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Résumé

L’objectif de cette thése est ’étude d’un schéma numérique pour I’approximation des solutions
d’équations différentielles doublement stochastiques rétrogrades (EDDSR). Durant les deux der-
niéres décennies, plusieurs méthodes ont été proposées afin de permettre la résolution numérique
des équations différentielles stochastiques rétrogrades standards. Dans cette thése, on propose
une extension de 'une de ces méthodes au cas doublement stochastique. Notre méthode numé-
rique nous permet d’attaquer une large gamme d’équations aux dérivées partielles stochastiques
(EDPS) nonlinéaires. Ceci est possible par le biais de leur représentation probabiliste en termes
d’EDDSRs. Dans la derniére partie, nous étudions une nouvelle méthode des particules dans le
cadre des études de protection en neutroniques.

Cette thése contient quatre chapitres. Dans le second chapitre, on propose un schéma numérique
pour les EDDSRs. Nous étudions l'erreur de discrétisation en temps issue de notre schéma puis
nous donnons la vitesse de convergence associée. Ensuite, nous déduisons un schéma numérique
pour l'approximation des solutions faibles d’EDPS semilinéaires et nous donnons la vitesse de
convergence en temps pour ce dernier schéma. Nous finissons le chapitre par des tests numériques.
Dans le troisiéme chapitre, nous étendons notre méthode numérique aux équations différentielles
doublement stochastiques rétrogrades généralisées (EDDSRG). Nous étudions l'erreur de discréti-
sation en temps et donnons la vitesse de convergence associée. Ensuite, nous déduisons un schéma
numérique pour I’approximation des solution des EDPS quasilinéaires associés aux EDDSRG, en
donnant la vitesse de convergence en temps. Nous finissons ce chapitre par des tests numériques.
Dans le quatriéme chapitre, on propose un schéma pour 'approximation par projections et simu-
lations de Monte-Carlo des solutions d’EDDSRs discrétes. Ces EDDSRs discrétes apparaissent
naturellement suite a la discrétisation temporelle des EDDSRs. On étudie lerreur de régression
dans un cas particulier mais trés instructif. Afin d’éviter le probléme de grandes dimensions di
au bruit auxiliére, on procéde & une analyse conditionnelle de 'erreur sachant les trajectoires
de ce bruit extérieur. On obtient des bornes supérieures presques siires non asymptotiques mais
explicites de 'erreur de régression conditionnelle qui assurent la convergence de notre schéma.
Ces bornes nous permettent de choisir les parameétres pour atteindre une précision donnée.
Dans le dernier chapitre, on étudie un probléme d’estimation de probabilités faibles dans le cadre
des études de protection en neutroniques. On adapte une méthode récente d’estimatiom de faibles
probabilités par un systéme de particules en interaction, se basant sur ’algorithme de Hastings-
Metropolis et qui est proposée initialement pour les variables aléatoires, au cas des chaines de
Markov. La formulation en termes de chaines de Markov est trés naturelle dans le cadre des neu-
troniques. On montre la convergence de notre algorithme. Enfin, I'implémentation de la méthode
est donnée en détails dans le cas unidimensionnel ainsi que dans le cas bidimensionnel, avec des
résultats numériques.

Mots-clés : Equations différentielles doublement stochastiques rétrogrades, Equations aux dé-
rivées partielles stochastiques semilinéaires, Equations différentielles doublement stochastiques
rétrogrades généralisées, Equations aux dérivées partielles stochastiques quasilinéaires, Projec-
tions, Simulations de Monte-Carlo, régression, Systéme de particules en interaction, Algorithme
Hastings-Metropolis, Chaines de Markov.




Abstract

The purpose of this thesis is to study a numerical method for backward doubly stochastic
differential equations (BDSDEs in short). In the last two decades, several methods were proposed
to approximate solutions of standard backward stochastic differential equations. In this thesis, we
propose an extension of one of these methods to the doubly stochastic framework. Our numerical
method allows us to tackle a large class of nonlinear stochastic partial differential equations
(SPDEs in short), thanks to their probabilistic interpretation. In the last part, we study a new
particle method in the context of shielding studies.

This thesis contains four chapters. In the second chapter, we propose a numerical scheme for
BDSDEs. We study the error arising from the time discretization of these BDSDEs and we
give the rate of convergence in time. Then, we deduce a numerical scheme to approximate the
weak solutions of the associated semilinear SPDEs and we give the rate of convergence in time.
Numerical tests are also given.

In the third chapter, we extend our numerical scheme to generalized backward doubly stochastic
differential equations (GBDSDESs in short). We study the time discretization error and we give
the rate of convergence in time. Then, we deduce a numerical scheme to approximate the solutions
of the associated quasilinear SPDEs, with a divergence term. We deduce the rate of convergence
and we give numerical tests.

In the fourth chapter, we propose an algorithm based on projections and Monte-Carlo simulations
to approximate solutions of discrete BDSDEs, arising from the time discretization of BDSDEs.
We study the regression error in a particular but very instructive case. In order to avoid the
curse of dimension induced by the auxilary noise, we proceed to a conditional analysis of the
error given this exterior noise. We obtain non asymptotic but explicit almost sure upper bounds
for the regression conditional error. This insures the convergence of our scheme and allows us to
choose parameters to achieve a given accuracy.

In the last chapter, we study a problem of small probability estimation in the context of shielding
studies in neutron transport. Thus, we adapt a recent interacting particle method for small
probability estimation, based on Hastings-Metropolis algorithm and given initially for random
variables, to the case of Markov chains, which is a natural formulation for neutron transport
problems. We show the convergence of our algorithm. Then, the practical implementation is
given in details in the one and two-dimensional cases, with numerical results.

Keywords : Backward Doubly Stochastic Differential Equations, Semilinear Stochastic PDEs,
Generalized Backward Doubly Stochastic Differential Equations, Quasilinear Stochastic PDEs,
Projections, Monte-Carlo simulations, regression, Interacting particle systems, Hastings-Metropolis
algorithm, Markov chains.
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CHAPITRE 1

Introduction

The aim of this thesis is to study a numerical method for backward doubly stochastic differential
equations (BDSDEs in short). In the same time, using the probabilistic interpretation of non linear
stochastic partial differential equations (SPDEs in short), we deduce a numerical probabilistic
method for the latter SPDEs, which numerical resolution was mainly done by analytic methods
in the literature.

In the second chapter, we extend the numerical method given by Zhang [70] and Bouchard and
Touzi [16] for standard backward stochastic differential equations (BSDEs in short) to the doubly
stochastic framework. We study the time discretization error of our numerical scheme and we
prove the convergence and the rate of convergence for this scheme under standard assumptions
on our model. Afterthat, we deduce a numerical probabilistic scheme for weak solutions of semi
linear SPDEs using their probabilistic interpretation in terms of BDSDEs given by Bally and
Matoussi [9]. Finally, we deduce the convergence and the rate of convergence for the deduced
numerical probabilistic method for the weak soltuions of SPDEs.

In the third chapter, we extend our numerical method for BDSDEs to generalized backward
stochastic differential equations (GBDSDEs in short). We prove the convergence in time and
the rate of convergence under stander assumptions. Then, we deduce a numerical probabilistic
scheme to approximate weak solutions of quasilinear SPDEs ( with a divergence term) using their
probabilistic interpretation in terms of GBDSDEs given by Matoussi and Stoica [54]. Finally, we
deduce the convergence in time and the rate of convergence for the latter scheme for the weak
solutions of quasilinear SPDEs.

In the fourth chapter, we propose an algorithm to approximate the conditional expectations
involved by our probabilistic scheme. This algorithm is based on a least-squares regression ap-
proach. In fact, we extend the algorithms studied for BSDEs by Gobet, Lemor and Warin [34]
and more recently by Gobet and Turkedjiev [35] to the case of BDSDEs. We proceed to a condi-
tionnal analysis of the regression error and give the rate of convergence in a particular but very
instrucive case of BDSDEs.

In the fifth chapter, we study an interacting particle method for small-probability estimation in
the context of neutronic shielding. This method is based on the Hastings-Metropolis algorithm
and was first presented by Guyader and al [36] in the case of random variables. We show how to
adapt the Hastings-Metropolis algorithm to the case of Markov chains and we prove a convergence
result for this algorithm in this case. Finally, we give the practical implementation of the resulting
method for small-probability estimation, for an academic one-dimensional problem, and for a two-
dimensional shielding study.We deduce, for these two cases, that the proposed interacting-particle
method beats a simple-Monte Carlo method, when the probability to estimate is small.

We begin by recalling some preliminaries on BSDEs. At first, such equations were introduced
in the linear case in 1973 by J.M. Bismut|[11] in Stochastic Optimal Control theory. He studied
linear BSDEs in order to give a probabilistic interpretation of the Pontryagin maximum principle.
In 1990, Pardoux and Peng [61] proved the first result of Well-posedness for the more general
(non-linear) case. A non linear BSDE is defined as follows :

For a finite horizon time 7" and a given filtered probability space (Q,F WAF Vo<t < T),]P’)



2 Chapitre 1. Introduction

generated by an R%valued standard Brownian motion W, we call a BSDE the following equation :
T T
Yi=¢+ ft, Yy, Zy)dt — / Zy dW, vt € [0,T],P — a.s., (1.0.1)
t t

where £ is a given RF-valued and Fp-measurable random variable and f is a given R*-valued
progressively-measurable function defined on [0, 7] x © x R¥ x RF*? ¢ is called the terminal
condition and the function f is called the generator to the BSDE.

Resolving the BSDE (1.0.1) remains to find a pair of progressively-measurable processes (Y, Z)
satisfying this equation and such that the process Y is continuous, E[supg ¢ ¢ < [V;!] < oo and
E| fOT | Z:||?] < oo. We note here that the role of the process Z is to guarantee the adaptability
of the process Y.

Pardoux and Peng [61] proved the existence and the uniqueness for the solution of such equation
when E[f + fOT |f(t,0,0)|2dt] is finite.

As soon as this result was proved, these standard BSDEs were largely studied in the literature,
since they have many applications in Mathematical Finance, Stochastic Control, Game theory
etc ... (see [31] for an overview of BSDEs and their application).

Another application of BSDEs is in PDEs theory. Indeed, in the particular case of Markovian
BSDEs, these equations are linked to PDEs. A BSDE is called Markovian when the random-
ness of the terminal condition and the generator is completely generated by a diffusion process
{(XE"), < s <1, (t,x) € [0,T] x R4} which is the strong solution of the following standard SDE :

T T
X =g +/ b( XL )dr +/ o(XEYdW,, t<s<T, (1.0.2)

b and ¢ are two functions on R? with values respectively in R and R%*¢, satisfying the standard
Lipschitz continuous and linear growth assumptions.
The BSDE has the following form :

T T
yi — o(XhT) + / £ X, Y5 700 dy — / Zhr AW, t < s < T, (1.0.3)
S

S

where ® and f are two deterministic functions on R? and [0, 7] x R? x R¥ x R¥*4 with values in
RF.
Now let Us consider the following PDE :

dus(z) + (Lue(z) + f(t, 2, w(z), Vo (t, z))) dt =0, (1.0.4)

over the time interval [0, T], with a given final condition ur = ® and non-linear deterministic

coefficient f. £ is the infinitesimal generator associated to the diffusion which solution is X given
d

by Lu(t,z) = %Z((J*(x) ()i 8 ju(t, ) +Zb )Oiu(t, x)

4,j=1
If we assume that this PDE has a solution Wthh is regular enough, we obtain by applying the

It6 formula that (u(s, X5%), Vu(s, X5)o(X5))t < s < 7 is a the solution of (1.0.3), which is a
generalization of the Feynman-Kac formula to a semilinear case. The latter relation allows the
numerical resolution of semilinear PDEs by probabilistic methods. This will be of special interest
in this thesis.
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1.1 Numerical scheme for semilinear SPDEs via BDSDEs

The aim of the second chapter is to investigate a numerical method for BDSDEs (a class of
BSDEs) and then to deduce a numerical probabilistic scheme for the associated semilinear SPDEs.
This chapter is based on the work [5].

1.1.1 Preliminaries on BDSDEs and Semilinear Stochastic PDEs

BDSDEs was introduced by Pardoux and Peng [63] in 1994 as a generalisation of the standard
BSDEs. They are called doubly stochastic because they involve, in addition to the stochastic for-
ward It6 integral w.r.t. the initial Brownian motion W, another stochastic 1td6 backward integral
w.r.t. another Brownian motion B which is independent from W. More precisely, let (2, F, P)
be a probability space and T' > 0 be a fixed horizon time. Then, let {W;,0 < ¢t < T} and
{B,0 <t < T} be two mutually independent standard Brownian motions with values respecti-
vely in R? and R!, defined on (2, F, P). We fix t € [0, T]. For each s € [t, T], we define the family
of o — Algebras

t._ W B
fS '_Ft,SVFS,T

where fgj‘g =o{W, — Wt <r <s}, and ffT = 0{B, — B,,s <r <T}. We take FV = ]—"%,
FB = f(fT and F = FW v FB. When t = 0, we denote the o —algebra F? by F, for simplicity.
Without loss of generality, we assume that " and F? are complete.

We stress that the collection (FY), < s <7 s neither increasing nor decreasing, and it does not

constitute a filtration.
The BDSDE of our interest, is defined by

T T - T
yt:5+/ f(r,YT,Zr)dr+/ h(r,Yr,Zr)dBr—/ Z,dW, ¥t € [0, T, (1.1.1)
t t t

where ¢ is an RF-valued and Fr-measurable random variable, f and h are two given random
functions on [0, T] x R¥ x R¥*? with values respectively in R¥ and R! and such that for all (y, z) in
R* x RF*? for all t in [0, T, f(t,y,2) and h(t,y, z) are Fi-measurable. A solution to such BDSDE
is a pair of processes (Y, Z) such that for all ¢ in [0,7], Y; and Z; are F;-measurable, (Y, Z) are
satisfying this equation and such that the process Y is continuous, E[supy < ; < 7|¥;|*] < oo and
By 1Z]%) < oo.

In 1994, Pardoux and Peng [63] proved the Well-posedness result of the last equation when

T T
E[S +/ | £(¢,0,0)%dt +/ |h(t,0,o)\2dt] is finite.
0 0
In the Markovian case, analogously to BSDEs, the BDSDE (1.1.1) becomes : for a given (¢, x)
in [0,T] x RY,

T T pR—
YR = (XL + / Flr, Xp® Y50, 207 ) dr + / h(r, Xp®, Y, Z3:%)d B,
S S

T
— / ZHdW,, Vs € [t, T, (1.1.2)
S

where (X)), <5< is the process introduced in (1.0.4). Pardoux and Peng [63] introduced

Markovian BDSDEs to give a probabilistic interpretation to the classical solutions of the following

Semi-linear SPDE :

<_
B

dug(z) + (Lug(z) +f(t, 2, w(z), Vugo(2))) dt + h(t, z,u(x), Vugo(z)) - dBy = 0, (1.1.3)
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where L is the second order differential operator defined in (1.0.4). We note here that
{ug(x) = u(t,z), (t,z) in [0,7] x R4} is a random field such that for each (t,z) in [0,7] x R,
u(t,x) is ]:t]?T—measurable.

1.1.1.1 Notations and Assumptions

In order to introduce classical then weak Sobolev solutions of SPDEs, we need to introduce
some notations :
e C*(RP,R%) and C’}’;(]RP,]R‘]) denote respectively the set of functions of class C* from RP to
R? and the set of functions of class C* from RP to R?, which, together with all their partial
derivatives of order less or equal to k, grow at most like a polynomial function of the variable x
at infinity.
o CF(RP,R?) (respectively CF([0,T] x RP,R9)) denotes the set of functions of class C* from RP
(repectively from [0,7] x RP) to R? whose partial derivatives of order less or equal to k are
bounded.
o Cp°(RP,RY) denotes the set of functions of class C*° from RP to R? whose partial derivatives

are bounded.

The assumptions we will use in this chapter are :
Assumption (H1) There exist a positive constant K such that

Ib(z) — b(2')| + ||o(z) — o(2)|| < K|z — 2'|,Va,2" € R,

Assumption (H2) There exist two constants K > 0 and 0 < a < 1 such that
for any (t1,21,y1,21), (t2, 22, Y2, 22) € [0,T] x R? x R¥ x RF*4,

(i) |f(t1, z1,y1,21) — [(t2, 22,92, 22)| < K(\/ [t1 — to| + |z1 — z2| + |y1 — y2| + [|21 — ZQH)a
() [kt 21,91, 21)—h(te, w2, Y2, 22) P <K ([t — to| + 21 — 222 + |y1 — 32|?) + 2|21 — 22|%,
(iii)  [®(z1) — D(22)| < Klz1 — 22,
(iv)  supg < <7(|f(2,0,0,0)] + [[A(2,0,0,0)[]) < K.

Assumption (H3)

(i) be CHRYRY) and 0 € CE(RY, R*Y)
(i) @€ CZ(RY,RF), f € CZ([0,T] x R? x RF x R™*F RF)
and h e C2([0,T] x R? x RF x Rk RFXD),

1.1.1.2 Solutions of SPDEs and Probabilistic representations

First, we state the the Well-posedness result for the Markovian BDSDE (1.1.2) :

Theorem 1.1.1. Assume that (H1) and (H2) hold. Then there exist a unique solution (Y&, ZL%) < s <1
to the BDSDE (1.1.2) such that

T
E supt<S<T|YSt’x]2 + (/ HZ;’I|’2dS):| < 4+00. (1.1.4)
¢

The following theorems given in [63] introduce the classical solution of the SPDE (1.1.3) and
give its probabilistic representation in terms of BDSDEs
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Theorem 1.1.2. Assume that (H1) and (H2) hold, that ® € C*(RY,R¥). Let {u(t,z), (t,z)
€[0,T] xR} be a random field such that u(t,z) is F2 “p-measurable for each (t,x), u € C%2([0, T] x
R4, R¥) a.s. and u satz’sﬁes equation (1.1.3). Then u(t,z) = Y;"", where

{(th ZY < o<1, 0 <t < T,z € RY} s the unique solution of the BDSDE (1.1.2).

Conversely, we have

Theorem 1.1.3. Let {(Y&™, Z0%) i cs<7,0 < t < T,z € R} be the unique solution of the
BDSDE (1.1.2). Assume that (H2) holds, b € C*(R%,RY), o € C}(RY, R™>?), & € C3(R?, RF)
and such that for each s € [0,T], f(s,.,.,.) belongs to C3(R? x RF x Rk RF) and h(s,.,.,.)
belongs to C3(R? x R x RI¥F R¥*!) " Then {u(t,x) := Yf’m,O <t < T} is the unique classical
solution of the SPDE (1.1.3).

For weak solutions, Bally and Matoussi [9] showed that the previous representation of the
SPDE’s solution remains true under weaker assumptions, namely when the terminal condition ®
is only meaurable in x and the coefficients f and g are only measurable in (¢, x). They considered
weak sobolev solutions of SPDE (1.1.3) and their approach was based on flow technics. Their
result is crucial for us, since our numerical method for BDSDESs solves also SPDEs by using the
representation they proved in the case of weak solutions.

