approximate
pricing formula based on the asymptotic expansion technique given in Section 2 and 3 for local
stochastic volatility with compound Poisson jumps models. Section 5 shows numerical examples
of approximate prices for average and calendar spread options on the WTI futures by using the
parameters through calibration to the plain vanilla option prices, which are compared with the
CME settlement prices. Section 6 concludes. Appendix A provides two propositions used in
Section 3. Appendix B gives proofs of Theorem 3.2 and Corollary 3.3. Appendix C discusses
error estimates of our asymptotic expansions. Appendix D shows the effect of the third-order



expansion for jump components.

An online appendix (Shiraya-Takahashi [31]) provides results omitted in this paper. Namely,
it explains all the definitions and equations necessary for practical computations of an option
pricing formula in Theorem 4.3. It also lists up the conditional expectation formulas used in the
derivation of the theorem.

2 Asymptotic Expansion for SDE with Jumps

In this section, we describe an asymptotic expansion of the solution to a multi-dimensional
perturbed SDE with jumps, which is an ingredient for deriving approximations of the underlying
random variables for average and spread options.

On Wiener-Poisson space (2, F, P), suppose a filtered probability space satisfying the usual
conditions (2, F, P, {Ft}+>0) is given. Then, let X; (¢ € [0,T]) be a D-dimensional process which
satisfies the following SDE:

Xt:x+/0tu(s,Xs)ds~l—/ B (s, Xy )dW, +Z//Ewszx YNi(ds,dz),  (2)

withz € RP; p: [0, T]xRP xQ = RP, & : [0, T|xRP xQ = RP xR™, v,: [0,T] x E; x RP x
Q) — RP, are predictable processes; W is a m-dimensional Brownian motion; Each N;(dt, dz) is
a Poisson random measure on [0,7] x E; where (E}, E;) is a measurable space with E; C R,
e; € N; The intensity measure of Nj is dt x v(dz), where v;(dz) is a positive o-finite measure on
(Ey,E;). Then, Ny(dt,dz) := Ny(dt,dz) — dt x v(dz) is a compensated Poisson random measure.

Let us next introduce a perturbation parameter € € [0,1] to the processes X, and the
perturbed process X (9, which is the solution to the SDE:

t
Xt(e) :a:—i—/ ,u(s,XL‘EE_))ds—&—e/ (s, Xe) dWs —1—2/ / (s, €2, X( )N;(ds, dZ),
0

with 7;(s,0,2) = 0. Hereafter, let us use the same notations ®, z E; instead of ®, 7 and Fj as
in the original process: That is,

t
X :a;+/ ,u(s,XS(E_))ds—&—e/ o(s, X')aw, +Z/ / (s, ez, X' D) Ny(ds, dz), (3)
0

with 4;(s,0,2) = 0. Please see an example in Appendix C (particularly after the equation (109))
on a discussion for an error estimate of an asymptotic expansion of a perturbed SDE. Here, we

introduce the notation [A| = />~ ;a7 2 - for any matrix A = (a;;), |a| = ;a2 for any vector
a = (a;). Then, we suppose the followmg conditions.

Condition (A)

z@) € C%(2), p(t,x), D(t,2), (t, 2,)/m(2), st ez 2)/m(z) € C(x) (j € N),
(l=1,---,m) withn : B, >R, n € ﬂngLp(El,I/l).



i |u(t,0)], |®(t0)], vt z0)/m(2), |a%’yl(t €z,0)/m(z)] < Z; for j 6 N. There exits a
predictable process Z;, such that Z; satisfies ||| Z7|||, = (fo |Zt\p]dt) < oo for Vp > 1.

Under Condition (A), we are able to apply Proposition C.4 (or the subsequent related results)
in Appendix C to obtain the LP-boundedness for all p € [1,00) of the solutions to a (graded)
system of the SDEs, which consists of Xt(e) and %Xt(e), 1 < j < J for an arbitrary J € N: that
is, forany p>1,0<i< Dand 0 <j < J,

p] < 00. (4)

We note that Xq(f) has a smooth asymptotic expansion in a sense that for an arbitrary
NeZi(N=0or NeN),

N n
X =SS x = o e,

|
= n!
. n 3t (€)
with X\ = (xp™ . x Py xie _ X | € L7, where C(T) is an increasing
function of T'. It means that -
(e) N ey (n)
. HXT - Zn:O HXT Ip
hmf(.)up NI < o0, for Vp > 1,
€

that is, for Vp > 1,

N P N N+1 P
: 1 () € v : (1-w) (N+1),(ew)
11H61¢S()up N1 E ‘XT — ; EXT = hrrel\LsOup 6N+1 — Xy du
1 (N+1),(eu)
< — sup E HX ’ ] < 0. (5)
(N + 1)' u€(0,1] T
Moreover, g S X, © = ((%;th ’(6), cee %XtD ’(6)) is recursively determined by the following:
For any multi-index a = o) := (ay,--- ,a,) € {1,---,D}", v > 1 with the length |a(")| = 7,
and dl(r) = (&1, ,a,) € {1, ,el}’i, we denote by 0", the partial derivative 390(11?%3%’
and by (925?) the partial derivative 82(&[’1"7'«82&1’%. Let
i@n._ 19" i
X, = 86"Xt . (6)
Then,
‘ (n)
Xt%(e)m _ Z / (H Xal,(e nl> 9" -)Mi(u,XL(LE))dU
n(T) a(r)



- Z / ( X[L"l’(g)’”l>Z@g(T)@,j(u,Xég))dWZ

j=1

(zni / (HX‘”’ ¢ "l) S Py, X)W
55 o b ol O {1 ER

I'=17"=0 4 A7) C!(T) n(r) a("”)

f.

X@Z(,@)W%(u, ez, X9 H(’Zé‘u,z)ﬁi Ny (du, dz), (7)
! =1
where i = 1,---, D, 24, . stands for the d, ;-th element of zp = (20,1, 2 ¢, ), and

n() o) r=lni+--+nr=n,m>1a)c{1,.. ,D}"

(Z -y ¥ > L ®)
ooy Y > L o)

QRN Pl A=y 21 6 (D el e}

r 3 (€)
10X and AP0 =1, D

denote the j-th elements of Xt(r). For r > 1, th ’(T), 7 =1,---,D is recursively determined.

Further, let us define a notation when € = 0 as Xt(r) =

Example 2.1. For an example to introduce the perturbation parameter into a model, we show
the case of Merton jump diffusion model which is expressed as

t t
St—50+/u5’ ds+/aS —dWs —|—Z J—1) - /AS’ _E[e"" —1)ds,  (10)

7=1

where p and o are constants, Ny is a Poisson process with a constant intensity A independent
of W, 7 is the j-th jump time of Ny, and Y; (j =1,2,---) follow an i.i.d. normal distribution
N(m,v).

Then, the perturbation parameter € is introduced as follows:

t
s = so+/ us'e )ds—i-e/ o5 aw, +Z( ") S —/ ASERds, (1)

0
B = eV -1, (12)

Here, we use the same notation of the coefficients with those of the original SDE.



In the case of € = 0, the jump term h§0) = e — 1]e—g = 0, thus, we obtain St(O) =

(0)

S0 + fot wSs 'ds, and its solution is expressed as SO) = spett. In a similar way, we obtain

T Nt T
S/;l) _ / e,u(Tft)o.St(B)th + Z hgll)eu(TfT]’)Sﬁg))_ _ / AE [hgl)} e#(Tft) S,@dt

Nt
= eMosgWr + Z h§1)e’“‘Tso — AE [hgl)} " 50T, (13)
j=1
hY =y, (14)

T Nrp
S(TZ) = 2/ e“(T*t)aSﬁ)th + Z h§-2)e“T50 — AE {hgz)} et T'soT
0 ;
7j=1

T
+22h(1 T gl o / AE [hgﬂ eMT—”S,det), (15)
0

2
he = Yf. (16)

3 Asymptotic Expansion for Non-smooth Function of the Solu-
tion to SDE with Jumps

This section develops an asymptotic expansion method for non-smooth functions of the solutions
to SDEs with Jumps. Firstly, let us introduce a smooth function g : R? — RM (D, M € N)
of which all derivatives have polynomial growth orders. Then, we can apply Proposition C.4

(or the subsequent related results) in Appendix C to obtain the LP-boundedness of g( X (¢ )) and
()
97(:)1“ = %d ga(exn ) for all p € [1,00), where
(¢) o (¢) (¢) (¢)
€ € «1,(€),n Q€)M
o1 — 82<T)Q(XT )XT1 P Xp ) (17)
n("‘)7a('r>
with 0;g(z) = a%jg(x), j= ,D. Hence, g(X( )) has a smooth asymptotic expansion: for
an arbitrary M € Z,
9(X3)) = gor +equr + Egar -+ Mgur + O(MHO(T)), (18)
_ 1 0%g(XyY) o : .
where gy, 1 = ;5o | o> and C(T) is an increasing function of 7.
Here, g, 7 can be written as
gor = g(X{), (19)
D
QT = Z X, (20)
=1



(n)
gn,T = Z 8;(7‘)9()(;0)))(;17(”1) e X’;‘Tv(nr)' (21)
() o)

Next, we put the next condition.
Condition (B)

For Vi,
P -1
Sup <I+ M%(Lé%ﬁ)) < 0o, (22)
O(t,x) #0 for all (¢,2) € R4 x R. (23)

Under Condition (A) and (B), there exist unique processes Vt(e) and (Vt(e))_1 such that

sup [V, sup |V e L7, (24)
0<t<T 0<t<T

for Vi > 0,1 < p < oo. V(e) and (V(e))_1 satisfy the following stochastic differential equations.

Vt(e) = I—l—/a/,LuX(6 alu—ke/(9 ()dW
@y &
+Z / ; aﬂ’ u, ez, XSV N (du, dz), (25)

VO = I_/t(v(ﬁ))—l 9 x D) (g, xO))
t B 0o gt um or T

X 0 (e) -1 0 ©) 2
_Z/ (I—i- ({T’n(u €z, X, )) (835%(”’ ez,XU_)> y(dz)}du
9 (e) -1 0 ()7
_Z/ /E <I+ 5,*’71(% ez,Xu)> %'n(u, ez, X7 )Ny (du, dz)
0
— -1 (6)
/O (Vi) €55 2 X, 2)dW,. (26)

Then, the Malliavin derivative in the Wiener direction Dth(i) satisfies the following equation
(see e.g. Cass [10] Theorem 2, Delong [12] Theorem 4.1.2).

DX\ = VOV led(s, X9, )1 ey (27)

Let us next define %T(e) as
€ 1 € 0
% =~ (9(x)) - g(x7)). (28)

€



Then, due to the asymptotic expansion of g(Xj(ﬂ6 )), %T(E) has a smooth expansion: for an arbitrary
MeZ,,

Y = w0 v el + Eul v+ Ml + o @ o), (29)

with %jgn) = On+1,T-
(e)

In this setting, the Malliavin covariance % is defined as

T
7y = [ 9V ) 0w, XL) @ 09KV (Vi) b Xy (30

Remark 3.1. When det(a%(e))_l € LP (forVp > 2) is satisfied, gZ/T(E) has a smooth density (see
T
Di Nunno et al. [13] Theorem 18.5).

In order to justify the asymptotic expansion of f (OZ/T(E)) with a Schwartz distribution (f € S’)
around € = 0, we put the following condition.
Condition (C) For Vp > 1,

lim sup det (o “terr. (31)

©)
el0 “r

From Proposition A.1, A.2 and C.4, we obtain the following theorem.

