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Dual pricing of American options by Wiener chaos expansion*

Jérome Lelong |
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Abstract

In this work, we propose an algorithm to price American options by directly solving
the dual minimization problem introduced by |[Rogers [2002]. Our approach relies on
approximating the set of uniformly square integrable martingales by a finite dimensional
Wiener chaos expansion. Then, we use a sample average approximation technique to
efficiently solve the optimization problem. Unlike all the regression based methods, our
method can transparently deal with path dependent options without extra computations
and a parallel implementation writes easily with very little communication and no
centralized work. We test our approach on several multi-dimensional options with up to
40 assets and show the impressive scalability of the parallel implementation.

Key words: American option, duality, Snell envelope, stochastic optimization, sample
average approximation, high performance computing, Wiener chaos expansion.

AMS subject classification: 62120, 62L15, 91G60, 65Y05, 60HO7

1 Introduction

The pricing of American options quickly becomes challenging as the dimension increases and
the payoff gets complex. Many people have contributed to this problem usually by
considering its dynamic programming principle formulation Tilley [1993], Carriere, [1996],
Tsitsiklis and Roy| [2001], Longstaff and Schwartz| [2001], Broadie and Glasserman| [2004]
and Bally and Pages [2003]. Among this so extensive literature, the practitioners seem to
prefer the iterative optimal policy approach proposed by |Longstaff and Schwartz| [2001],
which proves to be quite efficient in many situations. However, true path—dependent options
cannot be handled by this approach. Solving the dynamic programming principle requires
the computation of a conditional expectation, which is eventually dealt with regression
techniques. These techniques are known to suffer from the curse of dimensionality: global
regression methods lead to high dimensional linear algebra problems, whereas local methods
see the number of domains blow up with the dimension. Despite the numerous parallel
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implementation of this techniques (see for instance Dung Doan et al|[2010], |/Abbas-Turki
et al.| [2014]), we cannot expect to obtain a fully scalable algorithm. In this work, we follow
the dual approach initiated by Rogers [2002] and Haugh and Kogan [2004], which can
naturally handle path dependent options. To make it implementable, we need a smart and
finite dimensional approximation of the set of uniformly integrable martingales. We chose
the set of truncated Wiener chaos expansions, which have some magic features in our
problem: its density makes the optimization differentiable almost everywhere and
computing its conditional expectation exactly is straightforward. Then, the pricing problem
boils down to a finite dimensional and convex optimization problem. The optimization
problem is solved using a Sample Average Approrimation (see |Rubinstein and Shapiro
[1993]), which can be easily and efficiently implemented using parallel computing.

We fix some finite time horizon 7" > 0 and a filtered probability space (2, F, (F)o<i<7, P),
where (F;)o<t<7 is supposed to be the natural augmented filtration of a d—dimensional Brow-
nian motion B. On this space, we consider an adapted process (St)o<¢<7 with values in RY
modeling a d’-dimensional underlying asset. The number of assets d’ can be smaller than
the dimension d of the Brownian motion to encompass the case of stochastic volatility mod-
els or stochastic interest rate. We assume that the short interest rate is modeled by an
adapted process (r)o<t<7 with values in Ry and that [P is an associated risk neutral mea-
sure. We consider an adapted payoff process Z and introduce its discounted value process
(Zt =e fot rsds Zt> . We assume that the paths of Z are right continuous and that

0<t<T
SUpteqo,r] | 2t| € L2. The process Z can obviously take the simple form (¢(S;))s<7 but it can
also depend on the whole path of the underlying asset S up to the current time. So, our
framework transparently deals with path—dependent option, which are far more difficult to
handle using regression techniques.

We consider the American option paying Z; to its holder if exercised at time ¢. Standard
arbitrage pricing theory defines the discounted time-t value of the American option to be

Up = esssup,¢7, E[Z;|F, ]

where T; denotes the set of F—stopping times with values in [t,T]. The integrability prop-
erties of Z ensure that U is a supermartingale of class (D) and hence has a Doob—Meyer
decomposition

U = Uy + M} — A}

where M* is a martingale vanishing at zero and A* is a predictable integrable increasing
process also vanishing at zero. With our assumptions on Z, M* is square integrable. Following
Davis and Karatzas| [1994], Rogers [2002] and [Haugh and Kogan! [2004] found an alternative
representation of the price at time-0 of the American option as the minimum value of the
following optimization problem

Up= inf E lsup(Zt - Mt)] =K lSUP(Zt - Mt*)] (D)
MeHZ  |+<T t<T

where HZ denotes the set of square integrable martingales vanishing at zero. A martingale
reaching the infimum is called an optimal martingale. As the dual price problem writes
as a convex minimisation problem, the set of all optimal martingales is a convex subset of



HZ. Among the martingales reaching the infimum in , some of them actually satisfy the
pathwise equality sup,«p Z; — My = Up. These martingales are called surely optimal. Any
surely optimal martingale reaches the lower bound in but not all optimal martingales
are surely optimal. We refer to Schoenmakers et al. [2013] for a detailed characterisation
of optimal martingales. Anyway, Jamshidian [2007] proved the uniqueness of surely optimal
martingales within the continuing region, ie. for any surely optimal martingale M and any
optimal strategy 7, (Minr)e = (M7, ): a.s.

The most famous method using the dual representation is probably the primal-dual
approach of |Andersen and Broadie| [2004], which heavily relies on the knowledge of an op-
timal exercising policy. The a priori knowledge may take the form of nested Monte Carlo
simulations as in |Schoenmakers [2005], and Kolodko and Schoenmakers| [2004]. To circum-
vent this difficulty, Rogers| [2010] explained how to construct a good martingale. In a Wiener
framework, Belomestny et al. [2009] investigated this approach by relying on the martingale
representation theorem to build good martingales. When trying to practically use the dual
formulation , the first difficulty is to find a rich enough but finite dimensional approx-
imation of Hg (Belomestny| [2013] suggests to use the martingale representation theorem)
and then we face a finite although potentially high—dimensional minimization problem, which
can be written as a linear programming problem with as many constraints as the number of
sample paths used (see Desai et al.|[2012]). Belomestny| [2013] considered a penalized version
of of the form

MeH} 0<t<T 0<t<T

inf (E l sup (Z; — Mt)] + Kk Var ( sup (Zy — Mt)))

with £ > 0. This criteria naturally selects surely optimal martingales (see |[Schoenmakers
et al.[[2013]). Although adding such a penalization looks interesting from a theoretical point
of view, it breaks the convexity of the minimization criterion, which makes the problem harder
to solve from a practical of view. We refer to |Belomestny et al.| [2017] for a detailed analysis
of the properties of the penalized problem.