First, let us give the definition of the weak Sobolev solution of the SPDE (1.1.3). Since we
work on the whole space R?, we introduce a weight function p which is positive, satisfying
Jpa(L + [z|*)p(z)dz < oo and such that p and % are locally integrable. For example, we can

»

x

take p(z) = e~z or p(x) = e 1*l. As a consequence of (H3), we have / |®(2)|*p(2)dz < oo,
R4

fOT Jra |f(t,2,0,0)|*p(z)dzdt < 0o and fOT Jga |R(t, 2,0, 0)|%p(x)dxdt < co.
We need also to introduce the following spaces :
- L2(R?, p(z)dz) is the weighted Hilbert space and we employ the following notation for its scalar
product and its norm is : (u,v), = [pa u(z)v(z)p(x)dz and ||ul|, = (u,u)é.
- HL(R9) is the associated weighted first order Dirichlet space and its norm is
oy ey = (a2 + [ Vo 2)3

D := C([0,T]) ® C2(R?) is the space of test functions where C°([0,77]) denotes the space of
all real valued infinite differentiable functions with compact support in [0, 7] and C2(R?) the set
of C?-functions with compact support in R%.
- Hr is the space of predictable processes (u;); > o with values in H} (]Rd) such that

ol = (B[supo << ohul2] + 8] [ 19wolzar]) <oc.

Definition 1.1.1. We say that uw € Hr is a weak solution of the equation (1.1.3) associated with
the terminal condition ® and the coefficients (f,g), if the following relation holds almost surely,
for each ¢ € D

T T
/t (u(s,.),asSD(S,.))ds—i—/t E(uls,.),p(s,.))ds + (u(t,.), o(t,.)) — (®(.), o(T,.)) (1.1.5)

T T
= /t(f(s,.,u(s,.),(Vua)(s,.)),gp(s,.))ds—i—z:/t (h(s,.,u(s,.), (Vuo)(s,.)),¢(s,.))dB:,

where

(.,.) denotes the usual scalar product in L*(R?, dx)
and
E(u, ) = (Lu,9) = [pa((Vuo) (Vo) + oV ((30* Vo +b)u))(z)dz is

the energy associated to the diffusion operator.
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From Bally and Matoussi [9], we have the following representation result :

Theorem 1.1.4. Assume Assumptions (H1) — (H3) hold, there exists a unique weak solution
u € Hy of the SPDE (1.1.3). Moreover, u(t,z) = Y;"" and Z," = Vuso, dt @ dz @ dP a.e. where
(YE", Z5%), < s < 1 is the solution of the BDSDE (2.1.2). Furthermore, we have for all s € [t,T),
u(s, X9%) = Y& and (Vuo)(s, X5") = Z5* dt @ dz @ dP a.e.

1.1.2 Numerical methods : Different approaches

We recall that our aim is two folds : first we present a method for solving numerically the
BDSDE (1.1.2) and using the probabilistic representation of solutions of the SPDE (1.1.3), we
will also deduce a new probabilistic method for solving this last equation.

Let us begin by an overview for existing probabilistic methods for solving standard BSDEs.

1.1.2.1 Numerical methods for BSDEs

In the deterministic PDE’s case i.e. h = 0, the numerical approximation of standard BSDEs
has already been widely studied in the literature. We can cite for example Bally [8], Zhang [70],
Bouchard and Touzi [16], Gobet, Lemor and Warin|34|, Bouchard and Elie [15] and Crisan and
Manolarakis [22]. Zhang [70]| proposed a discrete-time numerical approximation, by step processes,
for a class of decoupled F-BSDEs with path-dependent terminal values. He proved an L*-type
regularity result for the control process Z under Lipschitz assumptions. This result allowed him
to derive a rate of convergence for his scheme of order the time step of the square of the L*-
error. A similar numerical scheme was proposed by Bouchard and Touzi [16] for decoupled F-
BSDEs. In order to approximate the conditional expectations arising from the time discretization,
they use the Malliavin approach and the Monte carlo method. Afterthat, Crisan, Manolarakis
and Touzi [20] proposed a betterment of this method on the Malliavin weights. A completely
explicit numerical scheme was proposed by Gobet, Lemor and Warin [34]. They also introduced
an algorithm based on the least-squares regression approach and using the Monte Carlo method
to compute the conditional expectations. Finally, another algorithm based on the curbature
method and the approach of Bouchard and Touzi [16] and Zhang |70] was introduced by Crisan
and Manolarakis [22]. These authors proposed also a second order discretization of BSDEs in
[21].

When h # 0 and it does not depend on the control variable z, Aman [3| suggested a numerical
scheme following the approach of Bouchard and Touzi [16]. Aboura [1] studied the same numerical
scheme but following Gobet et al. [33]. Both of the two authors obtained a convergence of order
the time discretization step of the square of the L?- error.

In the case when h # 0, the numerical resolution of BDSDEs offers a probabilistic approach to
resolve semilinear SPDEs which was mainly resolved by analytic methods in the literature.

1.1.2.2 Analytic methods for SPDEs

Analytic methods are based on time-space discretization of the SPDEs. Mainly, the discreti-
zation on space is done by three methods : the finite differences method, finite elements and
the spectral Galerkin method. The Euler finite-difference scheme was studied mainly by Gyongy
[39], Gyongi and Nualart [38], Gyongy and Krylov [37] and Gerencsér and Gyongy [32]. In [38],
Gyongi and Nualart proved the convergence of this scheme. Then, Gyongy [39] gave the rate
of convergence. After that, Gyongy and Krylov [37] gave a rate of convergence for a symme-
tric finite difference scheme for a class of linear SPDE driven by infinite dimensional brownian
motion. They also proved that this rate can be improved by Richardson acceleration method.
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Recently, Gerencsér and Gyongy [32] considered weak sobolev solutions for linear SPDEs, where
the smoothness of coefficients are dimension-invariant. Then, they used the Richardson method
to accelerate their rate of convergence. The finite element method was investigated by J.B. Walsh
in [69]. He proved the convergence of this scheme and obtained similar rate to those of the finite
difference scheme. The third method was mainly studied by Jentzen and Kloeden [44]. It is based
on the spectral Galerkin approximation, which consists on deriving Taylor expansions for the
solution of the SPDE and consequently adding more regularity assumptions on the coefficients
of the SPDE.

Other methods was also explored in order to resolve numerically SPDEs by an analytic ap-
proach. We can cite the spectral approach used by Lototsky, Mikulevicius and Rozovskii [51] to
approximate numerically the conditional law of the solution of the Zakai equation. The method
of Characteristics, which is based on the averaging characteristic formula, was used by Milstein
and Tretyakov [57] to solve a linear SPDE. They based their numerical scheme on Monte Carlo
technics. Finally, Crisan [19] studied a particle approximation for a class of nonlinear stochastic
partial differential equations.

1.1.3 Our main results and contributions
1.1.3.1 Numerical scheme and main results
In order to solve the F-BDSDE (1.1.2), we we introduce the following discretized version. Let
Titg=0<t1 <...<tny=T, (1.1.6)

be a partition of the time interval [0, 7T]. For simplicity we take an equidistant partition of [0, 7]
ie. Ay = % and t, = nAyn, 0 < n < N. Throughout the rest, we will use the notations
AWn = th_H —Wt and ABn = Btn+1 _Btn) for n = 1,...,N.

The forward component X will be approximated by the classical Euler scheme :

XN =X
{ to for (1.1.7)

n

XN =XN 40X )t = tae1) +o(XPY )W, = Wa, ), forn=1,...,N.

It is known that as NV goes to infinity, one has supg < , < yE|X¢, — X' |* — 0.
Then, the solution (Y, Z) of (1.1.2) is approximated by (Y, Z) defined by :

VN = o(X7) and Z{) =0, (1.1.8)

and forn =N —1,...,0, we set
Y = B [V, + hta1, 0051 AB) + A f(tn, ©))), (1.1.9)
ANZY =By, | YN AW 4 h(tns1, 0, ) AB AW (1.1.10)

where
o = x)N.vN,zY)vn=0,...,N.

* denotes the transposition operator and E}, denotes the conditional expectation over the o-
algebra -7:t0n-

For all n = 0,..., N — 1, we define the pair of processes (Y}, ZN);, <t<t,,, as the solution of
the following BDSDE :

N N tn+1 N tn+1 N — tn+1N
Y =YY+ f(tn, 0, )ds +/ h(tpi1,0;,1)dBs —/ Z)dWs, tn, <t <tpy1. (1.1.11)
t t t
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First, we show two results concerning the time discretization error on our scheme for resolving
BDSDESs. The first is an upper bound result :

Theorem 1.1.5. Assume that Assumptions (H1) and (H2) hold, define the error

tnl

Errory(Y, Z) := supg < 5 < 7 E[|Vs — YN2+Z / 1Zs — ZN||%ds],  (1.1.12)

where YN and ZN are given by (1.1.11) and the process Z is defined by

_ 1 bt _

7 = AEtn[/ Zuds], ¥t € [bs 1), ¥n € {0, N — 1} and Zx = 0 .
tn

N
Then

tnl

Errory(Y,Z) < CAn(1+|z%) +cz/ E|||Zs — Zy,||*]ds

tnt1

+ CZ/EHZ — Zy,y 0 |P)ds. (1.1.13)

Then, we obtain the rate of convergence under more regularity by adding the Assumption (H3) :

Theorem 1.1.6. Under Assumptions (H1)-(H3), there exists a positive constant C' (depending
only on T, K, a, p(0)], lo(O)]], |£(t,0,0,0)] and |[h(t,0,0,0)||) such that

Errory(Y,Z) < CAN(1 + |z]?). (1.1.14)

In the second chapter, we show under Assumption (H3) a representation result for Z that we
use to prove the rate of convergence. However, the same rate of convergence is shown only under
(H1) and (H2), which are natural assumptions in BDSDE’s setting (see Remark 1.1.1).
Finally, we deduce the numerical scheme to resolve SPDE (1.1.3) by using the following lemma
which comes from the Markov property of Y and ZV and the flow property of X :

Lemma 1.1.1. Let € R? and t,, € 7. Define
utji (z) := Yt]:t”x and UiX(J}) = ZtJZ’t””x. (1.1.15)

Then ut (resp vy, N) s ]-"tBT—measumble and we have for all x € R and for all t,t, € T such
that t <

N/ vt Npt, N/ vt Nit,
Uy, (thx) = Ytn ‘ (resp. Uy, (thx) = Ztn I)

After that, thanks to a norm equivalence result which was already proved by Barles and Lesigne
[10] and Bally and Matoussi [9] when b € C(R%, R?) and o € CZ(R%, R?*?), we deduce the rate of
convergence for the numerical scheme for the SPDE (1.1.3). We stress that here we do not assume
that o satisfies the uniform ellipticity condition. We recall that u(t,z) = Y;"* and v(t,z) = Z}"
dt ® dr @ dP a.e. We define the process (ul,v) as follows :

CRRAR]
uN (z) == Y5 and o () == ZN5% Vs € [t tni). (1.1.16)

Thus, we obtain

Nxboy = YN and oM (X5%) = ZN02 Wt < s,t,5 € [tn, tgt)- (1.1.17)
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We define the error between the solution of the SPDE and the numerical scheme as follows :

Errory(u,v) := SupogngE[/

[ud () = u(s, ) *p(x)da]
Rd

N-1 -
vV (z) — v(s, z)|*dsp(x)dz 1.
£ B[ e s, )

where p is the weight function defined in subsection 1.1.1.2.
The following theorem shows the convergence of the numerical scheme 1.1.15 of the solution of

the SPDE (1.1.3).

Theorem 1.1.7. Assume that (H1)-(H3) hold. Then, the error Errory(u,v) converges to 0
as N — oo and there exists a positive constant C (depending only on T, K, «, |b(0)|, ||o(0)|],
|f(¢,0,0,0)| and ||h(t,0,0,0)||) such that

Errory(u,v) < CApy. (1.1.19)

Remark 1.1.1. The Assumptions needed to prove the rate of convergence (1.1.14) and conse-
quently (1.1.19) can be relazed. Indeed, we can obtain this rate of convergence (1.1.14) only under
Assumptions (H1) and (H2). This can be done by using the Lo-reqularity for the process Z
proved in section (2.7).

1.1.3.2 Our Contributions

In our work, we extended the approach of Bouchard-Touzi-Zhang for standard BSDEs to the

case of BDSDEs. We wish to emphasize that this generalization is not obvious, especially when the
function h depends also on the control variable z, because of the strong impact of the backward
stochastic integral term on the numerical approximation scheme. It is known that in the associated
Stochastic PDE’s (2.1.1), the term h(u, Vu) leads to a second order perturbation type which
explains the contraction condition assumed on h with respect to the variable z (see [63], [59]).
Our scheme is implicit in Y and explicit in Z. We prove the convergence of our numerical scheme
in time and we give the rate of convergence. The square of the L?- error has an upper bound of
order the discretization step in time. As a consequence, we obtain a numerical scheme for the
weak solution of the associated semi linear SPDE. We give also a rate of convergence result for the
later weak solution. Then, we propose a path-dependent algorithm based on iterative regression
functions which are approximated by projections on vector space of functions with coefficients
evaluated using Monte Carlo simulations. More precisely, we fix one path of the discretized
Brownian motion B and we approximate the conditional expectations arising in our numerical
scheme (1.1.9)-(1.1.10) by performing regressions using simulations of the forward process X. The
analysis of the regression error will be handeled in chapter 4. Finally, we present some numerical
tests.
Compared to the deterministic numerical method developed by Gyongy and Krylov [37], the
probabilistic approach could tackle the semilinear SPDEs which could be degenerate and needs
less regularity conditions on the coefficients than the finite difference scheme. However, the rate
of convergence obtained (as the classical Monte Carlo method) is clearly slower than the results
obtained by finite difference and finite element schemes, but of course more available in higher
dimension. Indeed, our method has all the the known advantages of Monte Carlo methods. These
latter methods are tractable especially when the dimension of the state process is very large unlike
the finite difference method. Furthermore, their parallel nature provides another advantage to
the probabilistic approach : each processor of a parallel computer can be assigned the task of
making a random trial and doing the calculus independently.
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1.2 Numerical computations for Quasilinear Stochastic PDE’s

In the third chapter, we are interested in the numerical resolution of quasilinear SPDEs by a
probabilistic method, using their probabilistic interpretation in terms of Generalized Backward
Doubly Stochastic Differential Equations (GBDSDEs for short). This chapter is based on the
work [7].

1.2.1 GBDSDEs and Quasilinear SPDESs
We are interested in the following SPDE on R? and over the time interval [0, 77,
1 . —
dug(x)+ [§AUt(.Z‘)+ft(l’, up () Vug(z))+divgs (, ug () Vug (ac))]dt+ht(az, ut(x) Vug(z))-dBy = 0,
(1.2.1)
with a given final condition uy = ® and where f, h and g are non-linear random functions.

When h is identically null, equation (1.2.1) becomes a Quasilinear PDE. This equation was studied
by Stoica [68]. More precisely, he studied the solution u : R? :— R of the following equation

(O + Loyu+ f—> (a7 g;) =0, (1.2.2)

1;7.7

where f and g are given real-valued functions on [0,7] x RY, Lg is the elliptic divergence form

Lo —28 b —|—sz i,

b(z) := (b'(x),...,b%x)) is a vector field and for all i, j, a®’/ are bounded measurable functions

operator given by :

on R? satisfying the uniform ellipticity condition : for some positive constant A,

ATHEP < Za ()€ < A¢, Ve @ e RY

Denoting by (9, F, (Fi)¢, Xt, 0, P¥) the diffusion process generated by Ly in RY, Stoica [68]
proved that the following relation holds (see Theorem 3.2 [68]), when f, g and the terminal
condition ® are square integrable :

d . rt ' t 1 [t
ut(Xt)—uS(Xs):;/s 8iur(Xr)er—/s fT(Xr)dr—z/s gr % dX,, (1.2.3)

where M® is the martingale part of the component X° of the process and the integral denoted
with * is a stochastic martingale expressed in terms of forward and backward martingales.

We denote that if Ly is symmetric under the probability measure P™ ( see section 3.2.2 for the
definition of P™), the term fst gr * dX, becomes :

t —
/gr*dX Z(/ gi(r, X, )d M +/gi(r,XT)dMﬁ).

d
Since the function g is assumed only measurable, the term Z 9i(a™ g;) in equation (1.2.2) is
ij=1
a distribution. Hence, the stochastic integral f; gr * dX, gives a probabilistic interpretation for
a distribution. In other words, the solution w is represented in (1.2.3) in terms of a stochastic
process, of the function f and the field.
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In the general case ( h and g are non-null functions), the SPDE (1.2.1) was given a probabilistic
interpretation by Matoussi and Stoica [54] in term of the following GBDSDE :

u(Wy) — us (W) Z/ Dyur (W, )dW?! — /fr dr—/tgr*dW +hfr (W, )%r (1.2.4)

We will see in chapter 3, that the study of the SPDE (1.2.1) covers a more general case. Indeed,
if instead of A in (1.2.1) we had £ := ZE) 7Y where in addition a is symmetric, we show

7‘7
by the mean of a change of variable that the case of the SPDE (1.2.1) with the operator L is

covered by our framework.
The aim of chapter 3 is to use the probabilistic interpretation (1.2.4) to give a probabilistic
numerical scheme in order to resolve numerically the associated quasilinear SPDE (1.2.1).

1.2.2 Qur Contribution : Numerical resolution of Quasilinear SPDEs - Time
discretization error

We first present our numerical scheme to approximate solutions of (1.2.1).

1.2.2.1 Numerical scheme

We use the same notations of the numerical scheme presented in subsection 1.1.3.1. Let WV
denote the discrete time approximation of the Brownian motion W. The solution (Y, Z) of the
GBDSDE (1.2.4) will be approximated by (Y~, Z") defined in the following :

YN =o(Wy) and Z} =0, (1.2.5)

and forn =N —1,...,0, we set

1
Y = B[V, +ANf(t,0F) + 5g(tn+1,@fj+1)AWn]
+ Etn [h(tn+17 @n+1)ABn]7 (126)

ANZY = B, YN AW+ h(tng1, 05 ) AB,AW;]
5B ot ON) + gltnsr, O} AW, AW (1.2.7)
where
o = wh.vN, zN),vn=0,...,N.

* denotes the transposition operator and E;, denotes the conditional expectation over the o-
algebra f,gl.

1.2.2.2 Contribution and main results

The probabilistic interpretation given below allows us to give a numerical probabilistic scheme
for the quasilinear SDPE (1.2.1) based on a time-discretization of the GBDSDE (1.2.4).
First, we extend the Ito Formula for GBDSDEs. Then we give an an upper bound for the time
discretization error. Afterthat, we extend the result concerning the Zhang L2-regularity of the
martingale integrand Z proved by Zhang [70] for standard BSDEs to our GBDSDE’s case. This
result is very important to derive the rate of convergence of our numerical scheme, which is of
order the time discretization step of the square of the L?- error. Finally, we give some numerical
experiments to test statically our scheme.
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1.3 An empirical regression method for BDSDEs

In the fourth chapter, which is based on the work [6], we present an algorithm to approximate
the solutions of the discrete BDSDE arising from the time discretization of BDSDEs in the two
previous chapters. Afterthat, we give a conditional analysis of the regression error involved by
our algorithm. Let Us start by recalling some preleminaries on the regression method.