Theorem 3.2. Xt(E) 18 a perturbed process defined as

t
X :x+/ u(s,Xs(e))ds+e/ o(s, X' Daw, + E / / (s, ez, X\ Ny(ds, dz),(32)
0

where x € RP; p: [0,T] x RP x Q = RP, & : [0,T] x RP x Q@ — RP x R™, v, : [0,T] x
E; x RP x Q — RP are predictable processes satisfying Condition (A); W is an m-dimensional
Brownian motion. Each Ni(dt,dz) is a Poisson random measure on [0,T] x E;, where (Ej, E;)
is a measurable space, which is defined in R, e; € N; The intensity measure of Ny is dt x vj(z),
where v)(2) is a positive o-finite measure on (Ej, E)); Nj(dz, dt) Ni(dt,dz) — dt x vi(z) is a

compensated Poisson random measure. We also define %(6) ( (X(g)) (X:(FO))> on [0,T].

Assume that g is a RM-valued smooth, of which all derivatives have polynomial growth orders
function on X. Suppose also f satisfies f € S'(RM), Condition (B) and (C).

Then, we obtain an approximation of E [f(?/T(e)) as

E (%) = Elfor+ehn+Ehr+ -+ ] +0EHom), (33)
where C(T) is an increasing function of T, and for n € N,
a,(0)
mmﬂz/f@m%<wm, (34)
Elf.1] = Z/ f(x [“Z/jgm) . %T(n’")\%T(O) = 1{| p%T(m (x)) dz, (35)
n(r)

10



(n) n

> =2 > % (36)

n(r) r=1ni+-+n,=n,n>1

The proof of this theorem is given in Appendix B.

Next, let us discuss a particular case that the jump term is a compound Poisson process,
whence Condition (C) and Theorem 3.2 are expressed more specifically. We first consider a
process X with fixed jump times and sizes.

) T
X;’f’(e) = ic—i—/ { (t, X st— ZAlEhl e2)|y(t, XSt ())}dt

T N k(D) oz
e / o(t, X229, aw, + > Y hl(ezl,jl)@,(fjl, X520
s I=1 ji1=ki(s)+

=1

_ 53+/T {u(t b ZAZE (ha(en)]an(t, X2 ))}dt

T )
+e/ o(t, X7 dWH—Z/ Alt—, X2 Ny, (37)

Where ky(t) is jump times of the [-th jump term until time ¢, A; is an intensity of the I-th jump,
_j; 1s a jump size, T; is a piecewise constant finite many jump cadlag trajectory Y : [0,T] —
M with Y0 =0, 4 : [0,7T] x RP x Q — RP and h; : E; — RP x RP. Hereafter, we denote
k; = ki(T) when a maturity of the option is 7.

Next, let us arrange the jump times as t; < t3 < --- < tx(7), and the jump sizes are also
arranged as 21, -+ , Zy g1y, where K(t) = S0 ki(t) —#{m; = 4, (L # 1)} and hy(eZy5,) = 0
if Tl 7& tj for 1 < \4) < kl(t).

Then, as in Forster et al. [15], (Xif’(e)) s>0 can be given explicitly in terms of the jump

times 7, for j; > 0 and the diffusion process between two consecutive jumps. We define Xf 2,9

as

X200 = X5 for0 <t <ty

o, Z,(€) o2, (€)

X7 = X o Z(e . a2, for tp <t <t
t t1,t ‘x:XO’V’tZ;f')JrZ{ilhl(eZlyl)fyl(tlf,X' 2500y 151 <%,

0,t1—

Xa:,Z,(e) L X@,Z,(e)

¢ = Pyt ‘@:X@Z’@

O-tie(T)~

gz fortery <t <T, (38)

N (€205 by — X0ty 1y -

Next, we define the process X 2,2,(€) by inserting Poisson jump times for 7;, and i.i.d random

variables ZAZJ» for Z; ; for each I. Then, the process X2 g indistinguishable from X which is
the solution of (3) (see e.g. Forster et al. [15] Theorem 1).

11



Let us define the first variation process for X%Z:(€) as V*2:(©) which satisfies the following
stochastic differential equation.

t N
©3,Z,(e) S5-3I 0 . w2\ 1riE(e)
v, — I+ /0 { o p(u—, X5 E:AIE[hl(ez)] 1, X )}vu_ du

t
a :DZ(e) :I)Z :f,Z,(€) Ajvzv(e)
+/0 6%(1)(“ X ) dW +;]Zl EZZJ Yi uJ’XO,uj_ )Vu* )

(39)

Then, the Malliavin derivative in the Wiener direction DSX{;E 29 gatisfies the following equation
(Poissonian trajectory-wise).

Dst’Z’(E) = ‘7,59672’(6) (‘Cﬁz’(g))fleé(s, Xf’_z’(€) ;) 1is<t)s (40)
where

t
ST €)\— z € 0 €
VPO = 1= [(@O) { il X5 2)

6
Elh;(ez)] B —A1(u, ez X(]u

||Mz

ozt
24 SNz 9 5, 2,(6)
—( pmal X2 ) }du—zz )" huleZ15) 5 (ug, Xo ™)

=1 j=1
NK(t)“Z ) 9 520 -1
+Y ) (W (-1 (I + hz(ﬁzaj)%%(ug‘,)(g,bjf )>
=1 j=1

0 . 2,2, (e b iz () O O AC
x (m@a,j)axm%,xwf>>) - [ RO e X )
We also define ?2126) as
7 (€ 1 (€
% =~ (9(X]7) - 9(X) | (42)

In this setting, U has an asymptotic expansion, and the Malliavin covariance is defined as
K(T) tis1 R o R R o R

=3 [ AR V(7 ) (s, X))V (V2 s, XL (43)
j=0 "t

0'4221(15)

where iy =T

In order to justify the asymptotic expansion of f (%}Se)) around € = 0, we put the following
condition.
Condition (C’) For Vp > 1,

-1

lim sup |o e Lr. (44)

€l0

2.9

Then, we obtain a special case of Theorem 3.2 as the next corollary.
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Corollary 3.3. Suppose that the %' (e € (0,1]) satisfies Condition (A), (B) and (C’). More-
over, the jump term is assumed as a compound Poisson process.
Then, for every f € S'(RM), E[f(?ZT(e))] has an asymptotic expansion:

E[f(@T(e))] = E[for+efir+eEfor+--+ 6MfM,T] +O(MTe(T)), (45)

where C(T) is an increasing function of T
E[f.1] are calculated as follows:

7

Elfor] = Z > P{kl}< Tkl)/ /f Y= =T () dadt, (46)

k= OZ{\[lkl
il - £ % (M) X [ [ oo
k= OEN kl n(”") a(r)
ar(m) | per(nn) 5 (0) 70 ”
(E[XT ey NG = e (N =y {n = T} Y=, (x))d:cdt,
(47)
where {Ny =k} = {Nip = ki, ,Nor =ko}, {m =8} ={m1=ti1, . Tig =tk Tt =
k; ,—N; T
tnds s Tagkn = tnkn §r Dk} = I, (AZT)#, and 7, ; is the j-th jump time of the jump pro-
7 ~
cess of the l-th type. p Y=y is a density function o % and 79 stands for %
f y Y T

t hT’ {n=4;},T
conditioned on jumps at {m = t;} with {Nir = ki}. Moreover

_’T n T tl,kl ty2 . n
/ :H/ / / pdt =] dtr - dtyg. (48)
0 =1 0 0 0 =1

The conditional expectations in (47) are calculated based on the formulas in Section B of the
online appendiz [31], as well as formulas in Appendiz B of Shiraya - Takahashi [34].

The proof of this corollary is provided in Appendix B.
Example 3.4. In the case of one-dimensional Merton jump diffusion model defined in Fxample
2.1 with g(z) = x, %T(e) is expanded as follows:
2
s(0) _ o) | €@ € oB®
Uy’ = Sy +§‘S’T +§ST + e, (49)

(1) (3)

where S, Sé?) are given in Ezample 2.1, and S}’ is obtained similarly. Then, for a path-

independent option with the payoﬁf(%(e)), E[for], E[f17] and E[fa7] are expressed as follows:

k —AT
Elfor] — L / F@)n(as €, S8 de, (50)

k=0

k —A
Efir] = —Z WD) | 1@0:(B[SPIS = . {Nr = 3 n(as. 24 ) aats)

13



Bl - 3 A0 /| f(a;){ ~ 0, (B[S = . (N7 = K} n(az . 54
k=0
+0?2 <EB (s;?))2 1S9 = 2 {Np = k}}n(x; 3 z}“)) }dx, (52)

where & = (k — AT)me*T s, and Z{Tk} := Var [S(Tl)} = (e"'as0)T + k(verT sp)2.

4 Approximation Formula of Average and Spread Option Prices
under Stochastic Volatility with Jumps Models

This section first describes the structure of average and spread options in practice, where the
underlying assets are the averages or spreads of future prices. Let us note that the other types
of average options, which don’t have rollovers, are contained in our formulation. Then, based on
the previous section, we present an approximate pricing formula for average and spread options
under local stochastic volatility with jump diffusion models, which will be used in the next
section.

To explain the structure of discrete average options, let us introduce new processes A% defined
by

A; = Z wj('Z)Sti(-i) 1{t§-i><t}7 (53)
=1 ! -

where 0 < tgi) << t%)i < T, m; denotes the number of the underlying asset price S* to which
the average option refers, each wj(l) stands for the weight for the price of the contract ¢ at date
tg-i), and the dynamics of each S° is described by the stochastic differential equation. Then, we
can deal with an average option whose underlying asset price g(A;) is given by the following:

d
9(Ay) = ZAi (54)

Next, let us define the underlying asset of a spread option as the spread of futures prices
with two different maturities (77 < 7%). More precisely, the spread consists of a long position in
the first expiring futures (S') in the spread and a short position in the second expiring futures
(S?). Then, the underlying of a spread option is expressed as:

Al = WS lip<y, (=12, w' =1, v =-1),

g(d) = Aj— AL (55)
In this way, we are able to treat pricing problems for average and spread options in a unified
manner, since the spread option is a special case of discrete average options. Thus, in the
remaining part of this section, we concentrate on the discrete average option. Then, we define
the payoff function of an average option with maturity 7' and strike K as (g(Ar) — K)T(:=
max{g(Ar) — K,0}) for a call option and (K — g(Ar))"(:= max{K — g(Ar),0}) for a put
option.

14



Remark 4.1. We are able to obtain an approximation formula for pricing the continuously
monitored average options by simply changing the process A and the function g as

A = /0 Sudu, (56)
g(At) = A (57)

However, since the continuously monitored options are not traded in the real world, and the
derivation is very similar as in the discretely monitored case, we omit the details.