The minimization problem can be equivalently formulated as

Up = inf E | sup (Z; — E[X|F)) (2)
XeLi(Q,Fr,P) 0<t<T
where L3(9Q, Fr,P) is the set of square integrable Fr— random variables with zero mean. In
this work, we suggest to use the truncated Wiener chaos expansion as a finite dimensional ap-
proximation of L?(€, Fr,P). Since Wiener chaos are orthogonal for the L? inner product, the
computations of the conditional expectations E[X|F;| become straightforward and boil down
to dropping some terms in the chaos expansion, which makes our approach very convenient.
Based on this approximation, we propose a scalable algorithm and study its convergence.
The paper starts with the presentation of the Wiener chaos expansion and some of its
useful properties in Section[2] Then, we can develop the core of our work in Section [3]in which
we explain how the price of the American option can be approximated by the solution of a
finite dimensional optimization problem. First, we analyze the properties of the optimization
problem in order to prove the convergence of its solution to the American option price. Second,
we study its sample average approximation, which makes the problem tractable, and prove
its convergence. Based on all these theoretical results, we present our algorithm in Section [4]
and discuss its parallel implementation on distributed memory architectures. Finally, some
numerical examples are presented in Section



Notation
e For a e NY, |af; = Z?:l Q.

e For a € (Nq)d, lal, = Z?:l Z?:l ag.

efForn > 1,0 =t) < t1 < -+ < t, = T is a time grid of [0,7] satisfying
hmni)oo Supogkgnil |tk;+1 — tk| = O

e Forn > 1, the discrete time filtration G is defined by Gy, = o(By,,, —By;,i = 0,...,k—1)
for all 1 < k < n, while Gg is the trivial sigma algebra. Obviously, G C F;, for all
0<k<n.

e For 1 <¢<d, I(r) € {0,1}" denotes the vector (0,...,0,1,0,...,0).
——

e For1<g<d,and 1 <r <mn,I(r,q) € N**¢ with all components equal to 0 except the
component with index (r, ¢) which is equal to 1.

We recall some useful definitions related to Malliavin calculus using the notation of Nualart
[1998]. These notations are mainly used to study the regularity properties of the minimization
problem . The reader more interested by the algorithm can skip this part.

o et S denote the class of smooth random variables of the form F =
fW(hy), -+ ,W(hg)) wherem > 1, f € COO(RZXd R), forall j < ¢, h; = (hjl-, e ,h;l) €
L3([0, TY, Rd) and for all i < d, Wi(hi) = [ hi(t)dW}.

e For F € S, the Malliavin derivative of F' denoted by DF = (D*,--- D% is a stochastic
process with values in R Fort<Tand1<i< d, D% is defined by

l
DiF =Y 05 f(W(h1), -+, W (hn))H5(2).
j=1
With this notation, D, is a gradient operator.

e For m > 1, a multi-index a € {1,--- ,d}" and a tuple of dates (t1,--- ,t), we write
Dto‘h.., = Dgl(- . (DfmmF))

DME = {Dg o B ae {1, dy™, (t1,-- s tm) € [0,T]™} can be seen as a
measurable function defined on € x [0, 7]™. When d = 1, we drop the multi-index and
just write Dy, ... 4.,

e Let D™2 be the closure of S w.r.t. the following norm

Fl2,.. =E[|F E/
| E ||y, H+ZZ [[OT

r=1|a|,=r

Ly, tr

2
F‘ dt1-~-dt7n].



2 Wiener chaos expansion

In this section, we briefly recall the principles of Wiener chaos expansion and its basic prop-
erties. We refer to Nualart| [1998] for theoretical details.
Let H; be the ¢ — th Hermite polynomial defined by

2/2 d
dz?
They satisfy for all integer ¢, H, = H,;_1 with the convention H_; = 0. We recall that if
(X,Y) is a standard random normal vector E[H;(X)H;(Y)] = i! (E[XY])" 1;=
It is well-known that every square integrable Fr-measurable random variable F' admits
the following orthonormal decomposition

4y Y AT, ([ wa)

k=1 ae(NN)d |a|, =k j=1li>1

Ho(z)=1;  Hi(z)=(=1)e (e**/2), for i > 1.

where (Ug)i21,1§j§d is an orthonormal basis of L2([0,T],R%). For all p > 0, we define the
Wiener chaos of order p by

d
H,, = span” (%7T) {HHPJ (/ fgdBJ> f e L*([0,T],R%) Z }
J=1

P
We denote the projection of a random variable F' € L?(Fr) on to @"Hz by Cp(F).
=0
Consider the indicator functions of the grid defined by 0 =ty < t; < .... <t, =T with

values in R¢ defined by

: Lty ()
? ]tz 1,t } . ) — 1 — 1 d
fz() mejvl ""’nyj VRS
where (ey, ..., e4) denotes the canonical basis of R?. Based on the definition of the H,, we

introduce the truncated Wiener chaos of order up to p

d
Cp.n = span {H fAIaj(Gjl, LG s ae (N |af, < p}
j=1

A i _pi
where G/ = % and Ho(z) = [Ti>1 Ha, (%), for 2 € RY. The truncated chaos expansion
of order p of a square integrable random variable F is defined as the L? projection onto C,,

and writes

Con(F)= Y AHENUGY, ..., Gy)

aeA?ffl
where for o € (N*)4, HZ4(G1,...,Gyn) = 1=y Hai (G, ..., G)) and

A9t ={aem) :|al, <p}.



. : . . ®d
With an obvious abuse of notation, we write, for A € R4rn

ConN) = D AHZUG,...,Gy). (3)

aeAE%

The space of truncated Wiener chaos Cp, , has the key property to be stable by the condi-
tional expectation operator. More precisely, the following result explains how to compute, in
a closed form, the conditional expectation of an element of C,,. The proof is postponed to
Section [Al

Proposition 2.1 Let F be a real valued random wvariable in L*(Q2, Fr,P) and let k €
{1,...,n} andp >0

E[Cpn(F)|F,) = > Ao HEUGh,....Gy)

aeAE%k
where Agf;k is the set of multi—indices vanishing after time ty,
ADLF — {aeAgg Vi el dy, V> k, a{,':o}.

Remark 2.2 Since the sum appearing in E[C),(F)|F,] is reduced to a sum over the set
of multi—indices o € Affﬁl;k, it actually only depends on the first k increments (G1,...,Gg).
One can easily check that E[C,,,(F)|F,] is actually given by the chaos expansion of F' on the
first k Brownian increments. Hence, computing a conditional expectation simply boils down
to dropping non measurable terms. While it may look like a naive way to proceed, it is indeed

correct in our setting.

Remark 2.3 The discrete time sequence (E[Cpn(F)|Ft,])o<k<n is of course adapted to the
filtration (Fy, )k but also to the smaller filtration (G)i. This property plays a crucial role
when approxvimating a random variable F € 1L2(Q2,G,,P) as we know from [Nualart, 1998,
Theorem 1.1.1] that in such a case limy_,oo Cpn(F) = F in the L?—sense. This result holds
for the fized value n. If F' were only Fr—measurable and not G, —measurable, we would need
to let both p and n go to infinity, limy, o0 n—soo Cpn(F) = F.

3 Pricing American options using Wiener chaos expansion and
sample average approximation

In this section, we aim at approximating the dual price by a tractable optimization

problem. This involves two kinds of approximations: first, approximate the space L3(Q, Fr,P)

by a finite dimensional vector space; second, replace the expectation by a sample average
approximation.