1.3.1 Empirical regression method for BSDEs

We recall that the empirical least-squares approach was developed in the standard BSDE’s case
by Gobet, Lemor and Warin [34] and more recently by Gobet and Turkedjiev [35]. This approach
is based on iterative regression functions which are approximated by projections on vector space
of functions with coefficients evaluated using Monte Carlo simulations. The BDSDE’s of our
interest is of the following form

T T « T
Vi = ®(X5") +/ f(r, Xﬁ’I,YTt’m)dr—l—/ h(r, X}, Y% )dB, —/ ZydW,.  (1.3.1)
S S S

We study the case when the generators are independent from the variable z. For such BDSDE,
Aboura [1] proposed an algorithm based on the empirical least-squares regression approach,
following [33]. He considered the solution of the BDSDE at time ¢; as a measurable deterministic
function of (Xti, (Btjor — Br)i<k < N), where t; € m:= {to,...,tn} and 7 is a discrete time grid
of the time interval [0, T']. His approach imply a high-dimensionality problem, since he is dealing
with a dimension of d + 1 x N, where d is the dimension of the state process X and [ is the
dimension of the Brownian motion B.

1.3.2 Our contribution : Conditional approach for the empirical regression
method for BDSDEs

We follow a conditional approach given the trajectories of the auxiliary noise B. We give first
our numerical scheme.

1.3.2.1 Numerical scheme

We introduce the following notations :
-7 is a discrete time grid of the time interval [0,T] and ¢; € 7 := {to,...,tn}.Then, A; := t;11—t;.
AW, =Wy, — Wy, and AB; = By, — By, fori=1,...,N - 1.
- We define the filtration G; := }“g}é v f(fT and we note by Ey,|[.] the conditional expectation over
G-

We study the Multi step Dynamic Programming equation involved by the time discretizatin of
the BDSDE (1.3.1) :
The forward component X will be approximated by the classical Euler scheme and the approxi-
mation is denoted by X,
The solution Y of (1.3.1) is approximated by (YV) defined by the following Multi step-forward
Dynamic Programming (MDP for short) equation instead of the classical One step-forward Dy-
namic Programming (ODP for short) equation given in the previous chapters :
Fori=N—1,...,0, we set

N-—1
VY = B0 + Y AV + RV, )ABy). (1.3.2)
k=i
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1.3.2.2 Main result

The main result of chapter 4 is non asymptotic and explicit error estimates for our algorithm, gi-
ven in Theorem 4.4.1. These estimates are non asymptotic since the constants of the upper bound
for the error depend on the time discretization number N and the fixed path (ABg)o <k < N—1-
A direct consequence of the estimates in Theorem 4.4.1 is the following convergence result. We
denote for all i € {0,..., N — 1} by Ky, the finite dimensional approximation space and by M;
the number of Monte Carlo simulations of the forward process X used at time t; to perform
the regression. We assume that Assumptions (H1-H2) hold and that ®(0), f(0) and h(0) are
bounded. Then, for a fixed time discretization number N and a fixed path (ABg)o <k < nN-1,
we obtain the convergence of our least-squares MDP algorithm by taking (Mpy)o <k < n—1 and
(card(Kyk))o < k < N—1 large enough.

1.3.2.3 Owur Contributions

First, we proceed to a conditional analysis of the error, given the trajectories of the Brownian
motion B. To achieve this goal, we use the tools for the regression error analysis which were
developed recently in [35] for standard BSDEs but in a very general context. Thus, we reduce
the dimension of the regression problem from d + [ x N in [1] to d. In this sense, our approach
is better than the unconditional one.

Second, the MDP scheme studied leads to averaged local error terms, which is better than the
sum as in the ODP’s case. We obtain convergence results for fixed time discretization number N
and a fixed path (ABg)o <k < N—1-

1.4 Variance reduction for small probability estimation : a Hastings-
Metropolis algorithm on Markov chains

The fifth chapter is devoted to a work which has been done at CEMRACS 2013 (Centre d’été
Mathématiques de Recherche Avancée en Calcul Scientifique). The CEMRACS is a scientific event
of the SMATI (the french Society of Applied and Industrial Mathematics). The CEMRACS 2013
consisted of six weeks. In the first week, a summer school on numerical methods and algorithms
for high performance computing was proposed. The remaining five weeks were intensive long
research sessions on different research projects. These projects was proposed by an industrial or
an academic partner. This event took place at CIRM, Luminy, Marseille, from 22 July to 30
August 2013. It was devoted to “ Modelling and simulation of complex systems : stochastic and
deterministic approaches”. The project described in this chapter has the acronym REDVAR. Its
main motivation is variance reduction technics for the estimation of rare events in the context of
neutronic shielding. This work was concretized by a preprint [4] submitted to ESAIM Proceedings.

1.4.1 Monte Carlo method for rare events and Hastings-Metropolis algorithm
on random variables

In this last part, we study an interacting particle method for small probability estimation
developed in [36] and we adapt it to the context of neutronic shielding. Neutronics is the study
of neutron population in fissile media that can be modeled using the linear Boltzmann equation
called also the transport equation. The study of neutronics began in the 40’s, when nuclear energy
was starting to be used either for setting up nuclear devices like bombs or for civil purposes like
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the production of energy. Neutronics can be divided in two different sub-domains. The first sub-
domain aim at understanding the neutron population dynamics due to the branching process
that mimics fission reaction (see for instance |71] for a recent survey on branching process in
neutronics). The second sub-domain deals with the propagation of neutrons through media where
fission reactions do not occur, or can safely be neglected. In this case, the neutron transport can
be modeled by simple exponential flights [72] : between each collisions, neutrons travel along
straight path distributed exponentially.

For this last category, national nuclear authorities require shielding studies of nuclear systems
before giving their agreement for the design of nuclear systems like reactor core. The study of
such structure is complicated by 3-dimensional effects due to the geometry and by non-trivial
energetic spectrum that can hardly be modeled. The Monte-Carlo transport codes (like MCNP
[50], Geant4 [2], Tripoli-4 [29]) are often used for shielding studies since they require very few
hypotheses. However, these studies remain a big numerical challenge for Monte-Carlo codes.
Indeed, the shielding studies require to evaluate the proportion of neutrons that pass through
the shielding disposal and this proportion is by construction very small. Consequently, the Monte
Carlo code has to evaluate a small probability, which is the main motivation of this work.

Classical techniques for variance reduction in these small probability estimation problems often
rely on a zero-variance scheme [43, 42, 12| adapted to the Boltzmann equation allied with weight-
watching techniques [13]. The particular forms that this scheme takes when concretely developed
in various transport codes range from the use of weight windows [17, 42, 43, 50|, like in MCNP,
to the use of the exponential transform [56, 55| like in Tripoli-4. Now, all these techniques have
proven to be limited since the requirements made by national nuclear authorities have been
progressively strengthen. As a consequence, new variance reduction techniques have been recently
proposed (see for instance [30] for the use of neural networks for evaluating the importance
function).

Recently in [36], the authors developed an interacting-particle method for small probability
estimation in the case of random variables. In our work, we apply this method to a neutronic
shielding’s Monte Carlo code. This application to shielding study with Monte Carlo codes is
not straightforward. In fact, a Monte Carlo code consists in sampling the trajectory of a neutron
which can, depending of the complexity of the physical modeling, be the realization of a branching
process, or of a stochastic process. Indeed, since a neutron travels along straight paths between
collisions, there is no loss of information in considering only the characteristic of the collisions
(dates, positions, energies, subparticle creations) as random.

In order to simplify the matter, the subparticle creation phenomena are not taken into account
in this work. Similarly, we do not take energy dependence into account. As a result, we consider
here the simplified but realistic case of monokinetic particle, that is a particle that has a constant
speed and that can not give birth to other subparticles. For this model of a monokinetic particle,
the set of the successive collision point positions constitute thus a Markov chain. Furthermore,
with probability one, the monokinetic particle is absorbed after a finite number of collisions. The
small probability we are interested in, in this work, is thus the probability that a Markov chain,
that is almost surely stationary, in finite time, "pass" through a shielding system and reach a
domain of interest before absorption.

The method proposed in [36] relies on the Hasting Metropolis algorithm [55, 41] for practical
application. This algorithm is clearly a textbook method when applied to probability distributions
on the Euclidean space. Nevertheless, we have discussed below that small probability estimation
problems in Monte Carlo codes are defined as involving Markov Chains instead of random vectors.
It is thus not straightforward to apply the method of [36] to these kind of problems. Let us begin
by recalling the interacting particle method and the Hastings-Metropolis algorithm as presented
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in [36]

1.4.2 Preliminaries on Interacting Particle Method and Hastings-Metropolis
algorithm for random variables

We present the interacting-particle method [36] and highlight its need of the Hastings-Metropolis
(HM) algorithm for practical application.

We consider a probability space (€2, F, P), and a measurable space (5,S,Q). We consider a
random variable X from (2, F, P) to (S, S, Q). We assume that we are able to sample realizations
of X.

We consider an objective function ® : S — R, for which we only assume that ®(X) has a conti-
nuous cumulative distribution function F. The interacting-particle method aims at estimating
the probability of the event ®(X) > [, for a given level [ € R. We denote this probability by p.

The method can be presented in two steps. First, we assume that an ideal, or a theoretical, me-
thod can be implemented exactly. In this case, the finite-sample distribution of the corresponding
estimator of the probability p is known exactly, so that exact finite-sample confidence intervals
are available. Furthermore, the limit, for large number of sampling from X, of the probability
estimation error, has attractive properties as shown in [36]. Nevertheless, this ideal method can
not be implemented exactly for a large range of practical problems. Thus, it is proposed in [36]
to approximate the ideal method by using a HM algorithm.

1.4.2.1 Theoretical version of the interacting-particle method

We assume that we are able to sample realizations of X, conditionally to the event ®(X) > ¢,
for any t € R. This is a strong assumption and that is why the corresponding method that we
present is called the ideal method.

The ideal algorithm for estimating p is then parameterized by a number of particle IV and is as
follows.

Algorithm 1.4.2.1
— Generate an iid sample (X7, .., Xy), from the distribution of X, and initialize m = 1, L; =
min(CD(Xl), ) @(XN)) and Xll = Xl, 7X]1\7 = XN.
— While L,, <1 do
—Fori=1,..,.N
~ Set X"t = X1 if ®(X[") > Ly, and else X" = X*, where X* follows the dis-
tribution of X conditionally to ®(X) > L,,, and is independent of any other random
variables involved in the algorithm.
— Set m=m+ 1.
— Set Ly, = min(®(X7"), .., (X})).
— The natural estimator of the probability p is pipm = (1 — %)m_l.

For each finite IV, the ideal estimator pjy,, obtained from the algorithm 1.4.2.1 has an explicit
distribution that is detailed in [36]. Here, we just consider two properties of pPjpm. First, the
estimator is unbiased : E(pipm) = p. Second, asymptotic 95% confidence intervals, for N large,
are of the form

R | —logp; R | —logpi
Tpipm = [pipmeXP (—196 N”””) s Dipm€Xp (1.96 % . (1.4.1)
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1.4.2.2 Practical implementation of the interacting-particle method with the Hastings-
Metropolis algorithm

For practical implementation of the previous algorithm, the only problem we have to solve is
the conditional sampling, with the distribution of X, conditionally to ®(X) > ¢, for any ¢t € R.

An application of the HM algorithm is proposed in [36]. For this, the following is assumed

— The distribution of X has a probability distribution function (pdf) f with respect to (S, S, Q).
For any = € S we can compute f(x).

— We dispose of a transition kernel on (5, S, @) with conditional pdf x(x,y) (pdf of y conditio-
nally to z). We are able to sample from k(z,.) for any x € S and we can compute k(z,y) for
any x,y € S.

Let t € R and = € S so that ®(x) > t. Then, the following algorithm enables to, starting from

x, sample approximately with the distribution of X, conditionally to ®(X) > ¢. The algorithm
is parameterized by a number of iterations 7' € N*.

Algorithm 1.4.2.2.1

— Let X ==
- Fori=1,..,T
— Independently from any other random variable, generate X* following the x(X,.) distri-
bution.
- O(X*) >t
— With probability min(r, 1), let X = X*.
— Return X.

The random variable returned by algorithm 1.4.2.2.1 is denoted Xp(x).
For consistency, we now give the actual interacting-particle method, involving algorithm 1.4.2.2.1.
This method is parameterized by the number of particles N and the number of HM iterations 7.

Algorithm 1.4.2.2.2
— Generate an iid sample (Xi,.., Xy) from the distribution of X and initialize m = 1, L1 =
min(®(Xy), .., ®(Xy)) and X{ = X1, ..., X5 = Xn.
— While L,, <1l do
—Fori=1,..,.N
— Set Xierl = X" if ®(X™) > L,,, and else pick at random an integer J among the
integers 1 < j < N so that ®(X]") > Ly,. Then, let X/"*" = Xp(X7"), with the
notation of algorithm 1.4.2.2.1.
- Set m=m+ 1.
— Set Ly, = min(®(XT7"), .., 2(X})).
— The estimate of the probability p is pipm = (1 — %)m_l.

The estimator pjpy,, of algorithm 1.4.2.2.2 is the practical estimator that we studied in the
numerical results of section 5.5.

In [36], it is shown that, when the space S is a subset of R?, under mild assumptions, the
distribution of the estimator of Algorithm converges, as T' — 400, to the distribution of the ideal
estimator of Algorithm 1.4.2.1. For this reason, we call the estimator of ideal Algorithm 1.4.2.1
the estimator corresponding to the case T' = +00. We also call the confidence intervals (1.4.1)
the confidence intervals of the case T' = +o0.

Nevertheless, the space S we are interested in is a space of sequences that are killed after a
finite time. Thus, it is not straightforward that the convergence, as T — —+o00, discussed above,
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hold in our case. Furthermore, even the notion of pdf on this space of sequences has to be defined.
This is the object of the section 5.3, that defines the notion of pdf, on a space of sequences that
are killed after a finite time, and that gives a convergence result for the HM algorithm.

1.4.3 Our contribution : Hastings-Metropolis algorithm on Markov chains for
rare events

The contribution of this work is two-fold. First it is shown how the Hasting Metropolis algorithm
can be extended to sampling of Markov chains that are stationary after finite time. This enables
to use the Hastings-Metropolis algorithm, which is necessary to implement the method [36] in
practice. A convergence result has also been shown for the Hastings-Metropolis algorithm in this
setting.

The second contribution of the paper is to give the actual probability density function equations,
for implementing the interacting-particle method in an academic one-dimensional problem, and a
simplified but realistic two-dimensional problem. In both cases, the method is shown to be valid.
Furthermore, the method outperforms a simple-Monte Carlo estimator, for estimating a small
probability.

Prospects are possible for both contributions. First, the proof of the convergence of the Hastings-
Metropolis could be extended under more general assumptions. Second, several possibilities for
practical improvement of the interacting-particle method are presented in section 5.5.3.






CHAPITRE 2
Numerical scheme for semilinear
SPDEs via BDSDESs

2.1 Introduction

Stochastic partial differential equations (SPDEs) combine the features of partial differential
equations and It6 equations. Such equations play important roles in many applied fields such as
the filtering of partially observable diffusion processes, genetic population and other areas. We
study the following stochastic partial differential equation (in short SPDE) for a system-valued
of predictable random field u; (x) = w (¢, x), satisfying the following equation :

dug(z) + (Lue(z) +f(t, 2, u(x), Vugo (z))) dt + g(t, z, w(z), Vo (z)) - cTBt =0, (2.1.1)

over the time interval [0, 7], with a given final condition up = ® and non-linear deterministic

coefficients f and ¢g. Lu = (Lul, e ,Luk) is a second order differential operator and o is the
diffusion coefficient. The differential term with dB; refers to the backward stochastic integral
with respect to a I-dimensional brownian motion on (€2, F,P, (B;)¢>0). We use the backward
stochastic integral in the SPDE because we will employ the framework of Backward Doubly
Stochastic Differential Equation (BDSDE) introduced first by Pardoux and Peng [63]. They gave
a probabilistic representation for the classical solution u;(x) of the SPDE (2.1.1) (written in the
integral form) in term of the following class of BDSDE’s :

T T T
ver = o+ [0 XY 2 [ gt X i 2B, - [ 2w, (212

S S S
where (X;’x)t < s <7 is a diffusion process starting from z at time ¢ driven by the finite dimen-
sional brownian motion (W}); > o and with infinitesimal generator L. More precisely, under some
regularity assumptions on the final condition ® and coefficients f and g , they have proved that
up(x) = Y0¥ and Vugo(z) = 2%, ¥(t,x) € [0,T] x R% Then, Bally and Matoussi [9] (see also
[53] ) showed that the same representation remains true in the case when the final condition
(respectively the coefficients f and g) is only measurable in x (resp. are jointly measurable in
(t,z) and Lispchitz in v and Vu). In this paper, weak Sobolev solution of the equation (2.1.1)
has been considered, and the approach was based on stochastic flow technics (see also [47, 48]).
Moreover their results were generalized in [53] in the case of a larger class of SPDE’s (2.1.1) driven
by a Kunita-Ito non-linear noise (see [47, 48, 49] for more details). In particular, the Kunita-Ito
non-linear noise covers a class of infinite dimensional space-time colored-white noise (see [37],
[66], [44]). Generally, the explicit resolution of semi-linear SPDEs is not possible, so it is then
necessary to resort to numerical methods.
The first approach used to solve numerically nonlinear SPDEs is analytic methods, based on
time-space discretization of the SPDEs. The discretization on space can be achieved either by
finite differences, or finite elements and spectral Galerkin methods. But most numerical works
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on SPDEs have concentrated on the Euler finite-difference scheme. Gyongi and Nualart [38] have
proved that these schemes converge, and Gyongy [39] determined the order of convergence. J.B.
Walsh [69] investigated schemes based on the finite elements methods. He studied the rate of
convergence of these schemes for parabolic SPDEs; including the Forward and Backward Euler
and the Crank-Nicholson schemes. He found substantially similar rate of convergence to those
found for finite difference schemes. The spectral Galerkin approximation was used by Jentzen
and Kloeden [44]. They based their method on Taylor expansions derived for the solution of the
SPDE, under some regularity conditions.