In the following, we show the model of the underlying asset prices and its volatility processes,
which is used for pricing discrete average options. In particular, suppose that the filtered prob-
ability space (0, F,P,{F;};>0) is given, where P is an equivalent martingale measure and the
filtration satisfies the usual conditions. Then, (S});cio,r] and (0f)iery, @ = 1,--- ,d represent
the underlying asset prices and their volatilities, respectively. Particularly, let us assume that
S% and 05} are given by the solutions to the next stochastic integral equations:

T T
Sio= st [ alSider [ os o s
0 0
n Nyr

T
30 S hsuagSh, — [ ASE Bl it (58)
=1 7j=1

T T
o = ot [ oty it [ b o) d;
0 0

n Nl,T T
A D heiggot - - / Mot _Elhgiyldt |, (59)
=1 \j=1 0
where s{ and of, i = 1,--- ,d are given constants. af is a deterministic function of t. p.i(o?,1),
¢gi(T,Y), ¢yi(x) are some deterministic functions with appropriate regularity conditions in Sec-
tion 2. W is a 2d-dimensional Brownian motion. Each Ny, (I = 1,--- ,n) is a Poisson process
with constant intensity A;, which is independent of each other. Ny, (I =1,--- ,n) are also inde-

pendent of all W; 75, stands for the j-th jump time of N;; Foreach{=1,--- ,nandi=1,--- ,d,
both <ZN,” hgi lj) . and <ZN“ hi ) L, e compound Poisson processes. (ZN“ = 0 when
3) ti ti

j=1 j=1"c"1Lj j=1=
N =0). A
For each [ and z°, hmi,l,j (j € N) are independent, identically distributed random variables,
where z* stands for one of S?, o’ (¢=1,---,d). For instance, we can consider a log-normal jump

case as hyi | ; = eYeitg — 1, where Y, ; ; is a random variable which follows a normal distribution
N (myi g, 02 ). Also, hyiyjand by, G I) are independent. N; and h,i ;s ; are independent,
too. On the other hand, for the same [ and j, hgi;; and h_x 1 (i,¢ =1,--- ,d) are allowed to

be dependent, that is Yg:; ; and Y_.s ; . (i, i’ =1,---,d) are generally correlated.

0¥\l

Remark 4.2. We briefly comment on the relation of the model above to the SDE (2) in Section
2. Firstly, the dimension 2d above corresponds to D and m (i.e. 2d = D =m) in (2). Also, the
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jump term in (2) is specified as follows: for X = S* or o',

/ /El ity z, Xi— Nl ds,dz) / /R\{O} Xtz (2 )Nl(ds dz), (60)
(That is, Ep =R\ {0}, vi(t, 2, Xe—) = Xi—Fz,(2)) . (61)

Moreover, for the log-normal jump case,

Ny(ds,dz) = Ny(ds,dz) — Nyds p(dz) , (62)
Niy

=Y 14 (05 —1), A€ BR\{0}), iy~ Nlmag,vd), idid., (63)
j=1

where Ny is a Poisson process with the intensity A;.

Then, we introduce perturbations to the models (58), (59) with the same notation of the
coefficients as those of the original SDEs, as in Section 2. That is, for a known parameter
e € [0, 1] we consider the following stochastic integral equations: for i =1,--- ,d,

. , T T
IS / a5y Vdt + ¢ / b5 (o1, 510) aw
0 0
n [(Nyr

+Z ZhSZ 1,5 Tl_ / AS (6 hgz)ll]d ’ (64)
O /OT s (a§i),t—) dt + e / ¢Jl( )th

n Ny

i (O,
+> Zhgw T”_/o Ao B[R Jdt | (65)

=1 \ j=1

where sg, o¢ are given constants, and oy is a deterministic function of t. We assume that
u(;i), (25;61-), hi?lj satisfy Condition (A) and (B). We also suppose that hil)lj = emyiy (Myig: a
constant), or h( ) — el — 1 where Y, 1~ N(myi g, 02 i 1)

Next, by applylng Corollary 3.3 with approximations for reduction of computational burdens,
we derive a pricing formula of an average call option with strike K and maturity 1", whose payoff

function is given by f(g (A(g))) with f(z) = (x — K)*. Also, for some fixed constants wj( " and
reference dates tg-i) (t=1,---,d,j=1,---,m;) with the function (54), g(Agf)) is specified as

d
( )) _ Z AZT7(6), Al (e Z w Z)S;Ef)l{t(lkT} (66)
-: J
Then, the call payoff is expanded as follows:

oAy = (9a9) - x)"
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. <g<A¥>>—g<A5‘3’> +@)+

= ¢ (g(Agwl)) + @>+ + 6221{9(,4(;)»—@/}9 <A¥)>

+ (G aen 019 (A9) + §00, 0019 (49)) + 0l (67

d m;
)y _ (9" (i 9" i) gir(n) |
9(Ar") = <a€n e= 0) Z w; 37 (z) | —o {t()<T} ZZ“’ S(z) (t0<ry

i=1 j=1 i=1 j=1
(68)
Hence, the calculation of g(A(n)) is reduced to that of \S; (n), Here, the strike price is expressed
as K = g(A( )) — €% for an arbitrary % € R. We also note that 9(A7)—g(A7)) and g(A(Tl))
with A( ) = aAT l|e=o in (67) corresponds to ?/ © and %T( ) in Corollary 3.3, respectively. We

€
suppose that Condltlon (C’) is satisfied for ?/jg ).
In particular, given {N; = k;} = {N1 7 = k1,--- , Npo = kp} (i.e. given the number of jumps

until 77), let us obtain a concrete expression of g(A(Tl )) and its approximate distribution, which
is a basis in derivation of our formula for average option prices. We set k;; 1= Z;il 1 <ty

ky = k;r, and S = (51, e ,S’d) which is defined as

n Kt
- e (o 5) 2 353 vl )
=1 p=1
where each (g ,,; follows N(0,1) which is independent among p, [, but possibly correlated for
among S°.
In this setting, we have g(Ag})) = g(Ar) + 9(€epy ) (= Zle Al + Zle gikz},T)’ where
N,
ZT = U) S () {t(z)<T},
j=1
+(®

g}Jﬂ},T Zw Z < L Alty)) mgi l€f0 asdsgl (70)
7=1

Then, for ease of numerical computation, i.e. to avoid the multiple time-integrals appear-
ing in Corollary 3.3, given { N; = k;} we approximate gikl} . and the distribution of g(Ar) so as to
+(0)

make them independent of timing of jumps: With new notations w;(t) := Z;n’l w1 {t<t(’i)}€ft] asds
e
and w; := 7 Zmll w efo @sds Jet us approximate & (eht by & [k} which is defined as
Elyy = Z Wi (ki — N T) mgi b, (71)
1=1
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where the number of jumps until tg»i) (i.e. kl t(i)) is replaced by the number of jumps until T’
2

(i.e. k; = k; 7). Moreover, the distribution of g(Ar) is approximated as N (0, Z{Tkl}), that is
the normal distribution with mean zero and variance Er}k’} defined as

2d d 2d

S = NS [ (m00s (A 50) (00 (A7 50))

i= 1q 1i'=1¢'=1

* Z Z Z ki (Wivs: 155) D g (wwsw,lsg) : (72)

i=1i'=1I=1
where 9, s denotes the correlation between (g ;; and CS% ; for given j and [. In the case

of d =1and n = 1, E{Tl} corresponds to Er} }( T) in Remark B.2 of the online appendix
[31]. In sum, given {N; = k;}, we obtain an approximation for the distribution of g(AS_F1 )) as

N(g(Egw ), S0 with g(€gy) = S0, -

Next, we need to calculate E[f; 7] in Corollary 3.3, where we apply the approximations in
Remark B.2 of the online appendix [31] to the multiple time-integrals. Furthermore, we use the
3rd order (€®) corrections obtained by a no-jump model, which is defined as

GLSVE 56+/0 QigiESV(e )dt+e/ ¢Sl< LLSV(S) g st(e)> aw,, (73)

. . T
Uz,LSV(e) — gl . z ,LSV (e) ) dt+ e (b . ZLSV(E) dW,. 74
T 0 0 Hei g

Hereafter, we call this approximation the partial 3rd order (asymptotic) expansion. Then, for
the numerical evaluation of conditional expectations appearing in E[f; 7], we can use formulas
in Appendix B of Shiraya - Takahashi [34], as well as Lemma B.1 of the online appendix [31]
which is an extension of [34] and Takahashi et al. [42].

Finally, we summarize an approximate pricing formula for average call options as the follow-
ing theorem.

Theorem 4.3. An approzimation formula for the initial value C(K,T) of an average call option
with maturity T and strike price K is given as follows:

2. 2 p{kl}e_rT{e{y’“N yiklk +Z§kl}n(ykl;0,z{T’”})}
k=0 31 K=k \/@

H, 7E{Ifl}
GZ{CLklN Yk + (Cz,kl E;kl} + 03’kl(ykl)> (e, 0, E;kl})}

/E;kl} ;kl}
5 Hy(¥;Sr) Hy(%; %) .
+€ { <C4 (5r)? + Cs (=) + Cﬁ) n(%;0,%7) }}, (75)
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ky ,—N T
where py,y = I, %, Yr = E;O}, r is a constant risk-free rate, K is expressed as K =

g(A(TO)) — € for an arbitrary ¥ € R, yuy = 9(§ry) + %, N(x) denotes the standard normal

distribution function and n(x;0,%) = \/217r—zexp (‘2—“;) Here, g, &y = (E%kl},'-- ,{?kl}) and

Zgﬂkl} are given by (54), (71) and (72), respectively. The coefficients Cy g, ,C3k,,Ca,- -+ ,Cs
ki}

are some constants, and Hy, (x; E{T denotes the k-th order Hermite polynomial.

The concrete expressions of coefficients Cyy,, -+ ,C3,,Cs, -+ ,Cs and the details of the
derivation are provided in Section A of the online appendix [31].

Remark 4.4. When we do not have closed-forms for the multiple integrals on the time parameter
that appear in the calculation of the conditional expectation formulas, some numerical method
18 necessary.

However, all the multiple integrals necessary for the evaluation of Cy,---,C3,Cs, - ,Cp
are computed by the program code with only one loop against the time parameter. For instance,
a multiple integral is approximated for the numerical integration as follows:

/O ' f(s) /0 t g(u) /0 s h(v)dvdq'ﬁds

J
~ ZAt f(ti ZAt 9(t)) ZAtkh(tk)
i=1 j=1 k=1

M
Z G(ti-1) + A, g(ti) (H(ti—1) + Ay h(t:)))

where Ati = (ti - ti—l); H(tl) == H(ti_l) + Atih(t]’) and G(tz) == G(ti_l) + Atig(ti)H(ti).

Hence, the order of the computational effort is at most M, where M is the number of time-
steps for the discretization in the numerical integral. Note that we have no problems in terms of
computational complexity and speed since various fast numerical integration methods are avail-
able such as the extrapolation method.

Remark 4.5. To calculate the option premium with our approximation method numerically, we
need to truncate the number of jumps. In the numerical examples, we ignore the jumps whose
probability is less than 1/100,000.

5 Numerical Examples on WTI Average and Spread Options

This section shows concrete numerical examples based on our method developed in the previous
sections. Firstly, to calculate the option values, we adopt two types of stochastic volatility
models for the numerical experiments under the risk-neutral probability measure. In particular,
each underlying asset price process has a CEV (constant elasticity of variance)-type diffusion
term with compound Poisson component. On volatility processes, one has a log-normal diffusion
term with no drift and compound Poisson component, which is an extension of the SABR model
(see [19]), and we call it as extended SABR ((76), (77)). The other is the Heston type variance
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process, which is an extension of Bates model (see [3]), and we call it as extended Bates ((78),
(79)). The explicit form of the processes are as follows:

N1

T T
Sk = S} _|_/ viot_(Si_)Pidw; g Z Z hsii Sz, - / N S;_Elhgiq]dt | (76)
0 0

T n Nl T

o = o+ / Vol th + Z Z Myyi lO'T - / Aol m My dt |, (77)
=1 j=1

' Nyt T '
S% — S[) / / Sl Bdet —+ Z Z hS’, 1j 7_ - —/0 AlSsz[hSi,l,l]dt ,
(78)
or = 04 —I—/ K'(0" — op_)dt + / viyJoi_dW¢, (79)
0 0

where the jump size m,:; in the volatility process is a constant, while the jump size in the

futures price process is a constant or log—normally distributed, that is hgi; ; = = e'sili — 1 with
Ysi, ; following a normal distribution N(mgi;,v Sl ;) for all j. We remark that in the diffusion
component, adopting a local volatility with Heston model rather than the original Heston is due
to its well-known advantage in calibration to the option prices in practice. (For the CEV-Heston
model, see [38] for instance.)