3.1 A stochastic optimization problem

The dual price writes

inf E | sup (Z; — E[X|F])
XeLi(Q,7r,P) 0<t<T



In this optimization problem, we replace X by its chaos expansion Cp,(X), which has no
constant term as E[X] = 0 and we approximate the supremum by a discrete time maximum.
Then, we face a finite dimensional minimization problem to determine the optimal solution
in the subset Cp,,

inf E Zy, —E|Cyn . 4
- | (Zo, ~ ElCpn(N)|7s) (4)

We introduce the random functions vy,

Vo Nk, Z,G) = Zy — Y AHZ (G4, ..., G)

cAG Lk

and consider the cost function V, , : A € RARD —s Von(A) = E [maxo<p<pn vpn(A k; Z, G)].
By using Proposition we deduce that the minimization problem is equivalent to

i%f Von(A). (5)
AERADN, Ag=0

As the function V,,,, is barely tractable in a closed form, we need some stochastic optimiza-
tion techniques to solve the minimization problem. Two different approaches are commonly
used: either, one uses a stochastic algorithm or replaces the expectation by a sample average
approximation. In this work, we target large problems, which puts scalability as a primary
requirement. The intrinsic sequential nature of stochastic algorithms has led us to prefer the
sample average approximation approach.

We introduce the sample average approximation of V,, ,, defined by

Z max vy, (\, k; 29, GW)

0<k<n

where (Z(i),G(i))lgiSm are i.i.d samples from the distribution of (Z,G). Then, we aim at
solving the empirical minimization problem
Ag@%f Vo (A). (6)
AERAP Xg=0
The solution of this problem is typically computed by a gradient descent algorithm whose
baselines are summarized in Algorithm [3.1] We refer the reader to Section [ for a detailed
description of the algorithm.

In Section [3.2] we prove that this optimization problem is convex and has a solution
(see Proposition and converges to the price of the American option (see Proposition.
Then, we prove in Section [3-3that the solution of the sample average approximation converges
to the solution of when the number of samples goes to infinity (Proposition .

3.2 Properties of the finite dimensional problem

Proposition 3.1 The minimization problem has at least one solution.

Proof. As the supremum of linear functions is convex, the random function A +—
maxg<n Upn(A, ty, Z,G) is almost surely convex. The convexity of V},, ensues from the lin-
earity of the expectation.



Generate (G(l), Z(l))7 cee (G(m), Z(m)) m 1.i.d. samples following the law of (Z,G)
2 + 0 € R45n
£+ 0, dy<+ 0, vg < 00
while True do
dg_|_1 — V%%(xul)
Tpy1 < g — Youdpp
if the desired accuracy is reached then return
end

=

W N O Ok WN

Algorithm 3.1: Sample Average Approximation of the dual price

Let us prove that V,,(\) — oo when |A] — co. Note that V,,(\) > E[(Cpn(N))-] >
$E[|Cpn(N)]], where we have used that |z| = 2z_ + z and E[C),,(A)] = 0.

E(|ConNI] = INE[[Cpn(X/ AN = (Al inf B [|Cpn(p)]]-

HERAR Ju|=1

By a standard continuity argument, the infimum is attained. Moreover, it is strictly positive

as otherwise there would exist p € RAP® with lp| = 1 st. E[|Cpn(pn)|]] = 0. Using the

orthogonality of the family (H §d> a0 Ve would immediately deduce that p = 0. Hence,
a€Apn

we show that V), ,(\) — oo when || — 00. The growth at infinity of Vp.n combined with its
convexity yields the existence of a solution to the minimization problem . |

Proposition ensures the existence of )\g’n solving , ie

Vp,n()‘g,n) = s.i.n/\fozo V().
To study the convergence of the V, n()\ ,,), we introduce the Bermudan option with exercising
dates tg, . .., t, and with discounted payoff (Zt, )k Let U » be its time-t, price. The sequence
(Uk )0<k<n is a supermartingale admitting the Doob—Meyer decomposmon Uk = Uo +M* i
fl;" where M™ is a square integrable (Ft, )r—martingale and A™ a predictable increasing
process for the filtration (F4, )i. The time—0 price can be expressed as

03 = o dnf, B | max (2, —EIXIFD| =B | (2~ MG (D)
Note that Vpn(A ) > Up.
Proposition 3.2 We have
[Von(X) = Uo| < Uo = O + 2| Mz = Cpn(MF)]l, - (8)

Moreover, assume Uo converges to Uy with n. Then, Vpn()\
and n go to infinity.

pn), converges to Uy when both p

We refer to |Carverhill and Webber| [1990], Lamberton| [2002] for results on the convergence of
Ug to Up.



*

Proof. We introduce the truncated chaos expansion of M7 and denote its coefficients by A} .,

ie. Cpn(M7) = Cpn(X,,). We write that

Vi ) = U = Vi) — E [sup(2 — )

p7n

- V;m(/\g,n) —E [m’?X(Ztk — Mt’;)]

+E {mgx(Ztk - Mt’;)} —E |sup(Z; — Mt*)]
L ¢

Vo) = Vo] < Vo) — B |max(Z, — 1)
+E [Sup(Zt _ M;)} _E [m;;ix(Ztk M )] .
t

From the definition of A} ., we know that V,,(A5,,) < Vpn(As,,). Then,

Dm0
0 < Vyn(Ng ) — B [max(Zs, — M;)| < V(¥ ~ B |max(Z, — 1)
— E | max(Zs, ~ E[Cpn(X,0)| 7)) — max(Zo, ~ M;,)]

|

<E :m]?XIE HM; — Cp,n(A;,n)] !%H

<E max ‘Mt*k — E[Cpn (A )| F]

2
< 2||Mj — Cpn (M7,

where the last upper—bound ensues from Doob’s inequality. We combine this inequality
with (9) and note that E {maxk(Ztk - Mt*k)} > U to obtain

Von(X) = Uo| < 2[1Mf = Cp(MF) ], +Uo - U

The convergence of ||M}"™ — Cpn(MF)]|, to 0 when p,n go to infinity ensues from [Nualart,
1998, Theorem 1.1.1, Proposition 1.1.1]. |

From this proof, we can deduce the following corollary for the case of Bermudan options.

Corollary 3.3 Assume the discounted payoff (Z:, )i of the Bermudan option is G—adapted.

Then, me(Ag’n) converges to the price U of the Bermudan option when p goes to infinity.

By writing that ||M7 — Cpn(MF)|l, < || M7 — Cp(MF) ||y + [|Cp(MF) — Cpn(MF)]|,, we can
split the effects of the order of the chaos approximation from the impact of the truncation of
the basis of L?([0,T]). We apply [Geiss and Labart|, 2017, Lemma 2.4] to handle the error
w.r.t p and [Briand and Labart|, 2014, Lemma 4.14] to handle the error due to n. Then, we
obtain the following convergence rate.



Proposition 3.4 Assume M} € D™? for some 1 < m < p+ 1, and for all £ < m and all
(t1,...,te) €[0,T) and (s1,...,s0) € [0, T

Via| = ¢ |E[Dy,...oMf] = E[Dsy,..s,M7]| < Ke(Jtr = s1]7 + -+ lte = 5|”)

where (Ky)g is an increasing sequence of positive real numbers and 5* is a positive real con-
stant. Then,

[ M pm,2 / T\"
M7y — Cp (M7 < D + 2 Tl—l—TeT< > K,.