Lototsky, Mikulevicius and Rozovskii in 1997 [51] used the spectral approach for the numerical
estimation of the conditional distribution solution of a linear SPDE known as the Zakai equation.
Further developments on spectral methods can be found in Lototsky [52]. Milstein and Tretyakov
[57] solved a linear Stochastic Partial Differential Equation by using the method of characteris-
tics (the averaging over the characteristic formula). They proposed a numerical scheme based on
Monte Carlo technique. Layer methods for linear and semilinear SPDEs are constructed. Picard
[65] considered a filtering problem where the observation is a function of a diffusion corrupted by
an independent white noise. He estimated the error caused by a discretization of the time interval.
He obtained some approximations of the optimal filter which can be computed with Monte-Carlo
methods. Crisan [19] studied a particle approximation for a class of nonlinear stochastic partial
differential equations. Very interesting results have been obtained by Gyongy and Krylov [37]
where they considered a symmetric finite difference scheme for a class of linear SPDE driven by
infinite dimensional brownian motion. They have proved that the approximation error is pro-
portional to k? where k is the discretization step in space and by the Richardson acceleration
method they have even got the error proportional to k?.

The other alternative for resolving numerically SPDEs is the probabilistic approach by using
Monte Carlo methods. These latter methods are tractable especially when the dimension of the
state process is very large unlike the finite difference method. Furthermore, their parallel nature
provides another advantage to the probabilistic approach : each processor of a parallel computer
can be assigned the task of making a random trial and doing the calculus independently. The
probabilistic approach requires weaker assumptions on the SPDE’s coefficients. In the determi-
nistic PDE’s case i.e. ¢ = 0, the numerical approximation of the BSDE has already been studied
in the literature by Bally [8], Zhang [70], Bouchard and Touzi [16], Gobet, Lemor and Warin|34]
and Bouchard and Elie [15|. Zhang [70] proposed a discrete-time numerical approximation, by
step processes, for a class of decoupled FBSDEs with possible path-dependent terminal values.
He proved an L2-type regularity of the BSDE’s solution, the convergence of his scheme and he
derived its rate of convergence. Bouchard and Touzi [16] suggested a similar numerical scheme
for decoupled FBSDESs. The conditional expectations involved in their discretization scheme were
computed using the Malliavin approach and the Monte carlo method. Crisan, Manolarakis and
Touzi [20] proposed an improvement on the Malliavin weights. Gobet, Lemor and Warin in [34]
proposed an explicit numerical scheme. In the case when g # 0 and it does not depend on the
control variable z, Aman [3] proposed a numerical scheme following the idea used by Bouchard
and Touzi [16] and obtained a convergence of order h of the square of the L2 error (h is the
discretization step in time). Aboura [1] studied the same numerical scheme under the same kind
of hypothesis, but following Gobet et al. [33]. He obtained a convergence of order h in time and
used the regression Monte Carlo method to implement his scheme, following always [33].

In our work, we extend the approach of Bouchard-Touzi-Zhang in the general case when g de-
pends also on the control variable z. We wish to emphasize that this generalization is not obvious
because of the strong impact of the backward stochastic integral term on the numerical approxi-
mation scheme. It is known that in the associated Stochastic PDE’s (2.1.1), the term g(u, Vu)
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leads to a second order perturbation type which explains the contraction condition assumed on
g with respect to the variable z (see [63], [59]). Our scheme is implicit in Y and explicit in Z. We
prove the convergence of our numerical scheme and we give the rate of convergence. The square
of the L?- error has an upper bound of order the discretization step in time. As a consequence,
we get a numerical scheme for the weak solution of the associated semi linear SPDE. We give also
a rate of convergence result for the later weak solution. Then, we propose a numerical scheme
based on iterative regression functions which are approximated by projections on vector space of
functions with coefficients evaluated using Monte Carlo simulations. Finally, we present some nu-
merical tests. Compared to the deterministic numerical method developed by Gyongy and Krylov
[37], the probabilistic approach could tackle the semilinear SPDE which could be degenerate and
needs less regularity conditions on the coefficients than the finite difference scheme. However, the
rate of convergence obtained (as the classical Monte Carlo method) is clearly slower than the
results obtained by finite difference and finite element schemes, but of course more available in
higher dimension.

This paper is organized as follows. In section 2 we introduce preliminaries and assumptions and
we describe the approximation scheme for the BDSDE. In section 3 we show an upper bound
result for the time discretization error. In section 4 we give a Malliavin regularity result for the
solution of our Forward-Backward Doubly SDE’s. Then, we show a L?-regularity result for the
Z-component of the solution of the BDSDE (2.1.2) which is crucial to obtain the rate of conver-
gence of our numerical scheme. Section 5 is devoted to the numerical scheme of the SPDE’s weak
solution. In section 6, we test statistically the convergence of this scheme by using a path de-
pendent algorithm based on the regression Monte Carlo Method. Finally, we give some technical
results in the Appendix

2.2 Preliminaries and notations

2.2.1 Forward Backward Doubly Stochastic Differential Equation

Let (2, F, P) be a probability space and T' > 0 be a fixed horizon time. Then, let {W;,0 <t < T}
and {B;,0 < t < T} be two mutually independent standard Brownian motions with values res-
pectively in R? and R!, defined on (Q, F, P). We fix ¢t € [0,T]. For each s € [t, T], we define the
family of o — Algebras

t._ W B
Fei=Fi s VFr

where F = o{W, — Wy, t <r < s}, and ffT = 0{B, — B,,s <r <T}. We take FV = ]—"%,
FB = f(fT and F = FW v FB. When t = 0, we denote the o —algebra F? by F, for simplicity.
Without loss of generality, we assume that " and F? are complete.

We stress that the collection (FY), < s <7 s neither increasing nor decreasing, and it does not
constitute a filtration.

After that, we introduce the following spaces :

o CF(RP,RY) (respectively Cg°(RP,R?)) denotes the set of functions of class C* from R? to R¢
whose partial derivatives of order less or equal to k are bounded (respectively the set of functions
of class C* from RP to R? whose partial derivatives are bounded).

For any m € N, we introduce the following notations :

e H2 ([0,7]) denotes the set of (classes of dP x dt a.e. equal) R™-valued jointly measurable
processes {1y;u € [0, T]} satisfying :

(i) HTZJH]?-]I%L([O’T]) = E[fOT [Yu*du] < oo,

(ii) vy, is Fy-measurable, for a.e. u € [0, T7.
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e S2([0,T]) denotes similary the set of R™-valued continuous processes satisfying :

(i) Hd’”ggn([o,ﬂ) = E[supg < , < TW’U‘Q] < o0,
(ii) vy, is Fy-measurable, for any u € [0,T].
e S the set of random variables I’ of the form :

F=fWha),...,W(hm,), Bk1), ..., B(km,))

with f € CO(R™*+™2 R, hy, ... hyy € L2([0,T),RY), k1, ..., kmy € L2([0,T],RY), where

T T
W (hy) :—/O hi(s)dW,, B(kj) :—/0 k;i(s)dB,.

For any random variable F' € S, we define its Malliavin derivative (DsF')s with respect to the
brownian motion W by

DF 5= 3G (W) Wl J B BlOn) i),
=1

where V; f is the derivative of f with respect to its i-th argument.
We define a norm on S by :

T 1
| F|l1,2 := {E[F?] + E[/O |DF|*ds] }2.

e D2 £ g”'Hl’z is then a Sobolev space.
° S,%([O,T],ID)LQ) is the set of processes Y = (V,,,0 < u < T') such that Y € Si([O,T]), Y e DY2,
1<i<k 0<u<T and

T T T
[V |12:= {E[/ |V, [2du] + E[/ / |\D9Yu||2dud9]}% < 00.
0 0 0

o A 2 4([0,T],DY2) is the set of processes Z = (Z,,0 < u < T) such that Z € HZ, ,([0,T7),
Z7 eD?1<i<k, 1<j<d, 0<u<T and

T ) T T ) 1
ZIha = (BL[ NZPad + B[ [ Doz |Paude)} < oc.
0 0 0

e 3%([0,T],D4?) := S%([0,T],D4?) x M2, ([0,T],D2).

We define also for a given ¢ € [0,7]] :

o L2([t, T],D'?) is the set of progressively measurable processes (vs); < s < 7 such that :
(i) v(s,.) € D2, for a.e. s € [t,T],

(ii) (s,w) — Duv(s,w) € L*([t,T] x ),

(i) B[ [vs|2ds] + E[[;" [ |Dyvs|?duds] < co.

o L2([t,T],DV? x DY?) := L2([t, T],D%?) x L2([t, T],D'?).

For all (t,z) € [0,T] x R, let (X4™)s be the unique strong solution of the following stochastic
differential equation :

dX5 = b(XE")ds + o(XEH)dW,, s € [t, T, X =g 0<s<t, (2.2.1)

where b and o are two functions on R? with values respectively in R? and R**¢. We will omit
the dependance of the forward process X in the initial condition if it starts at time ¢ = 0.
We consider the following BDSDE : For all t < s < T,

F
{ dYD" = —f(s, X0, Y0, 20" )ds — g(s, X", Y2, Z0%)dBs + 23" AW, (22.2)

)
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where f and ® are two functions respectively on [0, 7] x R? x R¥ x R¥*4 and RY with values in
R* and g is a function on [0,7] x R? x R¥ x R¥*? with values in R¥*/,

We note that the integral with respect to (Bs,t < s < T') is a "backward It6 integral" (see
Kunita [49] and Nualart and Pardoux [59] for the definition) and the integral with respect to
(Ws,t < s <T) is a standard forward Ito integral.

Finally, for each real matrix A, we denote by || A| its Frobenius norm defined by ||A|| = (3, . a? )1/

Z‘7j i7j
For a vector x, |z| stands for its Euclidean norm defined by |z| = (3, |2:]?)'/2.

The following assumptions will be needed in our work :

Assumption (H1) There exist a positive constant K such that

|b(z) — b(2")| + [|o(x) — o(2)]| < K|z — 2'|,Va,2’ € R,

Assumption (H2) There exist two constants K > 0 and 0 < a < 1 such that
for any (tla T1,Y1, Zl)’ (t25 T2,Y2, 22) S [OvT] X Rd X Rk X RkXda

(i) [ft, 21,91, 21) — f(to, 2,2, 22)| < K (W[t — ta] + w1 — 22| + [y1 — yo| + |21 — 22]]),
(ii) lg(t1, 21,91, 21) — g(t2,m2,y2,22) ||* < K ([t — to| 4]z — zo)® + |Z/1—?J2|2)+042||Z1—Z2||2,
(iii) |P(x1) — P(z2)| < Kz — 29|,
(iV) Supg <t <T(|f(t707070)| + Hg(t7070>0)”) < K.
Assumption (H3)
(i) be CHRYRY) and o € C(RE,R¥Y)

(i) @ e CHRYRF), f e CE[0,T] x R? x R¥F x R*F RF)
and g € CE([0,T] x RY x R* x RIXk RF*D),

Pardoux and Peng [63] proved that there exists a unique solution (Y, Z) € S([t, T])xHz (¢, T))
to the BDSDE (2.2.2).

Remark 2.2.1. Pardoux and Peng [63] assumed the contraction condition 0 < o < 1 to prove
the existence and the uniqueness results for the BDSDE’s solution.

From [31], [63] and [46], the standard estimates for the solution of the Forward-Backward
Doubly SDE (2.2.1)-(2.2.2) hold and we remind the following theorem :

Theorem 2.2.1. Under Assumptions (H1) and (H2), there exist, for any p > 2, two positive
constants C and Cp, and an integer q such that :

Elsup; < , < p|XE A < C(1+ |2)?), (2.2.3)
t,x r t,x |12 p/2
Blsup <, <V o+ ([ 12671%as)"] < Gyl1+1ap), (2.2.4)
t

2.2.2 Numerical Scheme for decoupled Forward-BDSDE

In order to approximate the solution of the BDSDE (2.2.2), we introduce the following discre-
tized version. Let

mitg=0<t1 <... <ty =T, (2.2.5)
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be a partition of the time interval [0,7]. For simplicity we take an equidistant partition of
[0,T] i.e. h = % and t, = nh, 0 < n < N. Throughout the rest, we will use the notations
AWp =Wy, =Wy, and AB,, = By, ., — B;,, forn=1,...,N.

The forward component X will be approximated by the classical Euler scheme :

XN =Xy,
2.2.6
{ng =XV : (226)

n

It is known that as N goes to infinity, one has supg ¢ ,, « NE| Xy, — X,g7Z|2 — 0.
Quite naturally, the solution (Y, Z) of (2.2.2) is approximated by (Y~, Z") defined by :

VN = &(X7) and Z}\. =0, (2.2.7)

and forn =N —1,...,0, we set
Y = B, [V, + gt O AB] + 1 f (ta, 7)), (2.2.8)
h’Zf{,\j = Etn {}/;]7:[_5_1 + g(tn+17 @il,\;»l)ABn}AW; ? (229)

where
or = (XN, vN, z¥),vyn=0,...,N.

* denotes the transposition operator and E}, denotes the conditional expectation over the o-
algebra ]-"?n.

For all n = 0,..., N — 1, we define the pair of processes (Y, ZM);, < 1<t,,, as the solution of
the following BDSDE :

N_ N fnit N it N \$5& iy
YN=YY 4 [ f(tn,ON)ds +/ g(tni1, ON, VB, —/ ZNAW,, ty <t < tupr.  (2.2.10)
t t t

tn+1

Remark 2.2.2. Equation (2.2.10) is the continuous approximation of the solution of BDSDE
(2.2.2). The sequences (Y )o <n< N given by (2.2.8) and (2.2.10) coincide. In Lemma 2.3.1 we

n

will give the relation between (Z))o <n < n—1 and (ZN )4, < s<tniy-

Remark 2.2.3. For the approzimation of Y\, (2.2.8) is well-defined, indeed Y, (w) is a fized
point of

+gltar, XN YN ZY

tn+1? “tnt1? Ttnta

() = hf(tn, X[ (W), 2, Z () + By, [Vy)

tn41

JABy](w),
which exists and is unique as soon as Kh < 1.

Remark 2.2.4. The superscript (t,x) indicates the dependence of the solution (X,Y,Z) on the
initial date (t,x). To alleviate notations, we omit the dependence on (t,z) of (Y4 Z%*) and
(YNbz ZNLEY qwhen the context is clear.

We note also that in the next computations, the constant C denotes a generic constant that may
change from line to line. It depends on K, T, o, |b(0)|, ||o(0)||, |f(t,0,0,0)| and ||g(t,0,0,0)||.
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2.3 Upper bound for the discrete time approximation error

Fisrt, we define the process Z by

_ tn+1
7, = ;LEtn[/t Zsds],Vt € [tn, tpt1),Yn € {0,..., N — 1}, (2.3.1)

Zy = 0.

Then we give the following property of the continuous approximation ZV which shows that Zt]:f
is the best L%(F;,)-estimate of (Z)s,.

Lemma 2.3.1. For alln=20,...,N —1, we have

v_ 1 LN
Z) =yl 2as) (2.3.2)

Proof. From (2.2.10) we have

tn+1

tni1 tn+1
/ zZNaw, AW, = AW, + / f(tn, ©NYdsAW,
tn tn

tn+1 —
+ / 9(tnt1, 0N 1)dB AW, — YN AW,,.
tn
then

tni1 tn+1
E| / ZNAW AW, = B, [YVN AW, + By, | / f(tn, ©N)dsAW,]
tn tn

tn+1 —
+ Etn [/ g(tn+l, @év_,’_l)stAWn] — Etn [YtJTYAWn]
tn
= By [Y0, AWa] + hEy, [£(t, ©5)) AW,

+ By, [9(tns1, O 1) AB,AW,] — By, [V AW,]
= B, [V AW, + Ei, [g(tni1, O 1) AB, AW,)]

tn41

hzy. (2.3.3)

Here we used the fact that Ytg and f(t,, ©N) are F;, -measurable and then we have
By, [f (tn, ) AW, = By, [V AW, ] =

Now by using the integration by parts formula we have

tn+1 tnt1 tnt1
Ei| / ZNAW, AW, = Ei, / /dW ZNaw,]) + E;, / /ZNdW dWs)
t tn

n TL

tnt1
+ Etn[/ zZNds).
t’!L
Then
tn+1 tnt1
Ey| / ZN AW, AW, = By, | / zZNds). (2.3.4)
tn tn

Equations (2.3.3) and (2.3.4) give that
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O
The next theorem states an upper bound result regarding the time discretization error.
Theorem 2.3.1. Assume that Assumptions (H1) and (H2) hold, define the error
tn+1
Errorn(Y,Z) == supy < s < 7 E[|Ys — YN ] + Z E/ 1Zs — Z}||*ds], (2.3.5)

where YN and ZN are given by (2.2.10). Then

Errory(Y,Z) < Ch(1+ |z]?) +CZ/ El||Zs — Zy,||?)ds

tn+1

+ OZ/E \Zs — Z4,,,1|P)ds (2.3.6)

Proof. For allt € [ty,tnt1), n=0,...,N — 1 we define the following quantities :

0= (X0,Yy, Zy) ,0Y =Y, = Y}, 02)" == 2, - Z}",
5fy = f(t,01) — f(tn, ON), (2.3.7)
0g¢ = g(t,0t) — g(tns1, 9nN+1)-

We have :
tn+1 tnt1 -« tnt1
YN =6y + / 6 fsds + / 8gsdBs — / SZN AWVt € [tn, tns1).
t t t

Using the Generalized It6’s Lemma (see Lemma 1.3, [63]), we obtain

tn+ tn+1 tn+1
|5YtN|2+/ 1625 |2ds — |5V |2 = 2/ (5Y,5N,5fs)ds+2/ (Y™, 659.)4Bs
t t t

tn+1

+

tna1 tni1
/ |5gs||2ds—2/ GV N 5ZN)aW, Wt trsa).
t t

Then taking the expectation, we have

tni1 tnt1
A7 = BV + / 62N |Pds — B[6YN_ 2] = 2 / El(6YYN, 61,)ds
t t

_l’_

tn+1 9
[ Bl lias. @38)
t

From Assumption (H2)-(ii),

tn+1 9 9 tn+1 N 9
/ Ell6g:|2)ds < K1? + K / EIX, - XV s
t t

tnt1 tn+1
- K/t EY, =YY Plds + a2E[/t 1Zs — 27 |[Pds]. (2.3.9)
Using the Young’s inequality, for a positive constant €, we obtain for alln =0,..., N — 2,

tnt1 ) 1 tnt1 _ 9
L[z P < DB 1 2P

tn+1
L o(+oE] / 1Zo,., — 20 |Pds].  (23.10)
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Let Us note that the last inequality is not needed for n = N — 1 , since ng = 0 and then

w N |2 v 2
E[/ 12, — 7] | 2ds] :E[/ |1Z|%ds], ¥t € [tn—1, t).
t t

For alln =0,...,N — 2, we use Lemma 2.3.1, the definition of Z and the Jensen’s inequality to

get
_ 1 tn+2
Bl 2o~ ZXAF] = E[lGBual [ zYar)P].
tn+1
1 2 N 2
< ﬁE |:Etn+1 [H 6Zr dTH ]] .

tn+1

By using Cauchy Schwartz inequality, we obtain for alln =0,..., N — 2
> 1 N2
ElZ6, - 2Y 1] < E[/ 1627 dT] (2.3.11)
h tn+1
Plugging (2.3.11) in (2.3.10) then (2.3.10) in (2.3.9), we get for all n =0,...,N — 2
tn+1 ) ) tnt1 tnt1 9
/ Ell6g:]%1ds < Kh +K/ E[X, — x| ]ds+K/ Y, - YV %ds
t t

1 tn+1 _ tn+
v o1+ 5)0‘2/ Ell|Z. - Zi,,]|%lds + (1 +5)a2/ E[62N|?]ds. (2.3.12)
t

tn+1
The previous inequality becomes trivially for n = N — 1,

tn tN tN
E[||6gs|%)ds < Kh* + K B[ X, — X Plds + K E[)Y, — YN |]ds
t t

t
+ oﬂE[/ 1200 2ds], ¢ € ftn, tn). (2.3.13)
tN-1

We mention that in the rest of the proof, we will omit to treat the case n = N — 1. This case
remains only to replace inequality (2.3.12) by inequality (2.3.13) in the following estimations,
which is simpler to handle.