We apply the formula with € = 1 in Theorem 4.3, and calculate the average options on
WTT futures, which are regarded as examples of the average option described in Section 4. In
particular, we set d = 2, w](l) = ]\1/[, M = di + dy for all w]() in (54) where d;, dy express the
numbers of the reference dates of each underlying asset, because two WTI futures are relevant
for one average option in a listed contract in CME.

Although we are able to treat more general cases, we consider a systematic jump (i.e. all the
jumps of the underlying asset prices and their volatilities occur at the same time) and perfectly
correlated jump size case, that is n = 1 and 1931-’ gir = 1. Also, the intensity parameter A is fixed
as 1.

Then, we set the calculation date for average option prices as of November 28, 2014, and
report the target average option contracts in CME with their underlying average prices on the
date, the time to the maturities and the relevant interest rates in Table 1. We also show the WTI
futures contracts relevant for each average contract, their prices, and the time to the maturities
with interest rates on November 28, 2014 in Table 2
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‘ Average Price  Maturity Interest Rate Contract Month | Futures Price Maturity Interest Rate

MAY 15 67.16 0.499 0.3% JUN 15 67.1 0.458 0.3%
NOV 15 68.26 1.005 0.4% JUL 15 67.26 0.551 0.3%
DEC 15 68.22 0.970 0.4%
JAN 16 68.38 1.049 0.4%

Table 1: Market data for average options

Average Price is the underlying asset price of Table 2: Market data for futures options
the average option. Maturity is the time to matu-
rity of the option. Futures Price is the underlying asset price of

the listed option. Maturity is the time to maturity
of the option.

Here, JUN 15 and JUL 15 are the relevant futures contracts for the MAY 15 average option,
and DEC 15 and JAN 16 for the NOV 15 average option.

Moreover, we compute the average option prices by our approximation formula to compare
those with the corresponding CME prices. Hence, we first need to obtain the model parameters
through calibration to the relevant WTT futures options prices. Figure 1 and Figure 2 show the
implied volatilities of the WTI futures options.

Figure 1: Original Implied Volatilities Figure 2: Interpolated Implied Volatilities
41% 41%
38% 38%

. ~. . .
35% < 35% <
32% = ~ 32% = =

. NS ~—J - \'-\

0, ~. —~—— 0, -_—
29% =TT ~=. = 2% == L~~~
26% __':_\?-T_.Q"\";-_- _____ 26% == ‘\\t\'\\:_\._ﬂj ______
2% e =~ 8% S — ===
20% ; ; ; ; ; ; ; ; ; ‘ 20% ; ; ; ; ; ; ; ; ;

45 50 55 60 65 70 75 80 8 90 45 50 55 60 65 70 75 80 8 90

———JUN15 = + JUL15 — — DEC15 == =JAN16---- JUN 16 ——JUN15 == + JUL15 — —-DEC15 == =JAN 16 ---- JUN 16

X axis is strike prices of the listed options, and Y X axis is strike prices of the listed options, and Y
axis is the value of the implied volatility. axis is the value of the implied volatility.

Figure 1 ("original implied volatilities”) reports the implied volatilities of JUN15, JUL15,
DEC15, JAN16, JUN16 contracts of the WTI futures options.

However, as it is well-known that the odd term options, JUL15 and JAN16 are illiquid.
Thus we do not use these implied volatilities calculated from their quoted prices but employ the
volatilities based on the interpolations of the implied volatilities for the liquid term options, that
is, JUN15, DEC15 and JUN16. In Figure 2 (”interpolated implied volatilities” ), the volatilities
of JUN15 and JAN16 contracts are the interpolated volatilities, where JUN15 and DEC15
contracts are used for JUL15, while DEC15 and JUN16 for JAN16. That is, we get the implied
volatility o for the illiquid option with the time to maturity 1" by the following formula: for
T <T < TQ,

o’T = (T — T3, + (T — T1)o3Ts) /(Ty — T1), (80)
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where o1 and o9 are the implied volatilities of the liquid options with the time to maturities T}
and T5, respectively.

It is common in practice that pricing an average option is based on the calibration to the
prices of the liquid vanilla options whose underlying assets are the same spot or futures contracts
as those of the average option. For the calibration, the parameter §; in the diffusion term of
the futures price process in (76) is set as 0.5, and v = 1 for extended SABR for the stability of
calibration. On the other hand, for extended Bates model, we need to estimate 3; by calibration,
because the original Bates model (8; = 1) is too restrictive to fit the model to the market skews.
Moreover, we fix the parameters o = 6 = 1 and x = 1 to stabilize the other parameters. In
the jump component, the parameters are assumed to take common values for the two relevant
futures price processes used for the calculation of an average option price and are obtained by
calibration to the market futures options prices. This is true for the volatility processes of the
two futures prices.

The correlations and local volatility parameters between the futures prices and their volatili-
ties are assumed to take common values for the two relevant futures, which are used to calculate
an average option. Then, the correlations are obtained by calibration to the market futures
options prices, which are shown in Table 4. In order to avoid a degenerate correlation matrix,
we implement a joint calibration for the two associated futures options contracts.

Further, for the two relevant futures contracts, the correlation between a futures price and
the futures price’s volatility of the different contract is assumed to be the same as the correlation
between the price and its volatility.

Moreover, the correlations between the two futures price processes are estimated by the past
one month historical data of future prices. The correlations between the corresponding volatility
processes of the two futures prices are assumed to be the same as the correlations of the futures
prices. Then, we obtain the following estimates: the correlation between JUN 15 and JUL 15 is
0.99986, and the correlation between DEC 15 and JAN 16 is 0.99992.

For computational efficiency, the settlement prices of American options are transformed to
those of the European options before calibration: More precisely, after an implied volatility of
each American option price is estimated under a binomial version of the Black-Scholes model,
the corresponding European option price is computed. Hereafter, this European option price
is called the “transformed CME” option price. Then, calibration is implemented against the
“transformed CME” option prices with different strikes simultaneously, where out-of-the-money
(OTM) prices are used for the calibration; the strikes of the options range USD (us dollar) 35
to USD 75 with every 5 dollars for JUN15 and JUL15 futures options, and those of range USD
40 to USD 80 with every 5 dollars for DEC15 and JAN16 futures options.

Given the above assumptions in the calibration, we compare the following six specifications
of the model:

(i) Local stochastic volatility model without jump (SABR model, i.e. hgi;; =0, mgi;; =0
in (76), (77))

(ii) Local stochastic volatility with constant jumps in the futures prices model (SABR + con-
stant jump model, i.e. hgi;; = mgi;; (a constant), m,:; ; =0 in (76), (77))

(iii) Local stochastic volatility with log-normal jumps in the futures prices model (SABR +
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log-normal jump model i.e. hgi;; = e¥sing — 1, Mmgyi; ;= 01in (76), (77))

(iv) Local stochastic volatility with constant jumps in the futures prices and volatilities model
(SABR + constant jumps in the futures prices and volatilities model, i.e. hgiy; = mgiy;,

Mgt ;(# 0) in (76), (77)) ’

(v) Local stochastic volatility with log-normal jumps in the futures prices and constant jumps
in the volatilities model (SABR + log-normal jumps in the futures prices and constant
jumps in the volatilities model, i.e. hgi;; = e¥sing —1, Mmgi (7 0) in (76), (77))

(vi) Local stochastic volatility with log-normal jumps in the futures prices model (Bates + local
volatility model, i.e. hgi;; = e'sini — 1 in (78), (79))

We choose these models to demonstrate that our method is well applicable to models such as
SABR and Heston with local volatility models, which are very popular and frequently used
in practice, but have no explicit characteristic functions nor closed form probability density
functions.
Due to limitations of space, the results of the 6 month maturity cases are given upon request.
The parameters obtained by calibration to the WTI futures options with 1 year maturity
are shown in Table 3.

[ ) c(0) B8 v p ms Vs Mo
DEC 15 (i) 1 2155% 05 449% 0215 - - -
(i) 1 1182% 05 1485% 0072 -0.171 - -
(iii) 1 159.5% 0.5 44.1% -0.801 -0.024 0.192 -
(iv) 1 128.9% 0.5 151.9% -0.377 -0.151 - -0.685
(v) 1 158.8% 0.5 31.6% -1.000 -0.036 0.199 0.153
(vi) | 5.50 100.0% 0.206 107.1% -0.706 -0.026 0.199 -
JAN 16 (1) 1 2103% 05 43.6% -0215 - - -
(ii) 1 114.4% 0.5 139.5% 0.072 -0.171 - -
(iii) 1 151.5% 0.5 46.4% -0.801 -0.024 0.192 -
(iv) 1 115.9% 0.5 163.8% -0.377 -0.151 - -0.685
(v) 1 150.9% 0.5 33.4% -1.000 -0.036 0.199 0.153
(vi) | 5.25 100.0% 0.206 117.7% -0.706 -0.026 0.199 -

Table 3: Parameters obtained by calibration to WTT futures options(DEC15, JAN16)

Each (i), - -,(vi) shows a model number.

The results of the calibration to the WTI futures options are shown in Table 4. It is observed
that the models with jumps (ii)-(v) mostly provide the better fitting than the one without jumps
(i), especially much better in OTM. Moreover, among the models with jumps, Model (ii) is the
worst in terms of calibration.

23



Transformed Price Difference

Strike CME Price (i) (ii) (iif) (iv) (v) (vi) (i) (ii) (iii) (iv) (v) (vi)

DEC 15 45 23.92 | 2399 23.95 23.93 2394 2393 23.93 0.06 0.02 0.00 0.02 0.00 0.00
50 19.58 | 19.59 19.58 19.57 19.58 19.57 19.57 0.00 -0.00 -0.01 -0.00 -0.01 -0.01

55 15.54 | 15,51 15.53 15.54 15.53 15.54 15.54 | -0.03 -0.01 -0.00 -0.01 -0.00 -0.00

60 1190 | 11.86 11.90 11.91 1190 11.91 11.91 | -0.04 -0.00 0.01 0.00 0.01 0.01

65 8.77 8.74 8.76 8.77 8.76 8.77 8.77 | -0.03 -0.01 0.00 -0.00 0.00 0.00

70 6.20 6.20 6.18 6.19 6.18 6.19 6.19 0.00 -0.02 -0.01 -0.02 -0.01 -0.01

75 4.18 4.24 4.19 4.19 4.19 4.19 4.19 0.06 0.01 0.01 0.01 0.01 0.01

80 2.76 2.80 2.76 2.75 2.76 2.76 2.76 0.04 -0.00 -0.00 -0.00 -0.00 -0.00

85 1.80 1.80 1.81 1.80 1.81 1.80 1.80 | -0.00 0.01 -0.00 0.01 -0.00 -0.00

90 1.20 1.13 1.20 1.19 1.20 1.20 1.20 | -0.07 0.00 -0.01 -0.00 -0.00 -0.00

JAN 16 45 2410 | 24.17 24.12 2411 24.12 2411 24.11 0.07 0.01 0.01 0.01 0.00 0.01
50 19.77 | 19.78 19.76 19.77 19.76 19.77 19.77 0.01 -0.01 -0.01 -0.01 -0.01 -0.01

55 15.74 | 15.71 15.73 15.74 15.73 15.74 15.74 | -0.03 -0.01 -0.00 -0.01 -0.00 -0.00

60 12.11 12.07 12.11 12.11 12.11 12.11 12.11 | -0.04 0.01 0.01 0.01 0.01 0.01

65 8.97 8.94 8.98 8.97 8.98 8.97 8.97 | -0.02 0.01 0.00 0.01 0.00 0.00

70 6.39 6.38 6.38 6.37 6.38 6.37 6.37 | -0.00 -0.00 -0.02 -0.00 -0.02 -0.02

75 4.34 4.40 4.36 4.35 4.35 4.35 4.35 0.05 0.02 0.00 0.01 0.00 0.00

80 2.88 2.93 2.88 2.89 2.88 2.89 2.89 0.05 0.00 0.00 0.00 0.00 0.00

85 1.91 1.90 1.90 1.91 1.90 1.90 1.91 | -0.00 -0.01 0.00 -0.00 -0.00 -0.00

90 1.28 1.21 1.26 1.29 1.27 1.28 1.28 | -0.07 -0.02 0.01 -0.01 0.00 0.00

Table 4: Calibration Errors on WTI futures options(DC15, JAN16)
Each (i), --,(vi) shows a model number. Transformed CME Price is the corresponding European option

price calculated from the settlement price of an American option traded on CME. Difference columns show the
difference between the approximated prices and the transformed CME prices.