Proposition 3.5 Let p > 1. Assume that

V1 <r <k<n, VF F, — measurable, F € Cp_1,, F #0, 3¢ € {1,...,d} s.t.
P (vt €ltr1,t,], Df Zi, + F =0 Zy, >0) =0. (10)

Define the open set
A={Ma)a €RY : Vre{l,...,n}, Ha,q€{l,....d}) s.t. a? > 1 and A, # 0}

Then, the function V), is differentiable on the set A and the gradient VV,,,, is given by

vvp,n()‘) =E {]E [f[®d(Gla s 7Gn) | ]:tz}

{i}=Z(\,Z,G)

with

I\ Z,G) = {0 Sk<n: upa(AkZ,C) = maxu,a(\ 62, G)} |

The proof of this result being quite technical, we defer it to Appendix [B]
We refer the reader to section [5.1] for a detailed discussion on which kinds of models and
payoffs satisfy . Note that the complementary of the set A has Lebesgue measure 0.

3.3 Convergence of the Sample Average Approximation

For large enough m, V7, inherits from the smoothness of V},;,, and is in particular convex
and a.s. differentiable at any point with no zero component. Then, we easily deduce from

Proposition [3.1] that there exits A7, such that

VnOm) = mf VO,
AERAP . Ng=0

The main difficulty in studying the convergence of V7 (A\}},,) when m goes to infinity comes

from the non compactness of the set RAY". To circumvent this difficulty, we adapt to non
strictly convex problems the technique used in [Jourdain and Lelong| [2009].

Proposition 3.6 The sequence (V,h,(A\ph,))m converges a.s. to me()\gn) when m — oo.
Moreover, the distance between A, and the conver set of minimizers in () converges to zero
as m goes to infinity.

10



Remark 3.7 We saw in Section (3.4 that Vpn()\pn) is always greater than the price of the
Bermudan option U{f Howewver, this does not ensure that the sample average estimator
%%(Agfn) is upper biased. If one only aims at computing an approximation of the option
price, it is fine to directly use %,n()\gm), but if the goal is to provide an upper—bound of the
price then a second stage Monte Carlo is needed. From a fixzed set of samples (G(l), e ,G(m)),
compute A\, minimizing A — V. Then draw a second set of samples (@(1), . ,é(m)) in-
dependent of the first one and compute

vm pin Zo@l?é{nvp" pns K ki Z9,G0).

Proof. The random function A € RARR maxo<k<n Upn(A, k; Z,G) is a.s. continuous. For
A>0,

S 2, K 2,6

< d .
o, T s, g, 3 el B (G- G 7
pn

®d
< gz 2o+ A o e 3 dalB (A3 (G o) [

cA%%
< s, 2t A 3 [B[ARYG1 G |7
aeA?n
< max Z,, +A 3 Oglggnﬁ[(ﬁgd(@,...,c;n)\]ftk}
aeApn

The right hand side of the above inequality is integrable. We apply [Rubinstein and Shapiro),
1993, Lemma Al Chapter 2] to deduce that a.s. V7, converges locally uniformly to V,
From the proof of the Proposition there exits A > 0 such that

T Vo) = Vpn(N) > 0
“Ap,n |

The local uniform convergence of V7, to V), ensures that

Fmy € N, ¥m > my, VAt A= X | <A V) = Va0 < %

For m > m, and A such that ’)\ — )\g’n‘ > A, we deduce, using the convexity of V7, that

Vo (A) =V (AL )

A=, (AN L)
> D S VAU Y.ty WSamRa 2 ) B VCCN OV
A 7 ‘A_Ag7n‘ p7 p7
A— N A— A P
pn # A pn_ | _ gy _ 2L
A {VM (Aprﬁ ‘)\_)\ﬁn‘> VonNp) =5 ¢ 2

11

Y

w2



Since V7 (Aph,) — Vo (A

Apins Which proves that ’)\ )\ﬁ ‘ < A for m > m,,.

pn) < 0, we conclude that the above inequality does not hold for

Hence, for m > m., it is sufficient to minimize V)", on the compact set {\ : ’)\ - )‘gm‘ <

A}. Now, we can apply [Rublnsteln and Shapiro|, (1993, Theorem A1l of Chapter 2] to prove
that V7, (\},) converges to Vpn()\p ) a.s. when m goes to infinity. The second assertion of
our proposition is discussed right after the proof of Theorem Al in [Rubinstein and Shapiro
[1993]. |

Although V), is not twice differentiable and the classical central limit theorem for sample
average approximations cannot be applied, we can study the variance of Vp%()\gfn) and obtain

some asymptotic bounds. Before stating our result, we introduce, for A € RAE%, the notation
M (X) = E[Cpn(N)|Fy,] for 0 < k < n. We write M,gz)(/\) for the value computed using the
sample GO,

Proposition 3.8 Assume \!

bn i unique. Then,
9’

2

- Z ( max 7, M,ﬁ”(Ag}n)) — V()

0<k<n

is a convergent estimator of Var(maxy<o<p Z¢, — Mk()\g’n)) and moreover if A, is bounded,
limyy, 0 m Var (Vi (A2,)) = Var(maxk<ocn Zo, — Mi(A,))-

Proof. We know that V7, (A\}",) converges a.s. to V), n()\ ) Following the beginning of the

proof of Proposition one can easily prove that a.s. "the sequence of random functions
. . 2

(" A (M) = Ly (maxogkgn Zt(;) - M,E,Z)()\)) converges locally uniformly to the

function A — E[(maxo<k<n Zt, — Mk()))?]. We have already seen that for large enough m,

we can assume to have solved the optimization problem under a compact constraint. Hence,

, ~ 2
we deduce that = 37, (maxogkgn Zt(;:) - M,gl)()\gfn)) converges a.s. to E[(maxo<g<n Zt, —
Mk()\%n))ﬂ. This proves the first statement of the proposition.
As Var (%%(Agn)) = m~! Var(maxg<o<n Zt, — Mk(/\gn)), it is sufficient to compute

B (00— Via04) ]

1 & ym i 2
~ YE {ml?x \M,E )(Ap,n) - My )O‘fv,n)} ]
i=1

]

< ;iE “A;}n - /\f,,nf mx E[A%GY,.. . G0) | Ry

= 156[[5 UA;’?” - A,ﬁ,,nﬂ i Uﬁw(d”, . ,Gu))ﬂ 12

n

where we have used Cauchy Schwartz’ inequality and Doob’s maximal inequality. Then, we

easily conclude that V7, (AJ%,) — V;Z”}l()\zﬁ,’n) converges to 0 in L2 if Apn 18 bounded. Hence,

limyy, o0 Var (Vi (A2,)) = Var (Vi (AF,,)) = 0. n
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Proposition [3.8|enables us to monitor the variance of our estimator online as for a standard
Monte Carlo estimator. Even though the terms involved in V7, (A}',) are not independent,
the classical variance estimator gives the right result. In practice, one should not feel con-
cerned with the boundedness condition used in the proposition as we know from the proof
of Proposition that for large enough m we can impose a compactness constraint to the
optimization problem without changing its result. Hence, one can pragmatically rely on the
proposed variance estimator.

4 The algorithm

Any optimization algorithm requires to repeatedly compute V;; and therefore the truncated
chaos expansion, which becomes the most time consuming part of our approach as the di-
mension and/or p increase. A lot of computational time can be saved by considering slightly
modified martingales, which only start the first time the option goes in the money.