We set o’ := (1+¢)a?. We choose € such that o/ € (0,1). This is possible since o € (0,1). Then,
we use the inequality 2ab < 1 0‘ a?+ 25 b2 and equation (2.3.12) to obtain for alln = 0, ..., N—2

1—o/
AK [t
R R AGTE

n+1 tn+1
+ K/ E[|X, — Xt+1|]ds+K/ E[lY, - Y,

_ A tnt1
KO‘/ E[|6f,|}ds + Kh?

ds

n+1| ]
) tni1 _ 9 / tn+2 N2
n (1+g)a / El||Zs — Zy,,,,||H)ds + a / E[l|6Z"]1"]ds
t tn+1

Now using Assumption (H2)-(i) in the last inequality, we get

AK [+ N2 1-a 2 st N2
N T Lt [*lds + 7K {h +/t E[|IX, — XN ds

tnt1 tn+1
e [y v [ BNz - 2 Pas)
t

tn+1
um+K/ B[, -

1 9 tnt1 = 2 / tnt2 N2
+ (147 E||Zs - Zt, | P)ds + a E|6Z; ||"]ds
t t

n+1

o1
+ Kh2 + K/t EHXS - t b1 tn+1|2]d8
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Then, by plugging Z;, in the last inequality

tn+1
A < 4K
1—dof

tn+1
+ [ By - v+ [
t t
tn+1

tn+1
+ Kh2+K/t E[IXS—XiZﬂFHK/t E(|Y, =Yy, [Plds

1—a tny1
E[|6YN|?)ds + 4—[(0‘1({}@2 +/t E[| X, — X{'|*ds

tn+1

_ tn+l
Ell|Zs - Z,,|[P)ds + 2 / E[||52Y|?)ds)
tn

1 9 tn+1 _ 2 / tn+2 N2
+ (14 / El||Zs — Zi,,,,||F)ds + a / Elll0Z|"]ds.
t

tn+1

It is well known from Kloeden and Platen [45] that for all s € [t,,, tp+1) and foralln =0,...,N—1
E[| X, - X']’] < Ch and E[| X, - X;Y "] < Ch, (2.3.14)

where C' is a positive constant independent of x and depending on K, T, |b(0)| and ||c(0)]|.
On the other hand, it is easy to check that sup, « g <y . (|Ys — Y2, [* +|Ys — Y2, [*) < Oh(L + |2[?).
This implies that

n+1

EllYs - Y Pl < CLEY: = Yo, Pl + E[|Yey, — Vi), 1)
< C{h(1+ |z + E[6YY [P} (2.3.15)
and similarly we have
EllYs = YYP < o{p(+[a?) + E[6Y )}, (2.3.16)

where C' is a positive constant independent of z.
From (2.3.14), (2.3.15) and (2.3.16), we obtain

tn+l
o< C / BV ds + ChE[6Y,Y,, 2] + CRE[6YN 2] + Ch3(1 + |2f2)

/

tnt1 _ 1— tnt1
L C / Ell1Z - Zy,|P)ds + (A=) / 162N |2)ds
t tn

2

1 2 tn+1 = 2 tnt2 N2
b et [ Bz 2 Plds 4ol [ Bl s (2.3.17)
t

tn+1
where C is a generic positive constant depending on o’ and independent of x.
From (2.3.8) and (2.3.17), we get
Ell6YV]?] < AP+ E[0Y;),, ]

tn+1
= E[SYNP+ / Bl6ZN)%ds

< C/fn+1 E[|6YN2ds 4+ By, Yt € [tn, tni1), (2.3.18)
where we set foralln=0,...,N —2:
B, = E[6YY ]+ ChE[|6YY [*] + ChE[|SY,N[*] + Ch*(1 + |2]?)
w0 [ Bz -z, 0+ 5 [T EsZ P

1 2 tnt1 = 2 ’ tnt2 N2
+ @D [ BNz - Z P+l [ BI6ZY Pids. (23,9
tn

tn+1
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Using Gronwall Lemma, we have
E[|6YN 2] < Bpe®, Vit € [ty tni). (2.3.20)

From inequalities (2.3.20) and (2.3.18), we get for h small enough

tnt1
E[|5YtN]2]+/t El627|2ds (1+ Che®™)B,

<
< (14 Ch)Bp, Vt € [tn, tny1). (2.3.21)

By taking t = t,, in the last inequality, we obtain

tn+1
PSSP+ [ B2 Plds < (1 + Cn{BISVY, P+ ChE]Y) )

2 1 Ck, tn+1 N2
voontaeP) e [ Bz - 2P (50 [T Bz P
tn
1 tn41 B tn42
s e Da [ B2 2 Plds o [ B2 s},
tn tn+1
Then
N2 1—of [+ N2
(1= WISV + 1 = (+Cny ] [ BlI6Z |Plas < (1 + om{Blav,
2 2 fot1 7 (12 1oy [l > 2
+ onlaP)+C [ BIIZ - 2, Plds+ 1+ Da? [ ENIZ - 21, Plds
tn t'"/
tn42
o [ Bz s},
tnt1

For h small enough, we get

tn

1 / tn+1 +2
By + / B0 |?)ds < (1 + Ch){ BNV, P+ [ Ell62Y|%)ds

tnt1 bt
n+
tn 1 1 tn+1 _
+ CR(+af?) + C [ BIIZ — 2, Fds + (4 2)o? [ Bl1Z,— Zi, Plds . (2322)

tn tn

Iterating the last inequality, we obtain for alln =0,...,N — 1

1 ! rtn4a
BV P) + 5% [ BIszY)ds < (14 iV { BSR4+ Ol + )
tn

4 OZ/ (2, - Z,|? ds+cz/ ElZs - Zi,.,|[P)ds

N ALY
+t o [1Z5IF)ds ;-

tN—1

Using the Assumption (H2)-(iii), we get

Blav) )+ L / Bl62 3ds < (1+ Ch)N 1 Ch(1 + [2]?)

tnl

+ cz/ El|Zs — Zi, | ds+cz/ El|Z: — Zi, ., |P)ds
+ 042/ E[HZsH?]ds}. (2.3.23)
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Now we sum up inequality (2.3.22) over n, we get

N-1 1—}-0/ T
> Bl + 5 [ Bz Plas 1+Ch{ZE|5
n=0
N-1 tn+1 tn+1
by on 1 ) +cz/ B(|2, - Z,,|P ds+cZ/ B(1Zs = Zuy.a |1
n=0
) tn 9 tn42 N
+ am] [z} + o / gljoz) |Plds
tN—1 tnt1

tn 2 T
Using that Nh =T and Z / E[|6ZN||}ds = / E[|6ZN|?)ds, we get

tn+1
N-1
1+a [T
S BV + 5% [ Bz s < 1+ o ZE v,
n=0
tnt1 tn+t1
b OR(+ |2 +02/ El||Zs — Z0. |2 ds—i—CZ/ EllZ, - Zi,.,|P)ds

tn
+ aQE[/ ||Z5H2ds]}+(1+0h)a’/0 E)52|)ds

tN—1

Then

o T N-1
ZEléYN! + [ arona] [ Bz < 0+ on{ 3 B,
n=0

tnl

+ Ch(1+ |z|?) +CZ/ E||Zs — Z¢,||? ds—i—C’Z/ El|Zs = Zu,,,||})ds
tn
n azE[/ \|ZS||2ds}}.

tnN—1

We obtain for h small enough
Z E[6Y 2
tn 1

b CR(1+ o) +cz/ Bl||Zs — 7| ds—i—CZ/ Ell|Z, - Z,..|2ds
tn
4 OPE[/ 12.|Pds] }.

tnN—1

1+Ch{ZE|6 NP

Hence, we get

1—d

T N—-1
/ E[162¥|2)ds < (1+ Ch)BoYN 2] + [(1+ Ch) — 1] S B[SV )
0 n=1
— B[SV + Ch(1 + [2f?) +02/ ElZ, - Z,|[P)ds

tn+1 _ tn
S / B2~ Zo, | Phds + ?E] [ 112]Pds).
n=0 “tn tnN—1
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Using Assumption (H2)-(iii) on ®, we get

N-1

1_ / T
o5 [ BUSZYPIds < Oh1+ 1) + Ch Y B6YL
0 n=1
tn 1
" cz/ El\Z, - Zu,|? dswz/ Ell|Z — Zu,.|[2)ds
tN
+ aQE[/ ||Zs|\2ds]. (2.3.24)
tN—1

Summing up (2.3.23) over n, we have

N-1

3 B < Ch(1-+jaf) +OZ/ ElZ, - Z,|[?)ds

nl
+ cz/t Bl Ze — Zo | Plds+C [ E[1Z.|PIds

tnN—1

Plugging the last inequality in (2.3.24), we obtain

tn 1
Ch(1 +af?) +OZ/ E(|Z, - Z,|)ds
N— tn+1 _ tn
+ CZ/ E[|]ZS—Ztn+1|2]ds+CE[/ 1Z||*ds]. (2.3.25)
tn tN—1

Now, turning Back to equation (2.3.21), we have for alln =0,...,N —2
EsY "] < (1+Ch)B

/ bnt2 N2
< (1+oh){ 16V, | ]+a/ El6Z,"|"]ds

tn+1

N2 1—a/ [+ N
= OnBSYY P+ () [ Bllez | Plas

tn+1 _
+  Ch*(1+|zf?) +C/ E||Zs - Z,|P)ds
tn
]. 2 tn+1 4 2
+ (1+ g)a / El||Zs — Ztn+1H ]d3}7Vt € [tn, tnt1)-
tn

Using inequality (2.3.23), we get

tnt1

E[YNP] < Ch(l+|eP) +02/ EllZs - Zu,|P)ds

tnN—1

tny1 _ tNn
Loy / B2 - Ze,alPhds + CE[ [ |1Z.|Pds].
n=0 '

By taking the supremum over t in the last inequality, we obtain

supo < ¢ < ESYN 2] < Ch(1 + [2]?) +OZ/ ElZ — Z,|[?)ds

N-2 tnt1 B tN
+ CY / El||Zs — Zu,,,||})ds + CE[/ 1Zs]|%ds]. (2.3.26)
n=0 “tn tN—1
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Equations (2.3.26) and (2.3.25) give together
n+1
supg < , < B[OV 2] + / E[|62Y |2Jds<Ch(1 + [af2) + C Z / El\Z, - Zi,|Plds
n+1 _ 9 N 9
+C Z/EHZS ~Zy|1Plds + CE[ | ||Zs|]ds]. (2.3.27)
tn

tnN—1

Plugging Z;,, we deduce from Lemma 2.3.1 that

tn+1 N-1 tn+1 _
Z/ 12~ 20 Pas) < CRIY [ 12 2P
=0
1 n+1
+ Z/ 162N|2ds].
n=0

Using the last inequality in (2.3.27), we get

tn+1

supy < 1 <« 7EISYN 2] + B Z / 12, — Z)|Pds) < Ch(1 + [«]?)

+CZ/

which can be written, if we set Z;, := 0

tn 1 tN
E[||Zs — Zs,||*ds +C Z/EHZ Ztn+1‘|2]ds+CE[ HZstds]

tN-1

tnl

tnl

supo < ¢ < 7ENSYY ) + B Z / 12, — Z)|Pds) < Ch(1 + [2]?)

tnl

' CZ/ BliZ. = 2, dS+CZ/EHZ Ziial*)ds (2.3.28)

Remark 2.3.1. BDSDEs theory works well in the L? framework on the full probability space
(Ezxistence and uniqueness for the theorotical solution). Thus, since the time discretization error
is studied on the full space (under the expectation), the analysis works in an analogous way to
the BSDEs case. We need the Ito6 Lemma for BDSDEs and to use the contraction condition in
Assumption (H2). After that, we need to prove Zhang L?-reqularity results for this kind of equa-
tions. However, for the regression error analysis, we need almost sure estimates for the solution.
We send the reader to chapter 4 for more details on this question.

2.4 Path regularity of the process Z

The purpose of this section is to prove L2-regularity of the Z component of the solution of the
BDSDE (2.1.2). Such result is crucial to obtain the rate of convergence of our numerical scheme.
For this end, we need to introduce the Malliavin derivatives of the solution. This will allow us to
provide representation and regularity results for Y and Z that will immediately imply the rate
of our scheme.

We recall that the tools on the Malliavin calculus in the context of BDSDEs were introduced in
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Pardoux and Peng [63]. Pardoux and Peng have skipped details of this part considering that it
is just a natural extension of the works on standard BSDEs (The reader can see [62, 31, 64] for
the BSDEs case). For the sake of completeness, we give some details which are crucial to obtain
regularity result of the process Z and we give some technical proofs in the Appendix.

2.4.1 Malliavin calculus on the Forward SDE’s

In this section, we recall some properties on the differentiability in the Malliavin sense of the
forward process (X&) . Under (H3(i)), Nualart [58] stated that X2” € D2 for any s € [t,T]
and for [ < k the derivative DLX%" is given by :

(i) DLX tx—O for s<r<T,
(ii) For any ¢ < r < T, a version of {DLXY" 7 < s < T} is the unique solution of the linear

SDE
S d S . X
DLXt® = ol (XE®) + / Vb(XL")DLX ] du+ > / Vo' (XL DLXLEdW?
r . T

where (ai)izl,_“’k denotes the i-th column of the matrix o.
Moreover, DL X" € DV2 for all 7,5 < T. For all v < T and I’ < k, we have

DUDLXb" —0if s <vVr,

and for all s > vV r a version of D!’ DL X5 is the unique solution of the SDE :

d
DUDIXE = Vo (XE)DLXI + 3D Vo (XD o<
=1
sk
+ / [ZV((Vb) (XL*)) DY Xt (DLX )] +Vb(X;vf)D§,D§X;’$}du
T j=1

d s k
3 [ [ wT et DD+ Ve Dl
=1 7j=1

where ((Vb)7);j=1, & (vesp.((Vo'(Xi™))7)j=1.. k) denotes the j-th column of the matrix (Vb)
(resp. (Vo'(Xy"))) and ((DLXy")7);=1. 1 denotes the j-th component of the vector (DLX}™).
The following inequalities will be useful later. For the proofs, we refer to Nualart [58| for example.
From Lemma 2.7 in [58] applied to X and D,X, there exists a positive constant C), depending
on p, such that : for all 0 < r < s < T, we have the following inequalities

Bsupy <, < 7D X0 || < Cpl1 + J2 ), (2:4.1)

E[Sups\/r <u< T||D8Xu - DrXqui| < Cp|8 - 7“’(1 + |l‘|p), (2.4.2)
The same argument used for D, DX shows that there exists Cj, > 0 such that

Elsupy < , < 711D, Do XullP| < Cy(1+ ). (2.4.3)

2.4.2 Malliavin calculus for the solution of BDSDE’s

Now, our aim is to study the differentiability in the Malliavin sense of the solution of the
BDSDE (2.2.2). We start with the following lemma which shows that a backward It6 integral is
differentiable in the Malliavin sense if and only if its integrand is so. We recall that Pardoux and
Peng [62] proved that the result holds for the classical Ito integral.
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Lemma 2.4.1. Let U € H3([t,T)) and I;(U) = [ U.dW},i=1,...,d. Then, for each 8 € [0, T)
we have Ug € DY2. if and only if I;(U) € DY2,i =1,...,d and for all § € [0,T], we have

T
DgIZ(U) = / D@UTdWTl + U.g, 0 > t,
0
T .
DyI;(U) = / DoU,dW?, 0 < t.
t

For backward It6 integral, and since the Malliavin derivative is with respect to the brownian
motion W, we have the following result :

——
Lemma 2.4.2. Let U € H3([t,T]) and L;(U) = [ U,dBi,i =1,...,1. Then for cach 6 € [0, T)
we have Uy € DY2 if and only if ;(U) € DY2i =1,....1 and for all 6 € [0,T], we have

T —
DoLi(U) = /DgUrdB,?,6>t,

6

T —
DyL;(U) = /DgUrdB;,Hgt.

t

For later use, we need to prove the a priori estimates for the solution of the BDSDE (see [31]
for similar estimates for a standard BSDE).

Proposition 2.4.1. Let (¢', f1,g') and (¢?, f?,9%) be two standard parameters of the BDSDE
(2.2.2) and (Y'Y, Z') and (Y%, Z?) the associated solutions. Assume that Assumption (H2) holds.
For s € [t,T), set 0Yy := Y} — Y2 Sofs:= fl(s, X, Y2, Z2) — f?(s, X5, Y2, Z2)

and 0295 := g*(s, Xs, Y2, Z2) — g*(s, Xs, Y2, Z2). Then, we have

T T
18V By + 162135 oy < OISV + [ (safPds+ [ IagilPas),  (244)

where C is a positive constant depending only on K, T and c.

Proof. Using the same argument as in the classical BSDE’s setting, one can prove this stability
result for BDSDEs (see El Karoui et al.[31] for the BSDE’s case).

O
Now, we study the differentiability in the Malliavin sense of the solution of the BDSDE which is
technical. To our knowledge, it does not exist in the literature. We have to precise that Pardoux
and Peng [63] have skipped details considering that it was just an easy extension of the work on
standard BSDEs [62]. We show that the derivative is a solution of a linear BDSDE as Pardoux
and Peng [62] did for standard BSDEs, see also El Karoui Peng and Quenez ([31], Proposition
5.3)).

Proposition 2.4.2. Assume that (H1)-(H3) hold. For anyt € [0,T] and = € R?,
let {(Ys, Zs),t < s < T} denotes the unique solution of the BDSDE :

T T - T
Y, = &(X7") + / flr, XE%, Yo, Zy)dr + / g(r, X", Y,, Z,)dB, — / ZpdWy, t < s < T.
S S S

Then, (Y,Z) € B*([t,T],DY?) and {DgYs, DgZs;t < 5,0 < T} is given by :
(i) DoYs =0,D9gZs =0 for allt <s<0<T
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(ii) for any fized 0 € [t,T], 6 < s < T and 1 < i < d, a version of (DY, DyZs) is the unique
solution of the BDSDE :

T
DY, = Ve(Xp")DjXp" + / (Vaf (r X2, Y0, Z0) DX 1" ) dr

S
T d
b [ (Vi X Y 2D+ YV X Y, 2 D
S ]:1

+ Zl: C(Vag(r. X7 Y, Z) DX Vg7 (r, X0, Y, 2,) DY, ) BT
. xgr7r77’77“ <> r ygr7r77’77‘ gLr r

n=1
! T 4 LN — T 4 L .