5.1 Numerical Results of Average Options

Using the parameters obtained through the calibration, Table 5 shows the comparison of the 1
year average option prices given by our approximation (AE) and CME settlement (CME).

| 55(Put) 60(Put) 65(Put) 70(Put) 75(Call) 80(Call)

Price CME MAY15 (Average) 2.27 3.6 5.44 7.86 4.11 2.69
AE 6 2.24 3.56 5.40 7.84 414 2.72

(ii) 2.21 3.53 5.35 7.75 4.03 2.62

(iii) 2.27 3.60 5.43 7.83 4.10 2.68

(iv) 2.22 3.53 5.35 7.74 4.01 2.61

(v) 2.27 3.60 5.43 7.83 4.11 2.69

(vi) 2.27 3.60 5.43 7.83 4.11 2.68

Difference | AE - CME 6 -0.03 -0.04 -0.04 -0.02 0.03 0.03
(ii) -0.06 -0.07 -0.09 -0.11 -0.08 -0.07

(iii) -0.00 0.00 -0.01 -0.03 -0.01 -0.01

(iv) -0.05 -0.07 -0.09 -0.12 -0.10 -0.08

(v) -0.00 0.00 -0.01 -0.03 -0.00 -0.00

(vi) 0.00 0.00 -0.01 -0.03 -0.00 -0.01

Table 5: Comparison of average option prices of our approximation with CME listed prices (1Y)

AE shows the price with the partial 3rd order approximation formula. Each (i), - - ,(vi) shows a model number.
Difference rows show the difference between the approximated prices and the settlement prices of average options

in CME.

It is observed that in terms of the deviations of our approximations from the CME settlement
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prices, Model (v) is the best, (iii) and (vi) follow.

Next table and figures show the difference of the computational time and accuracies in each
order of expansion. Table 6 presents the comparison of the 1 year average option prices given
by our approximation (AE) with the partial third order expansion and Monte Carlo simulations
(MC) with a control variate method (the value in parenthesis is the 95% confidence interval (e.g.
(1.5), (1.6) in pp 5-6 of [18])). This control variate method introduced by [36] can be applied to
the models whose characteristic functions are unknown as in these models, and its calculation
speed ranges from several tens to hundreds of times faster than that of the crude Monte Carlo
method to reduce the variance. Figures from 3 to 8 show the difference between each order
approximation values and MC values.

The program is implemented in C++-, and the computational time is calculated with one core
of Intel Core(TM) i7-3960X CPU @ 3.30GHz 32GB RAM. To get the accurate computational
time, it is evaluated by the average of 6 times calculations for Monte Carlo simulation and the
average of 6,000 times calculation for the approximation method.

In Monte Carlo simulations, the number of time partitions is set to 10 per month (in the
case of the average reference month, the time steps are the same as the numbers of business
days in the month). The numbers of simulations are set to 100,000 for the average options and
10,000 for spread options.

[ 55(Put) 60(Put) 65(Put) 70(Put) 75(Call) 80(Call) Time(sec)
AE (i) 2.24 3.56 5.40 7.84 4.14 2.72 0.005
3rd (ii) 2.21 3.53 5.35 7.75 4.03 2.62 0.005
(Partial) (i) 2.27 3.60 5.43 7.83 4.10 2.68 0.005
(iv) 2.22 3.53 5.35 7.74 4.01 2.61 0.005
(v) 2.27 3.60 5.43 7.83 4.11 2.69 0.005
(vi) 2.27 3.60 5.43 7.83 411 2.68 0.005
MC () | 2.17 (0.027) 3.52 (0.026) 5.39 (0.025) 7.84 (0.024) 4.15 (0.023)  2.72 (0.022) 138
(i) | 213 (0.06) 3.41 (0.058) 5.22 (0.056) 7.65 (0.054) 3.97 (0.052)  2.58 (0.05) 13.8
(iii) | 2.25 (0.012) 3.59 (0.011) 5.43 (0.011)  7.84 (0.01) 4.13 (0.009)  2.73 (0.009) 13.8
(iv) 2.2 (0.063)  3.42 (0.061) 5.18 (0.06) 7.57 (0.058) 3.88 (0.056) 2.49 (0.054) 13.8
(v) | 2.26 (0.005) 3.6 (0.005) 5.44 (0.004) 7.85 (0.004) 4.13 (0.004)  2.74 (0.004) 13.8
(vi) | 2.26 (0.014) 3.6 (0.014) 5.43 (0.013) 7.85 (0.012) 4.13 (0.011)  2.74 (0.01) 15.7
Difference 1) 0.07 0.04 0.02 -0.01 -0.00 -0.01
(ii) 0.09 0.12 0.13 0.09 0.06 0.04
(iif) 0.02 0.01 0.01 -0.01 -0.02 0.05
(iv) 0.01 0.11 0.17 0.16 0.13 0.12
(v) 0.01 0.00 -0.00 -0.02 -0.03 -0.05
(vi) 0.01 0.00 0.00 -0.02 -0.03 -0.06

Table 6: Comparison of accuracies and computational times of our approximation with those of
MC (1Y average options)

AE shows the price with our approximation formula, and 3rd shows the order of € in our formula (the 3rd
order approximation is applied only to the diffusion terms, and the jump terms are approximated with the 2nd
order formula). MC shows the price with Monte Carlo simulation with a control variate method. Each (i), - -,(vi)
shows a model number. Difference rows show the difference between the approximated prices and the prices
calculated with Monte Carlo simulations. The value in parenthesis is the 95% confidence interval. Time is the
calculation time.
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Figure 3: Model (i) Figure 4: Model (ii) Figure 5: Model (iii)