4.1 An improved set of martingales

We define the first time the option goes in the money by
o =1inf{k >0 : Z;, >0} An,

which is a F— stopping time and becomes a G— stopping time when the sequence (Z;, ), is
G— adapted. To consider martingales only starting once the option has been in the money,
we define

k
Ni(A) =D (Me(A) = Mpy (M) Le-137 = (M(X) = My (A) Lgsgy = Mi(A) = Migazy (A)
(=1

We easily check that N()) is a (F, )o<k<n— martingale. It is clear from the proof proposed
by Rogers [2002] that in the dual price of a Bermudan option (see ) the maximum can be
shrunk to the random interval [y, n]. Hence, it is sufficient to consider

inf E[ max (Z, — Mk(A))} .

®d <k<
AERAP, Ng=g  LTOSFST
Using Doob’s stopping theorem, we have, for any fixed A,

B | max (Z, — M) =B | max (Z, — O3) = My 00)| =B | max (2, — Ne()
We deduce from this equality that minimizing over either set of martingales M () or N())
leads to the same minimum value and that both problems share the same properties, which
justifies why we did not take into account the in—the—money condition for the theoretical
study. However, considering the set of martingales N* is far more efficient from a practical
point of view.

In our numerical examples, we modify V;, », and V;7} to take into account this improvement
and consider instead

Von(A) =E | max (Z, — Ny(\))| and VJ(N) =

T0<k<n
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The idea of using martingales starting from the first time the option goes in the money is
actually owed to |[Rogers| [2002]. Although he did not discuss it much, this was his choice in
the examples he treated.

4.2 Our implementation of the algorithm

To practically compute the infimum of Vﬁl, we advise to use a gradient descent algorithm,
see Algorithm The efficiency of such an approach mainly depends on the computation
of the descend direction. When the problem is not twice differentiable, the gradient at the
current point is used as a descent direction but it often needs to be scaled, which makes the
choice of the step size ay a burning issue to ensure a fast numerical convergence. We refer
to Boyd et al.|[2003] for a comprehensive survey of several step size rules. After many tests,

we found that the step size rule proposed by [Polyak| [1987] was the best in our context
Vm (l’g) — ot

oy =
¥
where vf is the price of the American option we are looking for. In practice, we use the price
of the associated European option instead of vf, which makes ay too large and explains the
need of the magnitude factor v. The value of the European price does not need to be very
accurate. A decent and fast approximation can be computed with a few thousand samples
within few seconds no matter the dimension of the problem.

1 Generate (G, ZW), ... (G Z(™) m iid. samples following the law of (Z,G)
2 g < 0 € R4V

30+ 0,v+1,dy+ 0, vg4+ o0

4 while True do

5 Compute vy 19 < ‘71,%(33[ — yaydy)
6 if vpy1/2 < ve then

7 Tpq1 < Tp — youdy

8 Vel < Vet1/2

9 dev1 < VVh(zes1)

10 if W%;M < ¢ then return

11 else

12 ‘ v /2

13 end

14 end

Algorithm 4.1: Sample Average Approximation of the dual price

To better understand how this algorithm works, it is important to note that as N())
linearly depends on A\, N(A) = X - VAN()A) and therefore both the value function and its
gradient are computed at the same time without extra cost. So, Vf/p% (z¢41) is not actually
computed on line @I but at the same time as vy, 1/ on line

The HPC approach. Our method targets large problems with as many as several thou-
sands of components for A. This requires to design a scalable algorithm capable of making
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1 In parallel do

2 Generate (GM, ZzMW), ... (G, Z(™) m iid. samples following the law of (Z,G)
3 end

4 3o+ 0 € R4R

5 £+ 0,v<+1,dy<+ 0, vg+ o0

6 while True do

7 Broadcast xy, dg, v, ay

8 In parallel do

9 ‘ Compute maXToSkﬁn(Zt(z) — ngi) (g — yapdy)) for i =1,...,m

10 end

11 Make a reduction of the above contributions to obtain ‘z)%(l'g — yaygdy) and

Vf/ﬁ(w; Yaedy)
12| vy < V(20 — youdy)
13 if vpyq/2 < ve then

14 Tpq1 < Tp — youdy

15 Vel S Veg1/2

16 dg_H — V‘/;)%(xg_;_l)

17 if W%;M < ¢ then return
18 else

19 | v /2

20 end

21 end

Algorithm 4.2: Parallel implementation of the Sample Average Approximation of the
dual price

the most of cluster architectures with hundreds of nodes. At each iteration, the computation
of 17;; and VV;”,L is nothing but a standard Monte Carlo method and it inherits from its
embarrassingly parallel nature.

A parallel algorithm for distributed memory systems based on the master/slave paradigm
is proposed in Algorithm At the beginning, each process samples a bunch of the m paths
(lines 1-3). Then, at each iteration the master process broadcasts the value of dy, x4, cy and
~ (line 7 of Algorithm . With these new values, each process computes its contribution
to ‘N/p%(ﬁﬂg — yapdy) and VTN/Z%(M — yapdy) (lines 8-9) and the Monte Carlo summations are
obtained by two simple reductions (line 11). Then, the master process tests whether the
move is admissible and updates the parameter for the next iteration or returns the solution
if the algorithm is not moving enough anymore. This part carried out by the master process
is very fast compared to the rest of the code and we dare say that there is no centralized
computation in our algorithm. Moreover the communications are reduced to fours broadcasts,
which guarantees an almost perfect very good scalability. The number of communications is
monitored by the number of function evaluations, which remains quite small (between 10 and
20). We study the efficiency of our algorithm on a few examples at the end of Section

Study of the complexity. Most of the computational time is spent computing the mar-

tingale part; remember that the cardinality of C,,, is given by ("f;d“p )= %. Using
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martingales only starting once the option has been in the money enables us to only compute
the martingale part on paths going in the money strictly before maturity time. Depending
on the product, this may allow for saving a lot of computational time. The complexity of one
iteration of the loop line [3] in Algorithm is proportional to

#{paths in the money strictly before T} x ( d
n

nd—i—p)

The payoffs are computed once and for all before starting the descent algorithm. It is worth
noting that its computational cost becomes negligible compared to the optimization part when
the dimension of the model or the number of dates increase, the most demanding computation
being the evaluation of the martingale decomposition.

5 Applications

5.1 Some frameworks satisfying the assumption of Proposition [3.5
Let (r); be the instantaneous interest rate supposed to be deterministic.

5.1.1 A put basket option in the multi—-dimensional Black Scholes model
The d—dimensional Black Scholes model writes fori j € {1,...,d}

dS! = S!((ry — 87)dt + o’ L;jdBy)

where T is a Brownian motion with values in R% o; = (a},...,0) is the vector of volatil-
ities, assumed to be deterministic and positive at all times, 6 = (6',...,6%) is the vector of

instantaneous dividend rates and L; is the j-th row of the matrix L defined as a square root
of the correlation matrix T', ie. T' = LL’. Moreover, we assume that L is lower triangular.
Clearly, for every t, the random vector S; is an element of D2,

The payoff of the put basket option writes as ¢(S;) = (K - Zle w’ Sg )+ where w =

(wh, ... ,wd) is a vector of real valued weights. The function ¢ is Lipschitz continuous and

hence ¢(S;) € DY2 for all t. Moreover, for s < ¢t and ¢ € {1,...,d}, we have on the set
{¢(5) > 0}

d
DI¢(Sy) => w'Slo’Lj,.
=

In particular for ¢ = d, we get DY¢(S;) = wdeJded.
Let 1 <k <n and F be a non zero and F;, —measurable element of C,_1 5, ie.