- Z/ Z(vzjgn(r,x;:w,n,ZT)Dgzg)dBf—/ > Dyzidwi,  (24.5)
n=1"% j=1 5 j=1

where (27)1 < j < a denotes the j-th column of the matriz z, (9")1 < n <1 denotes the n-th column
of the matriz g and B = (B',..., BY).

Proof. See Appendix.

O
The second order differentiability in the Malliavin sense of the solution of the BDSDE will be
given in Appendix.
2.4.3 Representation results for BDSDEs

In this subsection, we will prove a representation result of (Z, DZ) which will be useful to prove

the rate of convergence of our numerical scheme.

Proposition 2.4.3. Assume that (H1)-(H3) hold. Then : Fort < s < T, we have

D,Ys = Zs, (2.4.6)
and
2 2
1Z0g2 ey < O A |2[5) (2.4.7)
Forly,ls <d, t <s<T, we have
DDy, = D27l (2.4.8)
and
IDL 2132 ioryy < C(L+ ). (2.4.9)

Proof. To simplify the notations, we restrict ourselves to the case k =d = 1.
1. Notice that for t < s

YszYt—/ f(r,Er)dr—/ g(r,zr)T&Jr/ Z.dW,.
t t t

where %, := (X", Y, Z,).
It follows from Lemma 2.4.1 and Lemma 2.4.2 that, for t < 0 < s

DiYe = Zo— [ (Vaf(r;S)DaX, + V(S0 DaYs + V.5 (1, 5) Do) dr
0

S ( S
— / (Vzg(r, Y0 ) Do Xy + Vyg(r, X,)DpY, + V. g(r, ET)DQZT)dB,« + / Do Z,.dW,.
6 [
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Then by taking 6 = s, it follows that equality (2.4.6) holds. From (2.8.1), we deduce that (2.4.7)
holds.
2. Notice that for 8 <t < s

Do = DY~ [ (Vaf(rnS)DaX, + ¥, (. ) DaY; + V. f(r, 50 Da2, )dr
t

s — s
- / (Vmg(r, $) DX, + Vyg(r, £,)DaY, + V.g(r, ZT)Dng)dBT +/ Dy Z,dW,.
t t

It follows from Lemma 2.4.1 and Lemma 2.4.2 that, for 0 <t <v < s

DyDyYs = DyZ, — /D V[H f)(r, =) Do (%, dr—/ V£ (r, £,) Dy Dy (%, )dr
- /D Y [Hg](r, £,) Do(E,) B, /VgTZ)D Dy(S,)dB,

+ / DyDyZ.dW,.

Then by taking v = s and ¢t = 0, it follows that equality (2.4.8) holds. We have from estimate
(2.2.4) and inequality (2.4.3), that for each v < T and § < T

T
Elsupi < < 1D, DWY.) + B[ ID.DoZ,ds] < C(1+ ) (2.4.10)
t

and then by taking v = s and t = 6 we deduce that (2.4.9) holds.

2.4.4 Zhang L’-regularity

In this subsection, we extend the result of Zhang [70] which concerns the L?-regularity of the
martingale integrand Z. Such result is crucial to derive the rate of convergence of our numerical
scheme. We start with the following proposition which gives an upper bound for

E[supre[s’u]\Yr — Ysﬂ and E[HZU — ZSHQ}, t<s<u<T.
Proposition 2.4.4. Assume that (H1)-(H3) hold. Then fort < s < u < T, we have

Elsupepe Vs ~Vi2| < CO+[aP)fu— s, (2.4.11)

E[HZU_ZSH?} < O+ |zP)|u—s|. (2.4.12)

Proof. To simplify the notations, we restrict ourselves to the case k =d =1 = 1.
(i) Plugging inequality (2.4.7) in the estimate (2.8.12), the result (2.4.11) holds.
(ii) From Proposition 2.4.3, we have

E[\Zu - Zﬂ < CE[D.Y, — DyY,|?] + CE[|D,Y, — D,Y,|?]. (2.4.13)
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From the definition of the BDSDE (2.4.5), we have

T
DY, — DyY, = V&(X7)(Dy X1 — D X71) + /

u

(Vaf 0. Z)(DuX, = D,X,) ) dr

T
+ / (Vyf(r7 Er)(DuY;' - DSY;') ‘|‘ sz(r, Er)(Dqu - DtZr))dr

T
+ / (ng(r, S (DuXy — DoXy) + Vyg(r, £0)(DuYy — DSYT))CTEZ

T T
n / (V=90 5)(DuZ, DSZT))(JE - / (DuZy — DyZ,)dW,.

u

Applying the generalized 1t6’s formula (see [63|, Lemma 1.3), we obtain
\D.Yr — DYr|* — |D,Y, — DY, |> =

T T
- 2/ Veof(r, ) (DuX, — DsX,)(DyY, — DY, )dr — 2/ YV, f(r,2.) (DY, — DY,)%dr

T
- 2/ V. f(r, ) (DuZy — Dy Z,) (DY, — D,Y,)dr

T —
- 2/ ng(r, ET)(DUXT - DSXT)(DUK” - Ds}/r)dBr
u

T
- 2 Vgl S)D.Y; - DB,

T -
- 2/ V.q(r,S0)(DuZy — DsZ,) (DY, — D,Y,)dB,
u

T
+ 2/ (DyZ, — DsZ,)(D,Y, — DsY,)dW,
T 2
_ /|ng(r, 2)(DuX,r — Dy X2)+Vyg(r, %) (DY — DY;)+V.g(r, 5,)(DyZy — Dy Z,) 2dr
e
+ / |DyZ, — D,Z,|*dr.
From inequalities (2.8.1) and (2.4.1), using the Burkholder-Davis-Gundy’s inequality and As-

sumption (H2), the stochastic integrals which appear in the last equation disappear when we

take the expectation. By Young inequality, we obtain, for &’ > 0

T
E[|D,Y, — D.,Y,|*] + E[/ |\DyZ, — D,Z,|?|dr < E[|V®(X7)(DyX1 — Ds X1)|*]

T
+ 2] / Vo f (1, 2)(Du X, — Do X,)(DyY, — DgY,)dr]
uT
+ 2E[/ V, f(r,2.) (DY, — DsY,)%dr]
uT
+ 2E[/ V.f(r, %) (DyZy — DyZ,)(D,Y, — D,Y;)dr]
u 1 T
+ O+ DB Vaglr S 2ID.X, - D.X,[Pdr]
1

T
+ C(+ g)E[/ Vyg(r, £)?| DY, — DY, [*dr]

T
+ 1+ 5’)E[/ V.9(r, %)% Dy Z, — DsZ,|dr].
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Hence by using Assumption (H2) and Young inequality, we have for £, > 0 and C > 0,

T
E[|D.Y, — DYy |!] + E[/ \DuZ, — DsZ,|?dr] < K*E[|Dy X1 — D X7|*]

T T
+ 2KE[/ |DuX, — DsX,.[2dr] + 4KE[/ |D,Y, — DY, |%dr]
uT K Tu
+ KeE[/ |D,Y, — DY, |*dr] + 8E[/ \DyZ, — D, Z,|*dr]

1 T 1 T
+ CK?*(1+ E,)E[/ |DyX, — DX, |2dr] + CK?(1 + 5,)E[/ |D.Y, — DY, |2dr]

u
T
+ 1+ 5’)a2E[/ \DuZ, — DsZ,|dr].
u

Then, we obtain

T
E[|D.Y, — DsYu|?] + E[/ |DuZ, — DsZ,|?dr] < K?E[|D X1 — D X1|*]

u

1 T
+ K2+ KC(1+ 8,))E[/ |Dy X, — Ds X, |*dr]

1 T
+ (K*C(1+ g) +(4+ 5)K)E[/ |D,Y, — D,Y,|*dr]
T

K
+ (14&)a?+ 6)E[/ |DyZ, — DsZ,|*dr).

u

For ¢ large enough and ¢’ small enough, we have (1 +¢’)a? + g < 1. From inequality (2.4.2), we
deduce that

T
E[IDY, = DY) < C((1+ [2)|u - 5| + E[/ DY, = DY, dr])

u

where C' is a positive constant. From Gronwall’s lemma we have
E[|D,Y, — DsY,|*] < C(1 + |z]?)|u — s]. (2.4.14)

Since (DsYy)s < « < 7 satisfies the BDSDE (2.4.5), inequalities (2.8.12)-(2.4.7) hold for (DsY,, DsZy)s <u < T
and yield

E[|D.Y, — DsYs|!] < C(1 + |z*)|u — 5. (2.4.15)

Plugging (2.4.14) and (2.4.15) into (2.4.13), we obtain (2.4.12).

The following theorem states the rate of convergence of our numerical scheme.

Theorem 2.4.1. Under Assumptions (H1)-(H3), there exists a positive constant C (depending
only on T, K, a, [b(0)], [[(0)]], |£(£,0,0,0)| and |lg(£,0,0,0)[|) such that

Errory(Y, Z) < Ch(1 + |z[?). (2.4.16)

Proof. From the definition (3.3.2), Z;, is the best approximation of (Z)s, < t<t,,, DY Ft.-
measurable random variable in the following sense

tn+1 - tnt1 5
E[/ 1Zs — Z4,||"ds | = iann€L2(Q,J-‘tn)E[/ |1Zs — Znl|"ds
tn tn
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which implies
Bl Zs = Z:,1*) < Bll|Zs — Z4, ).
From Proposition 2.4.4, we have
B||Z: = Z0,|P] < OO +[af)ls — ta] < CR(1+ o),

for all s € [ty,tny1] and 0 < n < N — 1 where C depends only on T, K, b(0), o(0), f(¢,0,0,0)
and ¢(¢,0,0,0). Then

N-1 tri1 B
> E[/ |1 Z, — Zth?ds} < Ch(1 + |z%).
n=0 tn

Similarly, from Proposition 2.4.4 we get

N—-2 tna1 ~
> B [ 112~ ZulPas] < Ona+1aP)
n=0 tn

Finally, using the same argument again, we obtain

tn
E[/ HZSHst} < Ch(1 + |2]?).

tN—1

Then, from Theorem 2.3.1

Errorn(Y,Z) < Ch(1 + |z|?).

O
Remark 2.4.1. One could define the error as follows
—_—— N_1 tn+1
Errory (Y, Z) :=supy < s < v E[[Vs = YV P14 ) E[/ 1Zs — ZN||2ds]. (2.4.17)
n=0 tn
Then, we have
Errory(Y,Z) < Ch(1 + |z|?). (2.4.18)

2.5 Numerical scheme for the weak solution of the SPDE

Most numerical work on SPDEs has concentrated on the Euler finite-difference scheme (see
[38], [39] , [37]), on finite element method (see [69]) and also on spectral Galerkin methods (see
[44] and the references therein). Here, we follow a probabilistic method based on the Feynman-
Kac’s formula for the weak solution of the semilinear SPDE’s (2.1.1) based on BSDE’s approach
(see [9], [53]). We consider a weak Sobolev solution of such SPDE in the sense that u shall be
considered as a predictable process in some first order Sobolev space. Therefore, we shall improve
the convergence and the rate of convergence of the L?-norm error of such solution by using the
convergence results on BDSDEs proved in section 4 and an equivalence norm result given in
Barles and Lesigne [10] and Bally and Matoussi [9].
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2.5.1 Weak solution for SPDE

Since we work on the whole space RY, we introduce a weight function p satisfying the fol-

lowing conditions : p is a positive locally integrable function , % are locally integrable and

2

(1 + |z|2)p(z)dz < oco. For example, we can take p(x) =e~ 2 or p(z) =e 1%, As a conse-
f]R ( |z|*)p P p

quence of (H3), we have /]Rd |®(2)|?p(z)dz < oo, fOT Jga |f(t,2,0,0)|?p(x)dzdt < oo

and fOT Jra lg(t, 2,0,0)?p(x)dzdt < co.

We denote by L?(R?, p(z)dz) the weighted Hilbert space and we employ the following notation

for its scalar product and its norm : (u,v), = [pa u(z)v(2)p(x)dz and |jull, = (u, u) Then, we
define by H!(R?) the associated weighted first order Dirichlet space and its norm ullf rey =

(Jlull? + ”VUO’H%)%. Finally, (.,.) denotes the usual scalar product in L?(R?, dz).

We define also D := C>°([0, T]) ® C2(R?) the space of test functions where C°([0, T]) denotes the
space of all real valued infinite differentiable functions with compact support in [0, 7] and C2(R?)
the set of C?-functions with compact support in R<.

We introduce Hr the space of predictable processes (u;): > o with values in HL (R?) such that

ol = (B [suwo << oul2] + 8] [ 19wolzar]) <o

We say that u € Hyp is a weak solution of the equation (2.1.1) associated with the terminal
condition ® and the coefficients (f,g), if the following relation holds almost surely, for each
peD

T T
/t (u(s,.), Osp(s, .))ds—i—/ E(uls,.),p(s,.)ds + (u(t,.),p(t,.)) — (®(.),e(T,.)) (2.5.1)

T
- / (f(5. s, ), (Vuo)(s, ). o ds+2 / ), (Vuo)(s. ). (s, ))dB:,

where E(u, p) = (Lu, p) = [za((Vuo)(Veo)+ ¢V ((30*Vo +b)u))(z)dz is the energy associated
to the diffusion operator.
From Bally and Matoussi [9], we have the following result :

Theorem 2.5.1. Assume Assumptions (H1) — (H3) hold, there exists a unique weak solution
w € Hy of the SPDE (2.1.1). Moreover, u(t,z) = Y;"" and Z"" = Vuyo, dt @ de @ dP a.e. where
(Kt’x, Zﬁ’x)t < s < T 18 the solution of the BDSDE (2.1.2). Furthermore, we have for all s € [t,T],
u(s, X0") = YO and (Vuo)(s, X0") = ZL* dt @ de © dP a.e.

2.5.2 Numerical Scheme for SPDE

Let Us first recall that (X, Y~ Z¥) denotes the numerical Euler scheme of the FBDSDE’s
(2.1.2) given in (2.2.6)-(2.2.7)-(2.2.8)-(2.2.9). The numerical approximation of the SPDE (2.1.1)
will be presented in the following lemma :

Lemma 2.5.1. Let z € R? and t,, € 7. Define
ug (z) := YtN’t”’x and viv(:z) = ZtN’t""T (2.5.2)

Then ut (resp. vi) N) s ]-"t p-measurable and we have for all x € RY and t,t, € 7 such that t < t,

Uth<Xf;lx) — Y;]:,tw (resp Ut (Xt x) _ Zt]T\lf,t,az).
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Proof. From the Markov property of Y and ZV, the random variables uﬁ and v,{X are .7-"5 T
measurable. From the definition of U{X and U,{X , we have

t,x t,x
¢ Nitp, X% ¢ Nitn, XD

u (Xp5) =Y, "t and vp (XpT) =2, T
tn tn tn tn tn

From (2.2.8), (2.2.9) and by taking (¢,x) = (tn,Xff), we obtain :

Nit,, X5 Nitn X7 o Nitn, X[ Nitn,X["
=B, Y, RE [f(t, Xy, YT 2, )]

tn+1
Ntn, XP"  Nitn,X0" | Njtn, X"
+ Etn [g(tn+17Xt n+1 " }/tn-t—l " ’ Ztn+1 " )ABn]
Nit,, X5 Nit,, X5 Nitn, X5% N, X5% Nitp,XD®
hz, T = B Y, T AW A g, X, T Y, T g

tn41 tn41 tn+1 tn+1

t,
Ntn, X5"

n

Y

)AB,AW?].

Notn, X{0" .
From the flow property, we have X, n = Xt]Z "% then we obtain

Ntn, X"

Nitn,X5H® N, Nitn, X{% Nitn, X"
th n t;v Y n Z n

" ] + hEtn [f(t'na X tn " )]7

Ntz Nitn, X7 N,tn,thx
+ Etn [g(tn“l‘l? th+1a:7 }/tn+1 Zt n+1 ! )AB ]

Nitn, X5 Nt X5H® N, Nitn, X{% Nitn, X"
Wz, T = By Y, T AW+ gty XO0T Y, Tz,

tn+1 tn+1 ) tn+1 tn+1

= E, 1Y,

tn+1

n

JAB,AW?].

Then from the uniqueness of the solution of (2.2.8)-(2.2.9) we obtain the result.

2.5.3 Rate of convergence for the weak solution of SPDEs

We give a norm equivalence result which was already proved by Barles and Lesigne [10] and
Bally and Matoussi [9] when b € CL(R%, R?) and o € CZ(RY R¥9). We note that o can be
degenerated and so we do not assume ellipticity condition.

Proposition 2.5.1. Under Assumptions (H1) — (H3), there exist two positive constants Cy and
Cy such that for everyt < s < T and ¢ € LY (R? x Qp, p(z)dr @ dPp), we have

01/ El|¢(z /E|¢ (X5 02/ E||¢(x)|]p(z)dz. (2.5.3)

Moreover, for every ¥ € L'(RY x (0,T) x Qp, p(x)dr ® dt @ dPp)

leRd/ Bl U (s, 2) dsp(x /Rd/ El[W(s, X')(|dsp(x)dz

< Oy /]Rd/t E[|Y(x)|]dsp(z)dz. (2.5.4)

We recall that u(t, z) = Y,** and v(t, z) = Z}"* dt®@dz @ dP a.e. We define the process (ulY,v]N)

ERRENS-]

as follows :

uN (z) ==YV and v (2) == ZN5% Vs € [tp, tni1). (2.5.5)

s

Using (2.2.10) and following the proof of Lemma 2.5.1, we obtain

Nxbey = y N6 and oM (X5%) = ZN02 Wt < s,t,5 € [tn, tg)- (2.5.6)
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As in Gyongy and Krylov [37], we define the error between the solution of the SPDE and the
numerical scheme as follows :

Errory(u,v) := supgc gTE[/Rd Y () — u(s, z)[2p(z)da]
N-1 -
N(x) —v(s, 2)||Pdsp(z)dx]. 5.
£ e [T e P @s)

The following theorem shows the convergence of the numerical scheme (2.5.2) of the solution of
the SPDE (2.1.1).

Theorem 2.5.2. Assume that (H1)-(H3) hold. Then, the error Errory(u,v) converges to 0
as N — oo and there exists a positive constant C (depending only on T, K, «, |b(0)|, ||o(0)]],
1£(£,0,0,0)] and [lg(t,0,0,0)||) such that

Errory(u,v) < Ch. (2.5.8)

Proof. We take t = ty. From the norm equivalence result (see inequality (2.5.3)),
for all s € [t,, tp+1) such that s > ¢, we have

B[ fug(x) —u(s, )]’ p(z)dz] < CE[/ Jug (X37) = uls, X)) plw)dz],

R4 R4

where C' is positive generic constant. From equation (2.5.6), we get

B[ 10 (@) = uls.a)Pola)da] < € [ BN =0 Plo(a)da.