03 0.8 03

0.2 06 0.2

T e

0.1 02 O
........ 0 0 - D
SS(RutL —6QPuw) =" ESRe,,_70(Pun)  75(Call)  80(Call) 0p S5Pu). 60Pw  65(Puy  70(Puy  75(Call)  SO(Call) S5Put)  60(Put)  65(Put)  70(Pur)  75(CADT=SOREall)
0Pl PO G
0.1 TS =~ T T 0.1 3
............. 0.4
02 T e -
02 0.6 === S 2
03 08— 03
----- Ist-MC = = 2nd-MC == 3rd - MC cesesse [st-MC = = 2nd - MC = 3rd - MC cevseee [5t-MC = = 2nd-MC e 3rd - MC
Figure 6: Model (iv) Figure 7: Model (v) Figure 8: Model (vi)
0.8 03— 0.3
06 02 e 02—
04— T e
01— 0.1 et
02— o eemma___ - - \.v:..:.\ -
0 -—= < 0 .
02 55(Put) 60(Put) 65(Put) 70(Put) 75(Call)  80(Call) 55(Put) 60(Put) 65(Put) 70(Put)  75(Calm——8Ulall) 55(Put) 60(Put) 65(Put) 70(Put) 75(Cal all)
e -0.1 -0.1
-0.4 .
............ 02 -0.
06— e o === = 0 .
_ e T T T
-0.8 = -0.3 -0.3
~~~~~~ Ist-MC = = 2nd-MC === 3rd - MC seseree [st-MC = = 2nd-MC = 3rd - MC seseres Ist-MC = = 2nd - MC === 3rd - MC

X axis is strike prices, and Y axis is the difference between the approximated values and Monte Carlo values.

“1st” is the first order values, “2nd” is the first order values, and “3rd” is the partial third order values.

As for discussions below on the validity of our expansion method in practice, since models
with jumps work better than the one without jumps (model (i)) in calibration as seen in Table
4, let us concentrate on models with jumps (ii)-(vi).

The 1st and 2nd order values in the models (ii), (iv) are worse than the models (iii), (v), (vi).
In fact, the constant jump parameters in the models (ii), (iv) may be too large in approximations
with our method, which seems the reason for the worse results in those models. This is consistent
with an observation (explained in Remark C.5) based on a theoretical analysis in Theorem 3.2
and Appendix C. We also note that the confidence interval of a Monte Carlo simulation becomes
wider when the accuracy of our approximation becomes worse.

Then, examining overall results, we see that the 2nd order approximations improve the 1st
order ones in the models (iii), (v), (vi). Thus, we can conclude at least from the numerical ex-
periments that the increasing order of expansion for the jump parts improves the precision of the
approximation under such reasonable jump parameters in the models (iii), (v), (vi). Moreover,
it is observed that the partial 3rd order expansions generally improve the approximations than
the lower order expansions.

As for the calculation time, our approximation is about 2800 ~ 3100 times as fast as the
Monte Carlo simulation with control variate method even if the approximation is the partial
3rd order. The computational time for the lower orders is around 0.0007 seconds for the 1st
order, around 0.003 seconds for the 2nd order. The computational times for the lower orders are
around 0.0007 seconds for the 1st order and around 0.003 seconds for the 2nd order. Although
those for the 1st order cases are about 4 ~ 8 times faster than the ones for the 2nd or the
partial 3rd order, it is hard to use the 1st order approximation in practice because of its large
approximation errors.

We finally remark that the partial 3rd order expansion is able to calculate the prices very
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fast with good accuracy, which is useful when pricing quickly is necessary while very precise
values are not required (e.g. when we need to indicate prices for many customers in a short
time).

Next, we implement stress tests with respect to the parameters to see the robustness of our
method. We set v or g, v, mg, vg, T twice as much as those in Table 3 for the case (iii) and
(vi), which are the extended SABR and the extended Bates models, respectively.

Figure 9: Extended SABR model Figure 10: Extended Bates model
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X axis is strike prices, and Y axis is the difference between the partial third order approximation values and
Monte Carlo values. Each parameter shows the results with the parameter which is set as twice as much as that
in Table 3.

Figures 9 and 10 is consistent with asymptotic error estimates in Theorem 3.2 and in Ap-
pendix C, since the large € and the large T" mean the large volatility, the large jump size and
the long maturity. Particularly, the large v, vg which create large curvatures in the volatility
smile, make the approximation less accurate and make the confidence intervals of Monte Carlo
simulation wider.

5.2 Numerical Results of Calendar Spread Options

This subsection shows numerical analysis for the calendar spread options whose underlying
assets are the same futures as those of the average options in the previous section. Hereafter,
we concentrate on (i), (ili) models (which are called LSV model and LSV with log-normal jump
model, respectively).

Since the calculation date and the underlying futures of the spread options are the same
as those of the average options in the previous section, the calibrated parameters in the both
models are the same as for (i), (iii) in Table 3.

The maturity of calendar spread option of DEC15 is 19 Nov. 2015. The correlation between
DEC 15 and JAN 16 is 0.99992, which is estimated from the past one month historical data of
the futures prices as in the average option cases.

The results of the approximate prices based on the formula in Theorem 4.3 with Monte Carlo
benchmarks are given in Table 7 for the 1 year calendar spread option.
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| 55(Put) 60(Put) 65(Put) 70(Put) 75(Call) 80(Call) Time

AE () 0.00 0.02 0.08 0.13 0.04 0.01 0.003
(iii) 0.00 0.02 0.12 0.20 0.06 0.01 0.003
MC (i) | 0(0.006) 0.01 (0.006) 0.07 (0.005) 0.13 (0.005) 0.04 (0.004) 0.01 (0.003)  1.38
(iii) | 0 (0.002) 0.02 (0.002) 0.12 (0.001) 0.2 (0.001) 0.06 (0.001) 0.02 (0.001)  1.39
AE-MC () 0.00 0.01 0.00 0.00 0.00 -0.01
(iii) 0.00 -0.00 -0.00 0.00 -0.00 -0.00

Table 7: Comparison of accuracies and computational times of our approximation with those of
MC (1Y spread options)

AFE shows the price with the partial 3rd order approximation formula. MC shows the price with Monte Carlo
simulation with a control variate method. Each (i), (iii) shows a model number. “AE - MC” rows show the
difference between the approximated prices and the prices calculated with Monte Carlo simulations. The value
in parenthesis is the 95% confidence interval. Time is the calculation time.

It is observed that the errors for the LSV model (i) are larger than those for the LSV jump
model (iii), which seems mainly because the levels of the (calibrated) initial volatilities in the
LSV model are larger than those in the LSV jump model. (See ¢(0) in Table 3.)

We also note that since the correlations are estimated from the past one month historical
data of the underlying futures prices, the estimated prices in Table 7 are slightly different from
the CME settlement prices. In fact, we also estimate the correlations between the two underlying
futures prices through the calibration to the calendar spread options, which are reported in Table
8.

| DEC15 and JAN16

Historical correlation 0.99992
Calibrated correlation (i) 0.99907
(iii) 0.99876
Diff (1) -0.00084
(iii) -0.00115

Table &: Calibrated correlations and Historical correlations

Historical correlation shows the correlation calculated by the time series data. Calibrated correlation shows
the calibrated correlation from the spread option. Each (i), (iii) shows a model number. Diff rows show the
difference between the historical correlation and the calibrated correlation.

Moreover, Table 9 shows the approximate spread option prices with historically estimated
or calibrated correlations.
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| -1.5(Put) -1.0(Put) -0.5(Put) 0(Call) 0.5(Call) 1(Call)

CME 0.03 0.09 0.22 0.28 0.14 0.05
AE 6] 0.00 0.02 0.08 0.13 0.04 0.01
Historical (i) 0.00 0.02 0.12 0.20 0.06 0.01
AE 6] 0.03 0.09 0.21 0.29 0.13 0.06
Calibrated (i) 0.03 0.09 0.22 0.29 0.13 0.05
AE-CME () -0.03 -0.07 014 -0.15 010  -0.04
Historical (i) -0.03 -0.07 -0.10  -0.08 -0.08  -0.04
AE-CME () 0.00 -0.00 -0.01 0.01 -0.01 0.01
Calibrated (i) 0.00 -0.00 0.00 0.01 -0.01  -0.00

Table 9: Comparison of spread option prices using calibrated correlation and historical correla-
tion with CME listed prices (1Y)

CME shows the settlement spread option price in CME. “AE Historical” shows the spread option price
with the partial 3rd order approximation formula using the historical correlation. “AFE Calibrated” shows the
spread option price with the partial 3rd order approximation formula using the calibrated correlation. “AE -
CME Historical” shows the difference between the price of “AE Historical” and that of “CME.” “AE - CME
Calibrated” shows the difference between the price of “AE Calibrated” and that of “CME.” Each (i), (iii) shows
a model number in.

We can see the high sensitivity of the prices to the changes in the correlations. Thus, it
seems difficult to obtain the accurate correlation from the historical data in order for calibration
to the long term spread option prices.

On the other hand, the effect of the correlation on the average option prices seems very little,
which is observed in Table 10 below.

| 55(Put) 60(Put) 65(Put) 70(Put) 75(Call) 80(Call)

Price | Historical Correlation (i) 2.24 3.56 5.40 7.83 4.14 2.71
(i) 2.27 3.60 5.43 7.83 4.10 2.68

Calibrated Correlation (i) 2.24 3.56 5.40 7.83 4.14 2.71

(iii) 2.27 3.60 5.43 7.83 4.10 2.68

Diff Calibrated corr. (1) 0.000 0.000 0.000 0.000 0.000 0.000
- Historical corr. (iii) -0.001 -0.001 -0.001 -0.001 -0.001 -0.001

Table 10: Comparison of average option prices using calibrated correlation and historical corre-
lation with CME listed prices (1Y)

“Historical Correlation” shows the average option price with the partial 3rd order approximation formula
using the historical correlation. “Calibrated Correlation” shows the average option price with the partial 3rd
order approximation formula using the calibrated correlation. Diff shows the difference between the result of
“Historical Correlation” and that of “Calibrated Correlation”. Each (i), (iii) shows a model number.

5.3 Practical Relevance

This subsection briefly explains the practical relevance of the numerical examples in this section.

Firstly, it is important in practice that all derivatives are evaluated with the same model and
parameters to hedge these derivatives consistently. If the model or parameters are different in
each product, an arbitrage among these products may exist, and combining these options may
make manipulated P/Ls. Thus, LSV models are frequently used in practice (see e.g. pp.162-163
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n [11], Section 2 in [22], and p.3 in [28]) because only LV, SV or simple affine models have some
difficulties in fitting to both market plain-vanilla and exotic option prices simultaneously.

Hence, we have provided an approximation formula for pricing the futures, average and
spread options, which are very popular and traded mainly in oil derivatives markets, and con-
firmed its validity by comparing approximate prices with the listed option prices in CME. More-
over, we have shown that LSV models with jumps are more suitable for calibrating market option
prices than LSV models without jumps. We note that the model needs to be chosen carefully
because some models do not fit the multiple markets in the same parameters (e.g. constant
jumps models did not fit in our examples).

Next, we note that if we could obtain all option prices from the listed derivatives market,
it would be easy to evaluate P/Ls of traders’ positions by using the listed prices as the present
values of derivatives. However, because average options are mainly traded on OTC markets, and
the strikes and maturities of average options traded as the listed option are very limited, it is so
hard to obtain individual average option prices without a common option pricing model among
all contracts. The numerical examples above demonstrated that our method is very effective for
this purpose.

Finally, for estimating these OTC option premiums consistently with listed option prices,
the results in the numerical examples indicate an appropriate calibration and pricing procedure
in practice, which is summarized as follows:

1. calibrate model parameters for the underlying asset prices and their volatilities to the
listed futures options prices.

2. calibrate the correlation parameters between two futures prices (and their volatilities) to
the market spread option prices.

3. pricing the average and the spread options in OTC contracts for the counterparties and
customers.

Here, we remark that since the sensitivity of spread options on the correlation between two
futures prices is larger than that in the average option, as observed in the numerical examples,
spread options need to be used for calibration before pricing average options.

Accordingly, one can manage positions of average options with relevant futures and spread
options in a unified and consistent manner based on a common underlying model with our
method.

6 Conclusion

We have shown a new approximation formula for pricing average and spread options in local-
stochastic volatility with jumps models, and have provided a justification of our approximation
method with some asymptotic error estimates for general payoff functions. Especially, our model
admits local volatility functions and jumps in both the underlying asset price and its volatility
processes. Thanks to the closed-form formula, the computational speed of the method is very
fast, which makes sensitivity analyses and calibration procedures much more efficient than the
other numerical schemes.
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Moreover, in numerical experiments, we firstly calibrate the model to the WTTI futures options
by applying our approximation formula to pricing the plain-vanilla option prices. Then, valua-
tion of average and spread options on the WTI futures based on the parameters and comparing
those with the CME settlement prices have demonstrated the effectiveness of our approximation
scheme.

Further, we have obtained the implied correlations embedded in the spread options and
found the importance of the jump component in the futures price processes for duplicating
consistently and precisely listed futures option, calendar spread option and average option prices
with common parameters.
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A Propositions used in Section 3

This appendix shows two propositions with the same notations as in Section 3, that are used for
the proof of Theorem 3.2. Firstly, we introduce a version of Theorem 2 in Yoshida [44], which
is simplified to fit our purpose. The notations are the same as those in Section 3.

Proposition A.1. Suppose that the d-dimensional sequence (Fe)ce(0,1) has a smooth asymptotic
expansion:

Fo~fot+efi+efa+--,(el0). (81)
Suppose also that for every p > 1,
lim sup E[A L] < oo, (82)
el0
where Ap, := det op. and o denotes the Malliavin covariance of F.. Then, for every g €
S'(RP), g(F.) has an asymptotic expansion:
E[g(Fo)] ~ E[®o] + cE[®1] + 'B[®o] + -, (83)
where ®; are determined by the formal Taylor expansion of g(Fe) around fy. In particular,
(I)o = g(FQ), (84)
D
O =Y ug(Fo) £ (85)
a=1

where fi(a) s the a-th element of f;.

We remark that F, has a smooth asymptotic expansion in a sense that for every p > 1 and
n€Zy, Fo— Y € fi =0(e"™), that is,

| Fe = i €' fi
e(éﬂ) L < oo

lim sup
el0

Moreover, in order to evaluate the coefficients in the expansion, E[®;] (E[f; 7] in our case),
we apply the next proposition, a specific version of Proposition 3 in [44] to fit our setup.
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Proposition A.2. Suppose that F' is smooth in a Malliavin sense, and
E [A;ﬂ < o0, Vp > 1. (86)

Then, F has a smooth density p*". Moreover, for g € fT(RD) and a smooth G in a Malliavin
sense, where .FT(RD) being the set of measurable functions on RP of at most polynomial growth,

E[0"g(F)G] = /RD 9(2)(=0)"{E[G|F = 2]p" (2)}d= (n € ZT). (87)

We note that in our situation, smooth F' and G in a Malliavin sense mean that F' and G are
Malliavin-differentiable in the Wiener direction up to any orders and the derivatives have finite
L,-moments for every p > 1.

B Proofs of Theorem 3.2 and Corollary 3.3

This appendix gives proofs of Theorem 3.2 and Corollary 3.3, where notations are the same as
those in Section 3.

Proof of Theorem 3.2. Since Condition (A) is satisfied, %T(E) has a smooth asymptotic expansion
by Proposition C.4. By this result with Condition (B) and (C), the conditions in Proposition
A.1 are satisfied. Moreover, in an application of Proposition A.1, the validity of the expansion
is proved through an integration-by-parts(IBP) formula to have an expansion for the product
of the so called Malliavin weight (e.g. Takahashi - Yamada [40], [41]) with smooth asymptotic
expansion and a composite functional of a smooth function with @/T(g). (Please see the proof for
Theorem 3 in [44] for the details.) Then, with an application of Proposition C.4 in Appendix C

to the current setup, E[f (%T(e))] has an expansion:

E[f(%\)] = E [for + efir+ Efor + - + ¥ farr] + O T1C(T)). (88)

In addition, Condition (C) ensures that E[f,, 7] has the following expression by Proposition

A2
a" p
Blfrl = B| g0 ]
(n)
= > [ s@-or (B[ a =] 4 @) o (89)
) /R

O

Proof of Corollary 3.2. The probability of {INV; = k;} is expressed as p,y = [[}1; W,
which is the product of the k; times of the jump probabilities of N7 (I = 1,---,n), that is
[I=, P{Nir = K;}), thanks to the independence of N;p (I = 1,---,n). Thus, E[f(@;ir(e))] is

expressed as

Ef () = Y Y pun B Ny = k)]

k=030 b=k
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-

T ~ N
=Y Y e (Hﬁ;) /0 E[f (%) {Nir = k), {m = )]

k=031, ki=k

(90)
Here, we have used that the joint density of (71, -+ ,7,) conditioned on N7 = k; is given by
gt g N = ki) = % (0 <ty <--- <ty <T), and hence the joint density g of
(T1,05 Tk, ) conditioned on {N; 7 = k;} is provided as:
gty st (N = ki) = 1] T (91)
=1

Moreover, because of Condition (A) and (B), the same argument as in Theorem 3.2 derive next
expressions:

E[f(%){Nyr = ki), {n = 17}]
=E [fo T{k} T efi Tk} T+ GQfZ,T,{kl} + o+ GMfM,T,{kl}}} + O(GMHC(T))v (92)

7 ©
E{fo.riuy] = / Fla)p =i (2, (93)
Elfo 1] = Z / f(@)(=0,m)
n(’”) a(r)
. 7

X <E [Xﬁl’(m) ' "X;T’(M)W{?ZQ},T x, {Nir = ki), {m = B3} ] p "t ’”’T(ff))d%
(94)

a/(o) (0) - (0) > (0) ..
where p (7=t}7 is a density function of % iy and %{ i T stands for %’ conditioned

on jumps at {7 = tl} with {N; 7 = ki }.
Finally, we obtain the lemma by putting E[f, 7] as

fnT Z Z 20 <H Tk > / fnT{kl}] : (95)

k=031, ki=k

C Error Estimates of Asymptotic Expansions

This appendix discusses error estimates of our asymptotic expansions, which are obtained from
moment estimates for some graded stochastic differential equations(SDEs). In fact, an asymp-
totic expansion of an SDE creates a new system of SDEs, whose coefficients are not globally
Lipschitz, but have a ”Lipschitz lower triangular structure” (p.45 in Bichteler et al.[4]).
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First, we consider a I-dimensional stochastic differential equation of the form: for ¢ € [0,T7,

t K t k t
\A :@,ﬁ—/ A(S,Y;)ds—i-eZ/ Bj(s,Y;)de—FZ/ / Iy(e, s,2, Y )Ni(ds, dz),
0 oo = Jo JE
(96)

where € € (0,1], g is R -valued cadlag process, and A : [0,7] x R x @ — R, B; : [0,T] x
R/ xQ— R T;:(0,1] x [0,T] x E; x Rf x Q — R are predictable processes, and W is a K-
dimensional Brownian motion. Each N;(dt, dz) is a Poisson random measure on [0, 7] x E;, where
(Ep, E;) is a measurable space with E; C R, ¢; € N, and the intensity measure of N; is dt x v(z),
where 1(2) is a positive o-finite measure on (E;, E;). Then, Nj(dt,dz) := Ny(dt,dz) — dt x v(z)
is a compensated Poisson random measure. Also, a norm |||Z7|||, is defined as

Zzlll, = (/OTEUztmdt)é.

Then, let us provide the following definition for graded SDEs from Definition 5-5 [4].

Definition C.1. A grading of R! is a decomposition R = Rt x-- - x Rle with I = I; +---+1,.
The coordinates of a point in R! are always arranged in an increasing order along the subspace
R’ and set My = 0 and M,, = I +--- 4+ I, for 1 < m < q. The coefficients A, B and
[ are graded according to the grading, that is, R = RI x ... x Rl if A;(t,y), Bji(t,y),
j =1, ,K and I';;(e,t,2,y), which are i-th element of A, B; and I';, depend upon only
through the coordinates (yi)1<k<nm,, when My, <i < Mp,.

We note that when we define II,,, as an orthogonal projection on R/t x --. x R graded
coefficients mean that

HmA(ta y) = HmA(ta Hmy)a
Hmrl(€7 ta Z, y) = HmFl(67 t') Z, Hmy)
Moreover, we put the next assumptions for the coefficients in the SDE. (Hereafter, in order

to avoid the notational complexity we may omit € from the notation, and may use the notation,
| X7 defined by | X[} := supg<;<p | X¢.)

Assumption C.2. the coefficients are graded according to RT = R x .- x Rle in a sense
of Definition above. Moreover, let F(t,z,y) = A(t,y), or Bj(t,y) (j-th column of the ma-

triz B(t,y), j = 1,--- ,K), or % with m(€,2) € No<peccLlP(Er,vy). We assume F is

differentiable in y on RI, and
.Z. |Fz(t7z,0)|§Zt fOT‘Z':17...’I’
2. |8iyjﬂ(tvzay)‘ SC Z.f]w'm—l <i7j SMm fOT’ SO?TL@qu,

i.e. ]%Fi(t,z,yﬂ < ( for F; € QuF and y; € Qny with Q,, := 11, — 1L, 1,
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3. |2 Fi(t,2,y)| < Zi(1+|yl?) for all i,

where F; is the i-th element in F, (,0 > 0, and Z, Z are R-valued predictable processes such
that ||| Z7|||p, ||| Z7]||p are finite for ¥p € [0, 00).

Then, the existence of the unique solution and its L? integrability for Vp > 1 to the SDE
(96) are proved in a similar way of Theorem 5-10 in [4]. Thus, we concentrate to show (103)
below with specifying the associated constant terms explicitly.

Firstly, by applying Burkholder-Davis-Gundy inequalities (e.g. for the Brownian integral,
Lemma 11 in p.79 of Lipster - Shiryayev [27] and for the compensated Poisson integral, Lemma
7 in p.77 with Corollary 1 in p.76 of [27]), a slight modification of Lemma 5.1 in [23] and
Holder’s inequalities, we can show the following useful lemma, which is applied to obtain the
error estimate of our asymptotic expansion method.

Lemma C.3. For p > 2, we assume the above conditions 1, 2 and 3. Then,

[ t P T
B | sup | [ Ay ]m(p) | Bl v m s, (97)
lo<t<T|Jo 0
[ t P T
Bl sup | [ Bs Y)aWi| | <cato) [ B[IBi(s, Y0 )P] ds (98)
lo<t<T|Jo 0
i t 5 p T T Ye p
E | sup //Fl(e,s,z,lge_)Nl(ds,dz) §crl(p)/ E[Z(E’S’Z’S) ]ds,
[0<t<T |Jo JE 0 m(e, z)
(99)
where
calp) = TP, (100)
- pp-i-l 2 P
CB(p) - (2(p _ ]_)p*l 1> ) (101)

() = 214 p) (2( rm<e,z>|2uz<dz>)2+2’2’ |m<e,z>|pw<dz>). (102)

E; E;

Then, under Assumption C.2, we apply this lemma and a Gronwall’s inequality with an
induction argument for the grading, m = 1,--- , ¢ by defining Ilyy = 0 to show the next propo-
sition.

Proposition C.4. Under Assumption C.2 with |§|} € Np<ooLP, (96) has a unique solution Y,
and for every p > 1, there exist a constant v, and an increasing function of T, c¢p(T) such that

| Y5 o< @A || o +H1Z21,)- (103)

Here, we set ¢,(T) as

1
cp(T) = 05 exp(¢PIP0,T/p),
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where I is the dimension of Y and

k
5y = 4p1max{1, (aA(p)JrK’z’cB )+ k2~ 1ch >2p 1}, (104)

with ca(p), cg(p) cr,(p) given by 100), (101) and (102), respectively.
In particular, for p = 2(L*-norm) since it is not necessary to use Burkholder-Davis-Gundy
inequalities, those are simplified as follows:

(T) = /62exp(CPI%6,T/2),

k
0y = 4max{1,( A(2) + cp(2 Z er, ( ) } (105)

= <T+K+2/ (€, 2) Vldz)>,(K21,k:21),

ca(2) = T, cp(2) =1, cr,(2) :/E m(e, 2)?v(dz).

Next, let us proceed to a general scheme for error estimates for asymptotic expansions.
Firstly, since 11,1 A(t,IL,,,—1y) = I,,—1 A(¢, I1,,,y) and hence (with @, = I, — II,,—1),

QmA(ta y) = HmA(ta Hmy) - Hm—lA(ta Hm—ly) = QmA(t7 Hmy)7
similarly for B; and I';, the SDE corresponding to the m-th grade is expressed as follows:

t K 3
Qi = Quint [ 4Gty [ B 0w
0 i—1 70

k t ~
+ / / 7 (€, 5,2, QmY ) Ni(ds, dz),
1=170 JE

where A™(t,2) := QumA(t,z + 11, 1Y;), B}"(t,x) = QmBj(t,x +11,,_1Y;) and T (e, ¢, 2, x) :=
Qmli(e, t, z,x + 11,1 Y}).

Then, we slightly elaborate Assumption C.2 as the one for the coefficients in each graded
SDE as follows:
Assumption C.2.°

L. |Fzm(t7z70)’ S Zm,t7

0
2 | G P )| < G 1 € Qi
Yj

0
3. ‘aszm(t7z7Hmy>' S Zm,t <1 + ’Hmy’9m> ’