F= Y XH(Gi,...,Gn)

®d,k
aEAp_l,n
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for some \ € RAR", Let 1 <r <k.
P (Vt €ty 1,8, DIo(S) + F =01 6(Sy,) >0)
=P (¥t €ty 1,1, WISk ol Laa+ F =0]6(%,) > 0)
P (vt €ty 1,t,], wiSLofLya+ F =0)
P(¢(Sk,) > 0)

If p =1, then F is a deterministic non zero constant. In this case, the numerator vanishes
because ka has a density. Assume p > 2, then F is a multivariate polynomial with global
degree p—1 > 1. Then we can find £ € {1,...,k}, ¢ € {1,...,d} and a such that o > 1 and
Aa # 0. Let G be the sigma algebra generated by (Gi 1 S i <k,1<j<d\(i,j5)# £q)).

<

(11)

P (Vt Eltr_1,tr], wSlolLyq+ F = 0) =F [IP (Vt Eltr1,t,], S0 Lyq+F =0 g)} .

Conditioning on G, the random variable wdeade,d + F only depends on G}. Consider the
algebraic equation for z € R

ae’te = P(x) (12)
where (a,b,c) € R3a # 0,b # 0 and P is polynomial with degree p — 1 > 1. Let
f(x) = ae®tc—P(x), f®)(z) = ab?e?®*te. Clearly, f® never vanishes, which ensures

that f has at most p different roots. Hence, we deduce that for any ¢t €Jt,_1,t,],
P (wdStdaded +F=0| Q) = 0. Combining this result along with proves that Equa-
tion holds in this setting.

5.1.2 A put option on the minimum of a basket in the multi—-dimensional Black
Scholes model

We use the notation of the previous example. The payoff of the put option on the minimum
of d assets write ¢(S¢) = (K — min;(S))+. One can prove by induction on d that the
function x € R? +— min;(29) is 1—Lipschitz for the 1-norm on RY. Hence, as the positive
part function is also Lipschitz, the payoff function ¢ is Lipschitz. Then, [Nualart| [1998)
Proposition 1.2.4] yields that for all ¢ € [0, T], ¢(S;) € DY? and for all ¢ € {1,...,d},

d d
Z xﬂﬁbSthS] :Z x]ngtSJLJq

: ]:1
With our choice for the matrix L,
DY ($(S1)) = 0,a0(S1) S0 Laa = =SS0 Laal sis,y>01 . i(87)=54"
Let 1 <k <mn and F be a non zero and J;, —measurable element of C,_1,. For 1 <r <k,

P (vt €ltr1,t,], Di6(Sy) + F =0] 6(Sy,) > 0)

—]P’(Vt Eltr_1,tr], —S¢oLyq+F =0|6(S,) >0, mm(S]) Sf)P(mm(sg')—std)
J

+B (Vi) F = 0] 0(51) >0, mm(Sﬂ)#St) (min(s?) # ¢
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Clearly, the second term in the above sum is zero as F' has a density. Hence,

P (vt €ltr1,t,], ~SiolLaa+ F = 0)
P(¢(St,) > 0)

P (vt €ltr1,t,], D{o(Sy,) + F =0 $(Sy,) > 0) <
We conclude as in the case of the put basket option.

5.1.3 A put option in the Heston model

The Heston model can be written

dS; = Sy(redt 4 /ar (pdW}E 4 \/1 — p2dW2)
doy = k(0 — o) dt + &\JordW,.

For s <'t, DES} = Si/1 — p%,/o;. Conditionally on wl, DESt writes as a e®¢ ¢ and we can
unfold the same reasoning as after (12)).

5.2 Numerical experiments

In this part, we present results obtained from a sequential implementation of our approach as
described in Algorithm The algorithm has been implemented in C++ and crucially relies
on the PNL library (see Lelong| [2007-2017]) especially for its generic and very efficient imple-
mentation of multivariate polynomials. The computations are run on a standard laptop with
an Intel Core i5 processor 2.9 Ghz. For each experiment, we report the estimator %%(Aﬁ,n)
obtained using Algorithm along with its computational time and standard deviation. For
people focusing on providing an upper biased estimator of the price, we also report the value
of the second stage independent Monte Carlo Vﬁl()\g’n) along with its standard deviation and
computational time. The computational time reported for I_/p%()\g,n) takes into account both
the resolution of the optimization problem to get )\fm and the independent second stage Monte
Carlo. In the analyses of the numerical experiments, we refer to the estimator V;f}l()\gm) as
the price and to the estimator W,’ZL()\%,”) as the upper price.

5.2.1 Examples in the Black Scholes models

We consider the d—dimensional Black Scholes model as presented in Section For the
sake of simplicity in choosing the parameters, we have decide to use the same correlation
between all the assets, which amounts to considering the following simple structure for I'.

1 p ... p
e .

r=|"”
: . P
p ... p 1

where p €] —1/(d — 1), 1] to ensure that I" is positive definite.
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A basket option in the Black—Scholes model. We consider a put option on several
assets as presented in Section We report in Table [ the price obtained with our ap-
proach for m = 20,000. The last column reference price corresponds to the prices reported
in [Schoenmakers et al| [2013] on the same examples. These reference prices were obtained
within a few minutes according to the authors whereas here we manage to get similar values
within a few seconds. We can see that a second order chaos expansion, p = 2, already gives
very accurate prices within a few tenths of a second for a 5—dimensional problem with 6
dates, which proves the impressive efficiency of our approach. As expected, the upper price
obtained by an independent second stage Monte Carlo is always larger than the price directly
obtained from the SAA estimator and can be taken for granted as an upper bound of the
true price. If we compare the computational times reported for both prices, we note that the
independent second stage Monte Carlo does not increase the computational times by a great
deal.

p n Sy | Vm(M,) Stdev time | V(M ) Stdev time | ref. price
2 3 100| 227 0029 023 229 0.02 033 | 217
3 3 100 223 0025 09 2.25 002 15 2.17
2 3 110 056 0014 007 | 057 0.0l 02 | 055
3 3 110 053 0012 05 0.55 001 1 0.55
2 6 100 260 0021 128| 262 0017 17 | 243
3 6 100 242 0021 14 2.52 001 175 | 243
2 6 110 061 0012 033 | 0.64 0.0l 0.6 | 061
3 6 110 057  0.008 10 0.64 0.0l 13.6 | 0.1

Table 1: Prices for the put basket option with parameters
T=3r=0.05 K=100,p=0,0/ =02,0 =0,d =5,
wl =1/d.