Therefore Remark 2.4.1 implies that
supy < g <7 EL[ ¥ (@) — u(s,0)Pola)da] < Ch [ (14 o )pla)ds < Ch (259)
Rd Rd

From the norm equivalence result (see inequality (2.5.4)), we have

// o (@) = o5, Ppla)dads]
< ¢ Z wf, [ o (X5) = u(s, XE2)|2p(a)dods].

From equation (2.5.6), we get

1 tn+1
Bl / / [0 (X% — o(s, X1%)|[2pla)dads]
— Re Jt,

N—-1 tra1
- YR / / 120 — 7002 p(x)drds),
n=0 Re St

and so from Remark 2.4.1 we deduce that

/n+1/ W () — v(s, 2)||*p(x)dzds] < Ch /Rd(l +|z))p(x)dz < Ch.  (2.5.10)

From inequalities (2.5.9) and (2.5.10), we deduce that (2.5.8) holds.
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Remark 2.5.1. Gyongy and Krylov [37] considered the following linear SPDE on [0,T] x R,

du(t,z) = (Liu(t,z)+ f(t,x))dt + Z(»CQ,iU(t, z) + g(t, x);)dw}

i=1
u(0,2) =wup € L*(Q, P),
d 0%u(t, z) )
where Liu(t,x) = Z a(t,x)lqm, Lo ju(t, x) szq (t,x) 8xq ,1 <@ < oo and

q
(b(t,1)ig)2 € €2, (t,z) €[0,T] x R, 1 < g < d. They apprommate the SPDE by

dul(t,z) = (LMl (t,2) + f(t,x dt+z (Lh o (t,z) + g(t, 2);)dwi,
=1
choch. i are the approzimation of L1, La; by using finite difference scheme on the space grid Gy,.

Their results revolve to prove the existence of the random process u(j)(t, x),j=1,...,k for some

k>0 s.t.
)(t,x) + R (t, z),

k
ul(t, ) = Z

where w9 is the solution of the SPDE. They assumed that the SPDE is non degenerate and for
m>k+1+ g, the coefficients are m-times continuously differentiable in x. When they used a

]
J

symmetric finite difference scheme and d = 2, the L*-error is proportional to h* where h is the
discretization step in space and by the Richardson acceleration, the error is proportional to h*.
Compared to their work, our scheme is more general. It converges in the non linear case. Our
convergence is of order \/h where h is the discretization step in time. However, our scheme
s expected, as usual for Monte Carlo methods, to deal better than analytic methods with high
dimensional problems.

Remark 2.5.2. If we assume more reqularity conditions on the coefficients and the final condition
as in Pardouz and Peng [63], namely, ® € C3(RY,RF), f € C3([0,T] x R? x R* x R&>** RK) and
g € C3([0,T] x RY x RF x Rk RFXV) [f (V" ZE")y < s < 7 is the solution the BDSDE (2.1.2).
Then, ui(z) = Y"", Y(t,z) € [0,T] x R? is the unique classical solution of the SPDE (2.1.1) in
the integral sense (see [63]). Therefore, we can obtain a stronger result. In fact, the estimation
on the error (2.5.7) obtained in the previous theorem can be replaced by :

T
Esup < ; < rlup’ () — u(t,z)*] + E[/O [0 () = v(t, 2)|[*dt] < Ch.

This last equation gives an estimation which holds for all x € R and which is not only almost
sure anymore. For the Monte Carlo method, we estimate the solution for one point x at time t,
and by varying x and t we obtain the solution u(t,z) on the whole domain.

2.6 Implementation and numerical tests

In this part, we are interested in implementing our numerical scheme. Our aim is only to test
statically its convergence. Further analysis of the convergence of the used method and of the
error bounds will be accomplished in a future work.
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2.6.1 Notations and algorithm

We use a path-dependent algorithm, for every fixed path of the brownian motion B, we approxi-
mate by a regression method the solution of the associated PDE. Then, we replace the conditional
expectations which appear in (2.6.1) and (2.6.2) by L?(Q,P) projections on the function basis
approximating L?(2, 7, ). We compute Zt]X in an explicit manner and we use I Picard iterations
to compute Y;fy in a implicit way. Actually, we proceed as in [34], except that in our case the
solutions Y,V and Z} are measurable functions of (X}V, (AB;), < < N—1). So, each solution given
by our algorithm depends on the fixed path of B.

2.6.1.1 Numerical scheme

For each fixed path of B, the solution of (2.2.1)-(2.2.2) is approximated by (YV, Z"V) defined
by the following algorithm, given in the multidimensional case.
ForOo<n<<N-1:
Vi1 € {1,...,k},

l
mﬁj1 = L, [Y;f]ryﬂdi + I (Xt]X7 Y;SJ:’ ZtJZ) + Zgjlvj(Xt]Zﬂ’Y;ﬁl’ ZtJZH)AB"J] J (2.6.1)

j=1
Vi E{l,...,k} and Vjo E{l,...,d}

!
N N N N N
thn,jlij = Ex, [YthmAW"J? + Z 9jr,j (th+1 ) Ytn+1’ Ztn+1)ABn’jAWn’j2} ’ (2.6.2)
i=1

We stress that at each discretization time, the solution of the algorithm depends on the fixed
path of the brownian motion B.

2.6.1.2 Vector spaces of functions

At every t,, we select k(d + 1) deterministic functions bases (pin(.))1 < < k(a+1) and we look
for approximations of Y;]: and ZtZX , which will be denoted respectively by ¥ and 2, in the vector
spaces spanned respectively by the basis (pj, n(.))1 < j; < & and the basis (pj; jon())1 < ji < k1 < jo < d-
Each basis p;,(.) is considered as a vector of functions of dimension L;,. In other words,
Pin(.) = {a.pin(.),a € Rlin},

As an example, we cite the hypercube basis (HC) used in [34]. In this case, p; »(.) does not depend
nor on i neither on n and its dimension is simply denoted by L. A domain D C R% centered on
Xo=uw, that is D :ngl(% —a, x;+al, can be partitionned on small hypercubes of edge §. Then,
D:Ui1 Dy, iy where D;, i, =(zi —a+i16,x; —a+1i10] X ... X (z; —a+1i4d,x; —a+1iqd].

......

d
Finally we define p; ,(.) as the indicator functions of this set of hypercubes.

2.6.1.3 Monte Carlo simulations

To compute the projection coefficients «, we will use M independent Monte Carlo simulations
of X,V and AW, which will be respectively denoted by )(;]Z’m and AW m=1... M.
2.6.1.4 Description of the algorithm

— Initialization : For n = N, take (y%’m’l) = (@(ngm)) and (z%m) =0.
— Iteration : Forn=N—-1,...,0:
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e We approximate (2.6.2) by computing for all j; € {1,...,k} and jo € {1,...,d}

M m
Mo arginf — 3 [V N B Wiy
Qjyjon = BTN M Ynt1,5: Pt h
@ m=1
m
(xNom NMIye Ny N.M ey Nm ABy AW, m |2
+ Zgjm tu¥ntt K, ) 2 X3, h ~ ®Pjijam

N,M , )
Then we set 2, () = (a%jg,n-pjl,jz,n(-))7 J1e{l,...,k}, joe{1,...,d}.
e We use I Picard iterations to obtain an approximation of Y3, in (2.6.1) :
cFori=0:Vj €{1,...,k}, oMY = 0.

J1,m

-Fori=1,...,I: We approximate (2.6.1) by calculating oM
of :

J”’

S

TN

m:

NMI N N,M,i—1/vN, N,M/y N,
n+1]1 tn+1)+hf]1( tnmayn - (thm)7zn (thm)>

2
2 : Nm NMI N,m N,M N,m m
+ g]lv]( thy1? n+1 (th+1)7zn+1( t +1)>AB apjl,k .

NMI()

Finally, we define y as :

() = (00 pg (), i € {1, k)

2.6.2 One-dimensional case (Case when d =k =1=1)
2.6.2.1 Function bases

We use the basis (HC) defined above. So we set :

dy—d
di =min X3, dp =maxX;" and L = 2
n,m n n,m n 1)

where ¢ is the edge of the hypercubes (Dj;); < j <, defined by D; = |d+ (j — 1)6,d —i—jé),Vj.
We take at each time ¢,

N,m Nmy .
1p;(X3,") = Lar(-1)s.atjs)(Xp, " ) g =1,..., L

and

M N
()= —1p.(X, " ,1<<L},':0,1.
z,n( )) { CaTd(Dj) DJ( tnm) J (3

Card(D;) denotes the number of simulations of X} which are in our cube D;.
This system is orthonormal with respect to the empirical scalar product defined by

<Y1, P2 > = Z% M X)),

' Vj1 €{1,...,k}, as the minimizer
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In this case, the solutions of our least squares problems are given by :

Mo Nm N.M,I (5 N;m AW
al,n - M Z pl 71 yn+1 ( tn+1) h
ABTAW™
N,m N,M,I;+N, N,M, N,
+ g(th$7yn+1 (X ) 20 (thﬁ))inh = }7
M,i P N,M,I P N, N,
O‘O,nZ - M Zp()n ™) {yn+1 (Xt +1) + hf( " yNMl 1(th ™), éVM(th m))

N, N,M,I ;~-N, N,M
+ Q(thrr?,ynﬂ (thf:)vzn—i—l( tn+1)>ABm}

Remark 2.6.1. We note that for each value of M, N and 9§, we launch the algorithm 50 times
0.2, N, M,

O’ )1 < m < 50 the set of collected values. Then we calculate the empirical

and we denote by (Y,

SN,MT - .
mean Yg " and the empirical standard deviation o™ defined by :

50
1
YngMI 02 Yo(?;i?N’M’I and o™V AMT = g |YO$NMI YngMIP (2.6.3)

We also note before starting the numerical examples that our algorithm converges after at most
three Picard iterations. Finally, we stress that (2.6.3) gives us an approzimation of u(0,x) the
solution of the SPDE (2.1.1) at time t = 0.

2.6.2.2 Case when f and g are linear in y and independent of z

{ dX, = Xy (pudt + odW;),

P(z) = -z + K, f(y) =aoy, 9(y) = boy
and we set K = 115, r = 0.01, R = 0.06, Xg = 100, p = 0.05, 0 = 0.2, T = 0.25, d; = 60,
ds = 200, ag and by are fixed constants.

Let Yeupiicit be the solution of our BDSDE in this particular case. By the integration by parts
formula, we get

t t, -
teﬁ?plzczt E[(I)(XTQC)QGO(T ttbo(Br—Bi)= T 2 / ]
At t=0, we have
0, 0, 12
Yo,ea;plicit = E[q)(XTx)e(aO 200)T+b0 Br /‘F(ET]
e(aof%bg)T+boBTE[(I)(X%x)]'
Then, we define Y8 NS the numerical approximation of the solution of the BDSDE in this

N,M,I

case (computed by our algorithm) and o as its standard deviation. In the other hand, we

compute the solution Yy in this linear case by using the explicit formula of the expectation

0,explicit
of ®(X "), as follows

0, —5b3 0, _ 132
ex;l’icit = e(ao b )T—H)OBTE[(I)(XT:B)] = e(ao 3b 0)T+bo Br (K — ﬂj‘eMT).

For ap = 0.5, bg = 0.5 and § = 1
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M ?(O)zxﬁN7M7I (UN’]V[7I> ‘ eglzzlicito_’fg’w’]v’lw’[

explicit

N=20, ye%;licit —13.724| 100 13.910(1.178) 0.013

1000 13.792(0.309) 0.004

5000 13.847(0.117) 0.008

For ag = 0.5, bp = 0.5 and § = 0.5

M ?8zxaN7M7] (O_NJ\/L[) ‘Yeoagzlicito_’fg T ALT

explicit

N=30, yeg;;licit —14.115| 100 14.246(1.045) 0.009

1000 14.195(0.337) 0.005

5000 14.236(0.129) 0.008

2.6.2.3 Comparison of numerical approximations of the solutions of the FBDSDE
and the FBSDE : the general case

Now we take

O(z)=—2z+K,
ftay,2)=—0z—ry+(y—Z) (R—r),
g1(t,z,y,z) = 0.1z 4+ 0.5y + log(x)

and we set § = (u—r)/o, K = 115, Xy = 100, p = 0.05, 0 = 0.2, r = 0.01, R = 0.06, § = 1,
N =20, T = 0.25 and we fix d;y = 60 and do = 200 as in citeG05. The functions gi,g2 and g3
taken in the following are examples of the function g. They are sufficiently regular and Lipschitz
on [60,200] x R x R and could be extended to regular Lipschitz functions on R®. In this case,
Assumptions (H1)-(H3) are satisfied.

We compare the numerical solution of our BDSDE (noted again ?i’x

(noted here by ?2’;’&’7% ), without g and B.

’N’M’I) and the BSDE’s one

When t is close to maturity

When ¢t =0

M | Vo pipp(o™ M) [ YN (N ALy
128 | 13.748(0.879) 15.452(0.948)
512 | 13.827(0.384) 15.534(0.409)
2048 | 13.762(0.223) 15.464(0.240)
8192 13.781(0.091) 15.484(0.097)
32768 | 13.796(0.054) 15.501(0.058)
M | Y pse(e™ ) [ Vi (o)
128 | 14.168(0.905) 17.894(1.096)
512 14.113(0.388) 17.774(0.429)
2048 13.988(0.226) 17.607(0.270)
8192 13.985(0.093) 17.623(0.104)
32768 13.994(0.055) 17.627(0.064)




48 Chapitre 2. Numerical scheme for semilinear SPDEs via BDSDEs

M | Yogspp(e™M) | Vo™ (gMan)
128 15.431(1.005) 13.571(1.146)
512 | 15.029(0.428) 13.173(0.500)

2048 14.763(0.243) 12.885(0.280)
8192 | 14.718(0.098) 12.825(0.106)
32768 | 14.715(0.060) 12.804(0.064)

For ga(y,z) = 0.1z + 0.5y

M ﬁ){Z’NﬁMﬂl(UN,M,I)
128 | 14.767(0.949)
512 | 14.850(0.410)

2048 14.781(0.240)
8192 |  14.801(0.097)
32768 | 14.818(0.058)

Y, ?i)l,:,N,,M,I(UN,MJ)
128 16.267(1.093)
512 16.166(0.428)

2048 16.007(0.270)
8192 16.024(0.104)
32768 16.029(0.064)
When t =0

v ?8,x,N,M7I(O_NJ\/LI)
128 | 13.821(0.063)
012 14.555(1.132)

2048 | 14.176(0.495)
8192 |  13.899(0.277)
32768 | 13.842(0.105)

For g3(x,y) = logx + 0.5y :
When t is close to maturity

—0,z,N,M,T
M Ytlg (O.N,M,I)

128 | 15.452(0.948)
512 | 15.534(0.409)
2048 | 15.464(0.240)
8192 |  15.484(0.097)
32768 | 15.501(0.058)

0,2, N,M,T
M Yt15 (O,N,M,I)

128 | 18.253(1.068)
512 | 18.166(0.453)
2048 | 18.010(0.266)
8192 |  18.006(0.109)
32768 | 18.017(0.065)

When ¢t =0



2.7. Zhang L?-Regularity results under Lipschitz assumptions

49

0 for each path of B

The approximated solution at time t

19.5

25

30

The Number of the time discretization steps

FIGURE 2.1 — The BDSDE’s solution with respect to the number of time discretization steps for
five different paths of B. The figure is obtained for M = 2000 and § = 1.

v ?8,x,N,M,I(O_N’MJ)
128 | 12.071(0.054)
512 | 12.075(0.088)

2048 | 12.122(0.218)
8192 |  12.384(0.381)
32768 | 12.791(0.903)

In the previous tables, we test our algorithm for different examples of the function g (g7 and
g2 are dependent in z, g3 is independent of z). We see the convergence of the BDSDE’s solution
when we increase the number of simulations M.

In figure 2.1, we study statically the main result of this paper. So, we fix all the parameters
(6 =1, and M = 2000 ) and we draw the map of the BDSDE’s solution, for the function g;, with
respect to the number of time discretization steps IN. The solution is computed for five different
paths of the brownian motion B. We can examine there the convergence of our scheme.

We see on Figure 2.2 the impact of the function g on the solution ; we variate N, M and ¢ as in
[34], by taking these quantities as follows : First we fix d; = 40 and ds = 180 (which means that
x € [dy,d2]) = [40,180] and in this case our assumptions (H1)-(H3) are satisfied). Let j € N, we
take apy = 3, B =1, N = 2(v/2)U=1, M = 2(v/2)*»U~1) and § = 50/(v/2)U-DE+D/2 Then,
we draw the map of each solution at ¢ = 0 with respect to j.

2.7 Zhang L?-Regularity results under Lipschitz assumptions

In order to derive the rate of convergence for our numerical scheme, we proved in the subsection
2.4.4 the Zhang L2-Regularity for the martingale integrand Z under strong assumptions on the
parameters. Indeed, to use the Malliavin calculus tools, we assumed that the coefficients of the
BDSDE (2.2.2) are of class C2. The aim of this section is to prove the Zhang L2-regularity results
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" ‘ ' ‘ = BSDE
| BDSDE forgl
+— BDSDE for g2
3 20F |
g
o
= 15§ = EE - -
= i . _
X~ - —_ 3 e T
£ 10} )
2
E sk -
g
g
2
& ok |
_s ! . ! !
1 2 3 4 5 6 7 8 9

The parameter j

FI1GURE 2.2 — Comparison of the BSDE’s solution and the BDSDE’s one : The solution of the
BSDE is with circle markers, the solution of the BDSDE for ¢1(x,y,z) = 0.1z + 0.5y + log(z)
is with star markers and the one for go(y,z) = 0.1z 4+ 0.5y is with cross markers. Confidence
intervals are with dotted lines.

only under standard Lipschitz assumptions on the coefficients of the BDSDE (2.2.2). Thus, we will

be able to derive a rate of convergence for our numerical scheme only under Lipschitz assumptions.
We recall the assumptions :

Assumption (H1) There exist a positive constant K such that

b(z) = b(a')] + o (x) — o(2')|| < K|z — /|, Vz,2" € RY.

Assumption (H2) There exist two constants K > 0 and 0 < o < 1 such that
for any (t1,21,y1,21), (t2, ©2,y2, 22) € [0, T] x R? x R¥ x RF*4,

(i) |f(t1, 21,91, 21) — f(ta, w2, y2, 22)| (\/|t1*t2 +|$1*$2|+!y1*?/2|+\|21*22\|)
(ii) Hg(thﬂfl,3/1,21)-9@2#?273/2722)”2<K(\t1 — to|+|z1— 2o + 1 —12f*) +0?|| 21 — 22| %,
(i)  [®(z1) — (x2)| < Klwy — 22,

(iv)  supg << 7(|f(20,0,0)[ + [[g(t,0,0,0)[]) < K

We introduce the following assumption
Assumption (H2’) There exist two constants K > 0 and 0 < a < 1 such that
for any (t1, 21,1, 21), (t2, 2, Y2, z2) € [0, T] x RT x R¥ x RF*4,

(1) |f(t1, 1,91, 21) — f(t2, @2, y2, 22)| < K (V/[t1 — to| + |21 — @o| + |y1 — ya| + [|21 — 22]]),
(i)  [lg(ts, 21, ybzl) g(t2,$27y2,22)||2<K(|t1 — to|+ |21 — 22| P+ |y1 — 92 ?) + 0P| 21 — 22|,
(i) [P(z1) — (x2)| < Klwy — 22,

(iv)  f(t,0,0) € H2([0 T)) and g(t,0,0) € Hz ([0, T]).