where Cpn, O > 0, and Z,,,, Zp, are R-valued predictable processes such that ||| Zm.z|||p; ||| Zm.7 ||y
are finite for Vp € [0,00). Here, we use a similar notation as before: F™(t,z,y) = QmA(t,y),
QmBj(t,y) or W, and F/" denotes the i-th element in F"™.
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Next, because A™(t,0) = QmA(t, I,,_1Yy), B}”(t, 0) = QmBj(t,IL,,_1Y:) and (e, t, 2,0) =
QmI(e, t, 2, 11,,1Y;), we have

_ 0
‘Flm(e,t,z,O)‘ < |F™(e,t,2,0)| + ‘%Fim(e,t,z,ﬂm_ly) ITL,,—1y|

< Zm,t + Zm,t (1 + ‘Hm—ly‘em) ‘Hm—ly‘ .

Hence, by setting QoY = IIjY = 0 and applying above estimates with Holder’s inequality,
the similar argument as in deriving Proposition C.4 gives the following recursive inequalities:

Form =1, || |QY |7 || = LY 3 ||, < cip(D) (|| Tdl7 || o H1Z17llp)

For m > 2, || Y |7 || o < || M s Y15 (| + 1@ Y 1 || s (106)
with
11@mY 5 || 10
< cm,p<T>{ (I1Qmalr (| o +11Zmzlllp) + 11 Zim,7 2o (| M1 Y7 || 2 + || D=1 Y 17 | 2o 1)) }
(107)
where form=1,--- g,

1

mp(T) = 64 exp(CL I8, 6m p T/ p),

with some 6, 5, similarly given by (104) or (105).

Moreover, for the case of the graded SDE created by an asymptotic expansion of Xj(f ) in

Section 2 (and g(X%6 )) in Section 3) with respect to ¢, all the initial values for the SDEs regarding
8kx(5)

(9ekT
to the original underlying SDEs for Xéf ), Thus, for all m related to the expansion and its error

(e) k(X ()
. . 1 Ok Xy 1 9%9(X7")
estimates (i.e. o=+, 11— g%

HQmY 17|, (108)
< enp(T) {1 Zmrlllp + 1 Zmirlllzp (|| Tt Y |2y + | Tt Y | 2ago4) }

with k& > 1 are zero, and hence, |Q,3|5 = 0 for all m except for the ones corresponding

, k > 1), we replace (107) by the following equation:

Consequently, the recursive inequalities (108) and (106) provide a general scheme to obtain
error estimates for asymptotic expansions. Further, given particular forms of the coefficients in
the graded SDEs (e.g.(7), (17)) arising from an asymptotic expansion and the assumptions (e.g.
Condition (A), a smooth function g with all derivatives of polynomial growth orders) for the
original SDE for Xt(ﬁ) (and g(Xt(E))), we are able to express those inequalities more explicitly.
(Please see an example below for the detail.)

Finally, in order to obtain a more explicit form of an error estimate for an asymptotic ex-
pansion, which depends on the functional properties of the associated graded SDEs’ coefficients,
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such as their values at Y = 0 and the bounds with growth rates of their derivatives, let us
consider the following one-dimensional local volatility model as an example:

t ~
S — 5o+ / @ (1) aw, + / W (S1) (¢ = 1) N(ds,d2), (109)
0 R

with € € (0,1). (Here, we start with a perturbed SDE corresponding to (3) in the general case.)
Let us rewrite the equation by introducing a new perturbation parameter ¢; > € with « :=
< €(0,1), and expand the equation around €; = 0:

t €10z __ -
S = g4 —I—/ e ad <5§61)) dWs + / a¥ (5§€I)> !N(ds, dz). (110)
0 R

(07

Here, we suppose that ®(t, x), Yta) (e =1) o Cpe(x) with n(er, o, 2) = max{

an(er,o,z)
In this example, we use an abbreviated notation, n(e1, a, z) = n1 (€1, , 2).

Let us remark that this transformation includes the one in numerical examples as in Section

e€1az _
1} |€e1az "€e1o¢z22‘}‘

5, where we frequently put e; = 1 for (e1)* in expansions, that is,
2
€ 1
Sf ~ 5P + sy + 290+ = 5P+ 5 + 557+ (111)
. 8ks<51>
with S(Tk) = 66711; K
€1=

As an example, in order to evaluate the error of the first order expansion of S ()

Y; = (Y14, Yoy, Ys,), where Y satisfy the following graded SDE:

, we set

Yie = St(el)
t t eflaz _ 1 _
= so+/ elo@(YLs)dWs—&—/ / a¥ (Yy ) ——N(ds, dz),
0 0o JR «Q
9 (@)
Yo, = —S;°
2.t e,

t t
_ /a(I)(Yls)dW —i—qa/ ' (Vi) YosdIW,

ef10z _
//a\I/ (Y15) ez ds dz) //a\If (Yis) Ygs (ds,dz),

Y3, = —S“
3 861

t
= 2/ ad®’ (Y1 5) Yo s dWs +61a/ 0" (Y1) (Ya,5)? AW
0
+61a/ P’ (Y15) Y3 sdWs +/ / U (Yy5) e 22N (ds, dz)
- oz 1
+2/ / Oz\Ifl(YLS)}/ZS@GIQZZN(ds,dZ)+/ / al” (Yy4) (Ya,)? eiN(ds,dz)
0 JR 0 JR

«
t 661042 -1 -~

—i—/ / a¥l' (V1,5) Y3 s——— N(ds, dz).
0 JR o
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2
We need to evaluate %1 H |Y3|7 H » 8 an error estimate for the first order asymptotic expansion.
First, let us note that I =3, I; = 1,7 =1,2,3 and K = k = 1. In addition, § = (sg,0,0)’
and

Q1Y = 1LY, =Yy,
QY = (Il —1IL)Y; = Yoy,
QY = (IIz3—1II)Y; = Ya,.

Then as the error estimate, we obtain 2 H Y35 H 1» Dy using the lower order estimates,
recursively as follows.
Firstly, || [Y1]7 ||,, is given by

. 1
[ ¥l 10 1T ol + 11 Z1rll]) = x0T [Jsol + T3 2] (112
where
1 ) pT B -

cp(T) = 5f,p exp <17p]§1> 01y =3 ! max{1, [cp(p) + cr(p)]2” 1}7

¢ = amax{e(1,0,C,0}, C,o =sup|® (y1)], Ciw = sup [V (y1)l,
A Y1

1
Z1y = 71 = amax{a[D(O)], WO}, [1Zu7lll, = 752,
Then, H Va7 HLP is shown as

| 1%l < en@)277 (1 Z2llly + aTo 6 || 1Yl || |

= ac, (12T [max{|2(0)],[€O)]} + & || Vil [|1,] - (113)

where

1 89.,CPT A
cap(T) = 65, exp <2p]§2> , 2p =4 {ep(p) + cr(p)}, G = max{(1,0, 10},

(o = amax{e1(2.a, G20}, (2.0 =sup|®(y1)|, (oo = sup |V (y1)],
Y1 Y1

1
Zog = Zo = amax{|@(0)], [T O)]}, [||Zorlllp = T7 Ze.

Finally, we obtain an error estimate for the first order expansion (e.g. with e; = 1,i.e. a =€)
as:

7 A * 2 i *
TNl [l < desnl®@) [aliT || el ||, +56T7 || 1¥al5 |7,

1 1
1 (8 ter(p)\” a? (8 Ller(p) 7 1 «
ol Wasrllb+ o | ——— | eT? || Mz |
2 53,]) 2 5371’

B =

8p71 % .
046%03,p(T)T % (CP(M> (|\Ij(0)| + L H il HLP)

53,17
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40| 19l N+ I 1305 1 (114)
where
canlD) = 6500 (25T = 20706,y = (3 + 0 r).
o = max{Co.0, (20}, G =amax{ei(se,Gu}, Go = S;llp 19" (y1)|, (30 = S;llp 19" (1))
Zys = Zs = 2[0(0)|, ||| Zs.rlllp = T7 Zs.

Here, let us recall cg(p) and cr(p) from (101) and (102) as follows:

) = (35575m) T

o) = 227114+ pP) (2’75 (/En(el,a,z)y%(dz)>2+2S/En(el,a,z)ypy(dz)>.

[NJiS)

Particularly, since it’s not necessary to use Burkholder-Davis-Gundy inequalities for p = 2(L2-
norm), those are simplified as cp(2) =1 and cp(2) = [, n(er, o, 2)?v(dz).

We also note that because sup,¢jo 1] H g—;S(Telu) H:H %S&fl) H, in this example, the bound
’ 1 1
2
of %1 H b H 1» derived above is an error estimate for the first order expansion.

Remark C.5. Error estimates of higher order expansions are obtained in a similar manner
based on a recursive scheme (108) with (106), though explicit expressions are more involved.
Also, the observations made below hold for higher order expansions, and are consistent with the
results for numerical examples in Section 5, shown in Table 6 and Figures from 8 to 10.

In terms of the orders of a € (0,1), that is O(a*), k = 0,1,2 (except n(e,a, z) in cr(p)
which is common in each expansion), we observe that || V1|7 ||,,= OQ), | [Y2I7 ||,,= O(a)

and % | 1Y3]7 HLP: O(a?). Hence, as « is smaller, the error becomes smaller in the first order
expansion.( n(e1, a, z) also becomes smaller as o goes smaller.) This is true of the higher order
expansions, because the error of the k-th order asymptotic expansion is O(ak+1). This means
that as long as the diffusion and jump coefficients in the original SDE (109) is smaller, the
higher order expansions become more effective.

This example also shows a validity of an expansion with e = 1 as in (111) after appropriate
transformation (scaling) as in (110). In fact, since « = € € (0,1) when €1 = 1, the error order
of k-th order expansion is O(e"™1) such as % H Y37 HLP: O(€?) for the first order expansion.

Moreover, the error depends on time-to-maturity T, and the functional properties of the
associated graded SDEs’ coefficients, such as |®(0)], |¥(0)|, the bounds with growth rates of the
derivatives |®'|, |0'|, |®"|, |¥"|, and jump size(reflected in n(e1, o, 2)) and intensity. In fact,
we observe in this example that as those are smaller, the error becomes smaller and vice versa.

That is, for the error of the k-th order expansion, in addition to the effect of ot (= +1),
the point ¢ = 1 is indeed not “far away” from e; = 0, if the function evolves in a mild way
from e =0 to eg = 1. (e.g. in our example, if |2(0)|, |¥(0)|, the bounds with growth rates of
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the derivatives such as |®'|, |9'|, [®"|, "] (®"|, |¥"| etc. in higher order expansions) and
Jump intensity and size are small enough.) That is, if the function is good enough, practical
applications do not require the point, at which the function is evaluated, to be restricted to the
neighborhood (of e =0). *

Remark C.6. The error estimates for an asymptotic expansion of the underlying asset price
g(S) depend on the functional properties of g such as the growth rates of the function g and
its derivatives. Particularly, in the case of an average option, the error is given by a weighted
average of the error of each asset price consisting of the average price.

When a derivatives payoff function f on g(S) is not smooth, (e.g. in a plain-vanilla case, the
payoff is a continuous function with only one non-smooth point at the strike), it is approzimated
by a smooth function as close as possible, by use of an integration-by-parts(IBP) formula if
necessary as in Theorem 8.2. In fact, for pricing a plain-vanilla option, we do not need an
IBP formula. (Please see Section 2 with Theorem 2 in [35] for the detail.) Thus, the similar
discussion as above is true of error estimates for an asymptotic expansion of the derivatives
price.

D Effect of the Third-order Expansion for Jump Components

In this appendix, we compare the accuracy of the full third-order expansion with that of the
partial third-order expansion introduced in Section 4. In particular, we take the target payoff
as a quadratic function of the average payoff, ((Agf) — K)+)2 with Agf) = fOT St(e)dt, since it
enables us to calculate the full third-order approximation without dealing with a delta function,
which would arise from the second order differentiation of the average payoff (Agf) — K)* in

2
expansion on € as in (67). Hence, we are able to compute its value E [((Ag,f) - K )+) } based on

a simple Monte Carlo method with expansion of the payoff. While our analytical approximation
is applicable to delta functions and the calculation speed is considered fast enough, the full
third-order expansion needs a number of new conditional expectaition formulas. Also, we adopt
the following Merton jump-diffusion model as the underlying asset price process:

T Np T
S — g0+ / co8Oam, + 3 519 — 1) - / A(E[Y] - 1)8 9, (115)
0 . 0
J=0

where Y; ~ N(m,v?).

Then, we use two parameters sets with ¢ = 1: In the “standard parameters” case, we set
so =100, 0 = 10%, A = 1, Y; ~ N(—0.05, (0.1)?), which are similar to (iii) in Table 3. Here, in
order to adjust the effect of the quadraric payoff function, we put the volatiliy for the diffusion
and the standard deviation for the jump size as about a half values of the calibrated ones in
Section 5. In the “stressed parameters” case, we increase the standard deviation of the jump
size to 20%, that is, sp = 100, ¢ = 10%, A = 1, Y; ~ N(—0.05,(0.2)?). The numbers of time

*We appreciate an anonymous referee for pointing out this observation.
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steps and trials in the Monte Carlo method are 100 and 100 million, respectively. The results
appear in the figure 11.

Figure 11: Errors of the partial 3rd and the full 3rd approximations
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X axis is strike price, and Y axis is the error between the partial third approximation and the true value or
the error between the full third approximation and the true one. (Standard) and (Stressed) stand for the results
of the standard parameters and the stressed parameters, respectively.

The figure shows the results of the standard and stressed parameters, respectively, where the

2
errors are calculated for the square-root of the values, | | E [((Agf) - K)* ) ] , which makes those

comparable to the errors for the average options E [(Agf) - K )+} in Section 5. It is observed

that while the accuracies of the partial third-order and the full third-order approximations are
similar in the standard parameters case, the full third-order approximation improves the partial
one in the stressed parameters case.
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