A call on the maximum of d assets in the Black—Scholes model. We consider a
call option on the maximum of d assets in the Black Scholes model. As in the previous
example, the last column reference price corresponds to the prices reported in [Schoenmakers
et al. [2013] on the same examples. With no surprise, the computational times reported in

d p m So %’Z}L(Ag n)  Stdev  time %%(Afm) Stdev  time | ref. price
2 2 20,000 90 9.98 0.07 04 10.05 0.05 0.5 8.15
2 3 20,000 90 8.5 0.05 4.1 8.6 0.02 7.1 8.15
2 2 20,000 100 16.2 0.06 0.54 16.3 0.05 0.7 14.01
2 3 20,000 100 14.4 0.06 5.6 15 0.05 6.5 14.01
5 2 20,000 90 20.2 0.09 4 21.2 0.07 5 16.77
5 3 40,000 90 16.3 0.05 210 20.13 0.1 225 16.77
5 2 20,000 100 30.7 0.09 3.4 31.8 0.07 4.5 26.34
5 3 40,000 100 26.0 0.05 207 29 0.1 230 26.34

Table 2: Prices for the call option on the maximum of d
assets with parameters T = 3, r = 0.05, K = 100, p = 0,
0/ =0.2,6 =0.1,n=09.
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Table [2 increase exponentially with the dimension n x d and the degree p. Whereas a second
order expansion provides very accurate results for the basket option, it only gives a rough
upper estimation for the call option on the maximum of d assets. Considering a third order
expansion p = 3 takes far longer but enables us to get much tighter prices. For the cases p = 3
and n = 6, the prices obtained are smaller than the reference prices, which might highlight
some over fitting phenomenon. One way of avoiding this is to consider the upper price given
the independent second stage Monte Carlo, which always has a positive bias. Actually, we
notice from the experiments that when over fitting occurs in the minimization problem, the
upper price shows an even larger bias.

A geometric basket option in the Black—Scholes model Benchmarking a new method
on high dimensional products becomes hardly feasible as almost no high dimensional American
options can be priced accurately in a reasonable time. An exception to this is the geometric
option with payoff (K — (H?Zl S7)1/d) | for the put option. Easy calculations show that
the price of this d—dimensional option equals the one of the 1—dimensional option with
parameters

d e 1 13 1 1
. ) o — s 4 Y .
So = (j”l S(J)) ;o= ;j otoilyj; 0= djgl <5j + §<Uj) > — 5(0) :

Table [3| summarizes the corresponding values used in the examples.

A

d So g P 5’0 o 0
2 100 02 O 100 0.14 o0.01
10 100 0.3 0.1 100 0.131 0.036
40 100 0.3 0.1 100 0.105 0.039

Table 3: Correspondence table for the parameters of the ge-
ometric options with 47 = 0.

d o p p m 1711”21(/\% o) Stdev time ‘_/p%()\fj n)  Stdev  time | 1d price
2 02 0 2 5000 4.32 0.04 0.18 4.42 0.03 0.2 4.20
2 02 0 3 15000 4.29 0.02 4.23 4.40 0.03 4.7 4.20
10 03 0.1 1 5000 5.50 0.06 0.12 5.95 0.04 0.2 4.60
10 0.3 0.1 2 20000 4.55 0.02 17 4.87 0.03 18 4.60
40 0.3 0.1 1 10000 4.4 0.03 14 4.51 0.03 1.7 3.69
40 0.3 0.1 2 20000 3.61 0.02 170 5.37 0.04 190 3.69

Table 4: Prices for the geometric basket put option with
parameters 7' = 1, r = 0.0488 (it corresponds to a 5% annual
interest rate), K = 100, 6/ =0, n = 9.

The 1—d price is computed using a tree method with several thousand steps. We can see in
Table [4] that a second order approximation gives very accurate result within a few seconds for
an option with 10 underlying assets, which proves the efficiency of our approach. We cannot
beat the curse of dimensionality, which significantly slows down the algorithm for very large
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problems. For an option on 40 assets, we obtain a price up to a 3% relative error within
3 minutes which is already very fast for such a high dimensional problem. The number of
terms involved in the chaos expansion can become very large: for d = 40 and p = 2, there are
65340 elements in C, ,. Even though we are not working in a linear algebra framework, it is
advisable to ensure that the number of samples m used in the sample average approximation
is larger than the number of free parameters in the optimization problem. When m becomes
too small, we may face an over—fitting phenomenon as the number of parameters is far too
large compared to the information contained in the sample average approximation. This
probably explains why the price obtained for p = 2, d = 40 and m = 40 is slightly smaller
than the true price. This is even confirmed by the upper price estimator, which is far too
large. We have run more experiments for this 40 dimensional problem to analyse the influence
of the number of samples m on the sample average approximation f/;;?}z()\]ﬁw) but also on the
independent resimulation ‘713%()‘1%@)' Figure|l|shows the evolution of the two estimators when
m increases has been obtained from running the parallel implementation on 128 cores. As
one may have expected, the gap between the two estimators significantly decreases when m
increases. Actually a large gap between %%(Agn) and ‘7;’}1()\%7”) is a typical sign of over—
fitting caused because the number of samples m is too small compared to the number of
degrees of freedom in the chaos expansion. We can also from this experiment that when m is
large enough, the sample average approximation is larger that the true price computed using
the 1d simplification. To avoid any over-fitting issues, one definitely needs to ensure that

nd+p) .

enough samples are used compared to the number of elements in C,, given by ( nd In

the example of Figure , (ggg) = 65341 and the sample average approximation price becomes
larger than the true price for values of m greater than 5 times the size of C, ,,.

5.2.2 Scalability of the parallel algorithm

We consider the 40—dimensional geometric put option studied in Table [ with p = 2 and
test the scalability of our parallel implementation for m = 200,000. The tests are run on a
BullX DLC supercomputer containing 190 nodes for a total of 3204 CPU cores. We report in
Table 5| the results of our scalability study using from 1 to 512 cores. Despite the two levels of
parallelism available on this supercomputer, we have used a pure MPI implementation without
any reference to multithread programming. We could probably have improved the efficiency
a bit using two levels of parallelism, but the results are already so much convincing and do
not justify the need of a two level approach, which makes the implementation more delicate.
The sequential Algorithm runs within one hour and a quarter whereas using 512 cores we
manage to get the computational time down to a dozen of seconds, which corresponds to a
0.6 efficiency. Considering the so short wall time required by the run on 512 cores, keeping the
efficiency at this level represents a great achievement. Note that with 128 cores, the code runs
within a minute with an efficiency of three quarters. These experiments prove the impressive
scalability of our algorithm.

6 Conclusion

We have proposed a purely dual algorithm to compute the price of American or Bermudan
options using some stochastic optimization tools. The starting point of our algorithm is
the use of Wiener chaos expansion to build a finite dimensional vector space of martingales.
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Figure 1: Influence of the number of samples m on the prices
V;;r;l()\g’n) and %%(Ag’n) for the geometric put option studied
in Table [{] with d = 40, 0/ = 0.3, p= 0.1 and p = 2,

Then, we rely on a sample average approximation to effectively optimize the coefficients of
the expansion. Our algorithm is very fast: for problems up to dimension 5, a price is obtained
within a few seconds, which is a tremendous improvement compared to existing purely dual
methods. For higher dimensional problems, we can use a very scalable parallel algorithm
to tackle very high dimensional problems (40 underlying assets). We can transparently deal
with complex path—dependent payoffs without any extra computational cost. Even though
our sample average estimator may not yield an upper bound as we cannot control its bias,
it is easy and relatively cheap to run an independent second stage Monte Carlo using the
optimizer from the first stage to obtain an upper biased estimator, which can indeed be used
as an upper bound of the price. We restricted to a Brownian setting in this work, but our
approach could easily be extended to jump diffusion models by introducing Poisson chaos
expansion, which is linked to Charlier polynomials (see |Geiss and Labart| [2017]). We believe
that our approach could be improved by cleverly reducing the number of terms in the chaos
expansion, the computation of which centralizes most of the effort.
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#processes time (sec.) efficiency

1 4365 1
2 2481 0.99
4 1362 0.90
16 282 0.84
32 272 0.75
64 87 0.78
128 52 0.73
256 34 0.69
512 10.7 0.59

Table 5: Scalability of Algorithm |4.2fon the 40—dimensional
geometric put option described above with T = 1, r =
0.0488, K =100, 07 =03, p=0.1,6’ =0, n =9, p = 2.

A Wiener chaos expansion

A.1 Proof of Proposition
Taking the conditional expectation in Eq. leads to

ElCpn(F)|F] = > Aa (HHH ) [1;[11_[1[{ ] (13)

aeA?ffl i=1j5=1

Since the Brownian increments after time t; are independent of F;, and are independent
of one another , E [ —k+1 HJ 1 H, (Gj) } = [Tiri H;l:l E {Hai (G‘Z)], which is zero as
soon as y i ;.4 Z] Lol > 0. Hence the sum in is reduced to the sum over the set of
multi-indices o € A%¢ such that oaj =0 for all i > k and 1 < j < d, which is exactly the

DN
definition of the set AP%F.

A.2 The Malliavin derivative of a truncated chaos expansion

Proposition A.1 Let F be a real valued random variable in L?(S, .7-"T, P) and let k €
{1,...,n} and p > 1. Fort > ty, D{E[Cpn(F)|F:.] =0. For allt €]t,_1,t,] with 1 <r <k,
and qg=1,...,d,

1 _
DIE[Cpn(F)|Fo) = ———= Y. A H (G1,...,Gp)
— a o= (Taq) ’ ’ n

s/tr tr 1 EA?%IC, a5

where (o — I(r, q)){ = ozg — g i=r-

Remark A.2 The conditional expectation preserves the nature of a chaos exrpansion. Simi-
larly, the Malliavin derivative of a chaos expansion still writes as a chaos expansion and hence
is a Hermite polynomial of Brownian increments. The roots of a non zero polynomial being
a zero measure set and since the Brownian increments have a joined density, the Malliavin
derivative of a chaos expansion is almost surely non zero as soon as one of the coefficients
Ao 18 mon zero for o € Ag@,z’k such that ol > 1 for some j € {1,...,d}.
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Proof. From Proposition we know that for all 1 <k <mn

E[Con(F)IFil = D Aa HH Gl,....GJ).

acAZbk  j=1

Let r <k and t €]t,_1,t,]. Let 1 < g < d. The chain rule for the Malliavin derivative yields

D{E[Cpn(F)|F,]
d .
= > A Df H J(GY,...,G)
aeA?ik J=1
- Y ( [ Hu(G,.. ,GZ)) Df (Haa(GY,....,G2))
acAZLE j=Llj#q
( d ! | ‘ !
S x| ] Hai(GL.o o GL) | Haoi (G, ..., GY)
— tr 1 Agid k j:1,j7$q
1 .
= > Ao Ho 1) (G1, ..., Gr). [ ]
\/tr - tr 1 A?ik, ?«>1 1

B Differentiability of the optimization problem: proof of
Proposition

We already know that the function V,, is convex. Moreover, for all Z and G, the function
A — maxg<, Vpn(A k, Z, G) has a subdifferential given by

{ Z ﬁiE[fI@)d(Gl, oy G| F] + Bi >0, Bi Fr — measurable s.t. Z Bi = 1}
i€

(\Z,G) i€I(MZ,G)

Then, the expression of the subdifferential OV}, ,(\) ensues from Bertsekas| [1973].

WVpn(A) = {E { Z BiIE[ﬁ(@d(Gl,...,Gn)]]-}i] 2 B >0, B; Fr — meas., Zﬂl = 1} )
i€ p

(MZ,G)

It is sufficient to prove for any A € A, the set Z(\, Z,G) is almost surely reduced to a
single value as in this case the subdifferential 0V}, ,(\) contains a unique element, which is
then the gradient.

By the equality

{3t # t s vpn(N 6 Z,G) = vpn (MK Z,G)} = | {vpn(\ 3 2,G) = vpn( N k3 Z,G)}

i<k<n

it is sufficient to prove that for any i < k < n, P(vpn(X, i, Z,G) = vpn(\k, Z,G)) = 0. Fix
i < k and set X) = vpn(M\ Kk, Z,G) —vpn(N i, Z,G). According to |[Nualart), 1998, Theorem
2.1.3], proving that [|[DX,|| 297y > 0 .a.s ensures that X is absolutely continuous with
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respect to the Lebesgue measure on R and hence is almost surely non zero. Note that
IDXA| 7202y = Jo [DiXa2dt > [ D, X dt.
For t € [0,T], and 1 < g < d, the Malliavin derivative of X is given by

D{Xy =D{(Zi, — Z,) = DI | > XHZ (G1,...,Gn)— > MHP(Gi,....Gy)

aEA?ﬁlL’k ocEAf,zéi‘l

= D!(Z, — Zy,) — DY > AHE (G, ..., Gp)

aeA®d itk

where for i,k € {1,...,n}, with i < k, the set Afffl;i:k = Affjgk \ A®dZ writes
A;?Z’i:k = {a c (N . |a|, <p, andV1<j<d V& {i+1,... k}, oz% = 0}.
Clearly, w.p.1. D{ X, =0 for all ¢ > t;. Hence,

{DiX)=0vte[0,T]ae} C [\ {DIX\=0Vt€E [tr1,t,]ae.}.

i<r<k
From Proposition we can deduce that for i <r <k, and t €]t,_1, t,]
1 5®d
DXy = D}(Z;,) + NG Z Aaﬂf_ﬂ(m) (G1,...,Gn).
aeAgi’“k,agZI
Using the locality of the operator D, we know that a.s D{(Z;, ) = 0 for all ¢ €]t,_1,t,] on the
set {Z;, = 0}. Hence, we can write for any pair (¢,q¢') € {1,...,d}?

1
P(Vt €ltror,tr], DXy =0) <P | —= > AHZY
vh a€AZEF ad>1

+ P (Vt€lty1,t,), Df Xy =0 Z, > 0)P(Z, >0).  (14)

(Gy,...,Gn) =0, Z;, =0

Assume A € A and pick the corresponding value of ¢, then the chaos polynomial
\F ZaeA@)d ik a5 A H?dH(T 2 (G1,...,Gy,) is either a non zero constant if p = 1 or it has an
absolutely contlnuous density thanks to Remark [A.2] In both cases, it is a non zero element
of Cp—1,, and

1 ~
P NG Yoo AHI (Gri Gr) =0 =0.

aeA;?@Z’““,aﬁy

To treat the other term, we pick a ¢’ € {1,...,d} as in and it yields that
P (vt €ltr1,t,], Df X =0 Zy, >0) =0.

Hence, we deduce from the last two results and that ”DX)\H%Q([O 7)) > 0a.s..
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