The following lemma will be needed later in our estimations.
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Lemma 2.7.1. Assume that Assumptions (H1) and (H2?) hold and ¢ € L*(Fr). Let © := (X"*)Y, Z)
denote the solution of the following F-BDSDE

Xt =gt / B(XT)ds + / o(XET)dW,, s € [,T] (2.7.1)
t t
s s - s
Ys:§+/ f(u,Yu,Zu)ds—{—/ g(u,Yu,Zu)dBu—/ Z,dW,,. (2.7.2)
t t t

Then we have the following
(t)for all p > 2, there exists a constant Cp, depending on T, K, o and p such that

T T
£:,0.0Pds+ [ lg(s,0,0)1ds
t

(2.7.3)

T P
Blswp <y <oVl + ([ 12%5)"] < coB{jep + [
t t
and

BV, =vilP| < CB{Igl +supg < o < lf(5,0,0)" + supy < , < 7lg(s,0,0)[7ds b|s — !

+ E[(/tsHZuH?du)g] (2.7.4)

(ii)Let ©F := (X&LT Y Z¢) denote the solution of the perturbed F-BDSDE (2.7.1) and (2.7.2)

with coefficients replaced by b¢, 0%, f¢ and ¢°, initial condition replaced by x° and £° as a terminal

value. Assume that b°,0°, f€ and ¢° satisfy Assumptions (H1) and (H2’), that lim0 =z and
£—>

that for fired (x,y,2) in R x RF x RFxd,
: € . 2 € _ 2 _
lim [0°(2) = b(2)|" + [o%(2) —o(2)|” = 0,

T T
dim B{E =67+ [ 10" (s0) — gl 2D Pds+ [ 1755002 = S 2) s} =0

Then we have

: e,t,x t,x
lim E{suptgng]Xs - X

T
2 4 supy < 5 < 7|YE — Y2 +/ 2; - 2,25} =0, (2.75)
e—0 t

O

The following lemma will be useful for the upper bound result on our time discretization error
and for proving the Zhang L?— regularity under Lipschitz assumptions.

Lemma 2.7.2. Assume that Assumptions (H1) and (H2) hold. Then for all p > 2, there exists
a constant Cp, > 0 depending only on T, K, and p such that

1

(E[HZﬁ’me]); < Co(1 + [z[2) ace. s € [t,T). (2.7.6)

In addition, there exist a positive constant C independent from h the time step of our uniform
time-grid such that

t, t,x|2 t, t,x |2
0<£Ln2)§\f—1 {SuptngsgthrlEHYS ‘ _}/tn | ] + Suptngsét’rﬂrlE‘H}/:3 ’ _}/tn+1‘ ]}

< Ch(1+ |z]?). (2.7.7)
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Proof. Fisrt, we consider the case when b, 0, f,g and ® € C’b1 and satisfying assumptions (H1)
and (H2). Let VO := (VX4 VYH? VZ4%) be the solution of the following equations

S S
VXL =1+ / Vob( X5 )VX G du + / Voo (X, ") VX, AWy (2.7.8)
t t
and
T
VY;t’x = V@(X%I)VX%m + / (vxf(?", Xﬁ’x, Y;t’x, Zf,’x)VXi’w + Vyf(ra X1€7x7 }/;‘t7$7 Z;E@)VY;Lx
S
T
+ Vof(r,Xb® Y5 Zﬁ’x)VZf,’x)dT + / (ng(r, Xte yht zbryg XL
S - T

+ Vyg(r, X2, Y0, Z0)VY ) + Vg (r, X107, YT, Zﬁ’wWZﬁ’m)dBf ‘/ VAW 279)

S

Since VX7 is the solution of the SDE (2.7.8), [VX%*]~! is also the solution of an SDE and we
have the following estimation

E[SUP0<t<T|[VX£’x]_1|p] < Cp. (2.7.10)

On the other hand, VY? is the solution of the linear BDSDE (2.7.9). Using estimation (2.7.3),
we get

Elsupg < ¢ < 7| VY [P] < Gy, (2.7.11)

Now, let Us recall the following representation result (see [63], Proposition 2.3),
74 = VYR VXY o (XET), P — a.s. Vs € [t, T). (2.7.12)
Using the Holder inequality, we get

1Z57 1, < VYl V XS] lspllo (X5 [l3p
< Cp(1 4+ |z]?), Vs € [t,T). (2.7.13)

Now the aim is to generalize the previous estimation to Lipschitz coefficients case. So let b, o, ®, f
and g satisfying Assumptions (H1) and (H2) and let b* o% ®*, f¥ and ¢g* smooth molifiers of
these functions. Denoting Z“®* the solution of the F-BDSDE associated to the regular coeffi-
cients, we deduce from (2.7.13) that || Z&" » < Cp(1+]z]?), Vs € [t, T], where C, is independent
from k. Using the stability result (2.7.5) , we get

T
lim E[/ |Zkte _ Zte2gs] = 0. (2.7.14)
t

k—400

We deduce that for a.e. s € [t, T], there exist a subsequence of (Z%4%),, such that i lim zkte = zte
—+o00

in probability. By the Fatou’s Lemma, we get || Z2%||, < Cp(1+ |z[2). Inserting the latter inequa-
lity in estimation (2.7.4), we get the estimation (2.7.7). O

The following theorem states the main result of this section, which is the extension of the Zhang
L2-regularity to our case.

Theorem 2.7.1. Under Assumptions (H1) and (H2), we have the following estimation

N-1 tns
3 E[/ {12, = 20,12 + 1125 = Zt P pds| < Ch(1+ Jaf?) (2.7.15)
ln

n=0
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Proof. Let 7’ : 0 = ty,...,txy = T denote our uniform partitipon of [0,7] with time step h
and 7 : 0 = sg,...,8, = T any partition finer than 7. Without loss of generality, we assume
that s;, = t; for i = 1,..., N. We will prove the theorem for n’. Let ®™, f7 h™ and g™ € C’,}
smooth molifiers of @, f, h and g, such that all the derivatives are bounded by K. We denote by
O™ = (W, Y™, Z™) the solution of the following F-BDSDE :

X§=x+/ bW(X;;)dH/ o™ (XTVAW,, s € [t,T] (2.7.16)
t t

}/8”:<I>(X{,5)+/ f”(u,@”)ds+/ g”(u,@”)r&—/ ZTdW,,. (2.7.17)
t t t

By the stability result (2.7.5), we have

T
lim E{supt<s<T|X§—Xs|2+supt<s<T|Y;”—1g|2+/ |Z§—ZS]2ds}:(). (2.7.18)
t

|| —0

By (2.7.18), there exists a subsequence denoted again by 7 such that lim FE|ZT — Z,|* = 0 for

|| —0

a.e. s € [t,T]. Let Us note that, for s € [t,, tn+1), we have
E\Z, - 2,12 + E\Z, - Z,,, [P < CE{|Z, - 211+ |27 - Z} ]
+o\zr-zn, P} (2.7.19)

By (2.7.18), proving the theorem remains to estimate E|ZT — Z[ |* and E|Z7 — ZZ;+1|2 for
S € [tn,tn+1)~

To this end, we denote by (V™X, V™Y the solution of the linear equations (2.7.8) — (2.7.9) with
coefficients replaced by ®™,b™, ™, f™ and g”.

Using the representaion result (2.7.12) for (Z7), we have

ZT — 7% = VYT [VXT ] 'o™(XT) = VYZ VXD o™ (XT), 8,8 € [tn, tns1)- (2.7.20)

S

Then
27 = Z5P < 3IVYT = VYIPIVXT] TP (XD
+ BIVYJPIVXTT - VXD TPl (XTI
+ 3VYFPIVXI Plo™(XT) — 0™ (XTI (2.7.21)
Thus, we get

Z7-zp P < O{IvYT = VYT PIVATT Plom (XD
+  VYSPIVXTT - VT TPl (X))
VYRV XS PloT(XT) - o7(XE) P (2.7.22)
We conclude by using the Holder’s inequality and the estimation (2.7.7) that
N-1 o
SB[ [ 12 - 27 Pas] < ch1+1aP?),
n=0 n

here we used also the same kind of estimation as (2.7.4) but for [VX™]~! (instead of VY) as it
is a solution of an SDE.

By the same arguments used on E|ZT — ZF |2 (taking s’ = t,11), we conclude that

tn+l

N-1 trt1
3 E[/ 127 ~ 27, Pds] < Ch(L+ [2P).
n=0 tn
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This gives
N-1 trt1
3 E[/ {127 - Z5 P+ |27 - 27, P bds| < CR(L+ [2P?). (2.7.23)
n=0 tn

Using (2.7.19), we obtain

T

Nz: Utnﬂ {’Zs_Ztnfer\Zs—Zth\Z}dé‘} < CE[/t !ZS—Z§\2d3]+Ch(1+\x12). (2.7.24)

Recalling (2.7.18) and letting |r| — 0, we finally get

N n
Z [/t h {12, = 20, +12, = Zu,...]* }ds| < CRO+ |2P?). (2.7.25)

O

Now, we are able to derive the rate of convergence of our scheme under Lipschitz assumptions.
Corollary 2.7.1. Under Assumptions (H1) and (H2), we have

tn+1

Errory(Y,Z) := supg<,<rE[|Ys— YN+ Z / ||ZS—ZtJZ||2dS]
< Ch(1+ |z]?). (2.7.26)

Proof. First we recall that under (H1) and (H2), we have by (2.3.6)

tn 1
Errory(Y,Z) < Ch(1+ |z|?) +cz/ E||Zs — Z4,)?)ds
tn+1
+ CZ/E|Z Zi, 1) )ds. (2.7.27)

Then, as the conditional expectation minimizes the conditional mean square error, we have
tni1 B tn+1
/ E|Z, — Zy,|*ds < / E\Zs — Zy, |*ds.
tn tn
On the other hand, plugging Z;, ,, in the following, we get

tn+1 _ tnt1 _
/ EHZS - Ztn+1 |2]d8 g O EHZS - Ztn+1 |2]d8 + Ch‘EHZt'rH»l - Ztn+1 |2]
tn

tn

By the definition of Z;, +1, Jensen’s inequality and Cauchy-Schwarz inequality, we have for all
n=0,...,N—2

_ 2 1 tn+2 2
E[|Ztn+1 - Ztn+l| ] = EE{‘EtTH»l [/ {Zt'n+l - Zs}ds]’ }
tn+1
1 tn+2 2
< e[z
tn+1
tn+2
< E |\ Zt, 11 — Zs|?ds.

tn+1
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Hence, the inequality (2.7.27) becomes

tn+1

N-1
Errory(Y,Z) < Ch(l+|z]?)+C Z / E||Zs — Zy,|}]ds
n=0

tnt1

N-1
+ C Z/E[[Zs — Zi, 1 [F)ds.
n=0"1tn

We conclude the rate of convergence by using Theorem 2.7.1.

2.8 Appendix

2.8.1 Proof of Proposition 2.4.2.

To simplify the notations, we restrict ourselves to the case k = d =1 = 1. (DpY, DpZ) is well
defined and from inequalities (2.2.4) and (2.4.1), we deduce that for each 6 < T

T
Elsup; < , < p|DaYs|?] + E[/ |DgZs|*ds] < C(1 + |z|?). (2.8.1)
t

We define recursively the sequence (Y™, Z™) as follows. First we set (Y, Z%) = (0,0). Then,
given (Y™~ Zm=1) we define (Y™, Z™) as the unique solution in S¥([t, T]) x Hz, ,([t,T]) of

T T « T
K,m:@(X;xH/ f(r,Xﬁ7$,}§m‘1,Z;”_1)dr+/ g(r,Xﬁ’x,Km_l,Zf‘_l)dBr—/ Zm AW,
S S S

We recursively show that (Y™, Z™) € B2([t,T],D%?). Suppose that (Y™, Z™) € B%([t,T],D"?)
and let us show that (Y™+1 Zm+1) ¢ B2([t, T],D%?).

From the induction assumption, we have ®(Xr) + fsT f(r,2m)dr € D12

We have g(r, ™) € D2 for all r € [t,T]. From Lemma 2.4.2, we have ftTg(T, ET)EZ—BT € D12
then

T T
<__
Y = Blo(XEY) +/ f(r, z;,t")dr+/ g(r, S dB, | FY v Fip| € DY,

where X7 := (XP*, Y™, ZM).
Hence

T T T pa—
/ ZI W, = ®(X5T) +/ f(r,SM)dr +/ g(r, SdB, — Y e DY,
t t t

It follows from Lemma 2.4.1 that Z™ " € M3, ([t,T],D"?) and we have DpY "1 = DyZm+1 =
Ofort<s<fOandford<s<T

DpY"H! = VO(XE") Dy X 5" (2.8.2)
T
4 [ (Taf R EPIDIX, + ¥, . S DY + V. f (. 52V D2 ) dr
sT o
+ [ (Taglr.SIDUX, + Vgl Z)DY + Vgl S Do) 0B,
ST
— / D¢ Z™ AW,

From inequality (2.2.4), we deduce that for each § < T

T
Blsup, < < r|DoYI P4+ L[ D027 Pds) < O+ 1o ).
t
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It is known that inequality (2.2.4) holds for (Y™! Z™*1) and so we deduce that
Y™ iz + 127 12 < oo,

which shows that (Y™*! Zm+l) ¢ B2([t, T],D'?). Using the contraction mapping argument
as in El Karoui Peng and Quenez [31], we deduce that (Y™+1 Z™+1) converges to (Y, Z) in
S%([t, T]) x H2([t, T]). We will show that (DpY™, DyZ™) converges to (Y9, Z%) in L2(Q x [t, T] x
[t,T],dP ® dt ® dt), where Y? = Z9 = 0 for all t < s < 0 and (Y?, 2,0 < s < T) is the solution
of the BDSDE.

Y9 = VO(XE")DeX" (2.8.3)

T
b [ (a0 Z0DOX, VSV 4 V(0,522 ) dr

T
%
+ / (ng(r, Xr) Do X, + Vyg(r, ZT)YTQ + V.g(r, Er)Zf) dB,

T
— / Z0dw,.

From equations (2.8.2) and (2.8.3), we have
T
Doy —v! = [ ((Vaf (5 = Vaf (r5) DX
AV (1, 2 DY, = Yy f(r, £0)Y, + Vo f(r, 27 Dp Z" = V. f (1, Er)Zf> dr

T
%
+/ ((ng(r, XM — Vag(r, Er))DgXﬁ’m + Vyg(r, X" ) DeY,™ — Vyg(r, ET)YTQ) dB,

T pR—
+/ (Va9(r, =) Doz = V.g(r, )2} ) dB,
ST
—/ (DpzZ™ — Z2Yaw,.
S
From Proposition 2.4.1, we have

T
Blsupy < y <1 Da¥;" = YIP)+ B[ Dozt - Z0Par (28.4)

T
<CE[ [ |(Vaf(r=F) = Vaf(r S)DOXE 4 V,F(r SIS =V, (. S
2
dr]
T
ACE[ [ ](Vaglr.S0) = Vag(r S)DuX, + Vyglr SV - Vyg(r 5!

2d’l":| .

—|—sz(7", ZT)Zf - vzf(ra ZT)Zf

+Vzg(rv Z:’n)Zf - vzg(ra ET)ZE

Therefore, we obtain

T T T T
E[/ / |DeY L — YO 2dsdb] + E[/ / |Dpz Y — Z792dsdh]  (2.8.5)
t t t t

T T T T
< C’E[/ / |5,Te|2drde]+0E[/ / o} |*drd],
t t t t

where

Ty = (Vof(rS1) = Vo f (1, 50)) Do X" + Vy f(r, SY — YV, f(r, 5,) Y
+ VSRS Z =V f(r 52, (2.8.6)



2.8. Appendix 57

and

oty = (Vag(r,S") — Vag(r,50)) De X" + Vyg(r, S7MY — Vyg(r, 5,)Y,
+ Vag(r, X2 = V.g(r, %) 7). (2.8.7)

From the definition of (6;"p)¢ < 1,0 < 7, We have E[ftT ftT |5Z‘9|2drd0] <C ftT(Am(H, t,T)+Bn(0,t,T))do,

where
- T
An(®.6.7) = E[ [ |(Taf57) - Tt (.2 DoXt P
-Jt

- T
Bm(G,t,T) i -/t ‘(Vyf(ﬁ ET) - vyf(rv Z;n))}/”e‘gdr}

_ T
B [ V.p5) - sz 20 ]
- Jt

Moreover, since V, f is bounded and continuous with respect to (z,y, z), it follows by the domi-
nated convergence theorem and inequality (2.2.3) that

lm [ An(6,t,T)d6 = 0. (2.8.8)

Furthermore, since V,, f and V f are bounded and continuous with respect to (x,y, z), it follows,
also, by the dominated convergence theorem and inequality (2.2.4) that

T
lim [ Bn(6,t,T)do = 0. (2.8.9)

m—o0 t

From the definition of (p])s < r¢ < T, We have
T T T
E[/ / o} P drdf] < C/ (AL, (0,t,T)+ B.,(0,t,T))do
t t t

with

- T

AL (0.0T) = B / (Vaglr, 57) = Vag(r, 5,)) Dy X1 2ar]
-Jt

- T
B (6,t,T) = E/t (Vyg(r, 20) = Vyg(r, Sm)Y, | *dr]

- T
+ F / ‘(Vzg(r, E?‘) - vzg(T7 ET))Z?‘QCZT‘} .
-Jt

Similarly as shown above, since V, ¢ and Vg are bounded and continuous with respect to (z,y, z)
we can show that :
T T
lim Al (0,t,T)df = lim B! (6,t,T)df = 0. (2.8.10)

m— 00 t m—00 t

Plugging (2.8.8), (2.8.9) and (2.8.10) into inequality (2.8.5), we deduce that
m—r0o0

T T T T
lim E[/ / |DpY™ 1 — YO 2dsdf] + E[/ / | Dozt — Z92dsdf] = 0.
t t t t

It follows that (Y™, Z™) converges to (Y, Z) in L?([t, T], D2 x D%2) and a version of (DgY, DgZ)
is given by (Y?, Z%) which is the desired result. O
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2.8.2 Second order Malliavin derivative of the solution of BDSDE’s

We apply know similar computation to get the second order Malliavin derivatives representation
of the solution of BDSDE ’s, so we will omit the proof.

Proposition 2.8.1. Assume that assumptions (H2) and (H3) hold. We fiz t € [0,T]. Then for
eacht <0 < T, (DY, DyZ) belongs to B2([t, T],D'2). For eacht <v<T and1<1i,j <d,

DIDyY, = DIDyZ" =0, 1 <n<d, ifs <0V,
and a version of (D%DéYS, D%DZ)ZS)WQ < s <7 8 the unique solution of the equation :
D] DyY, = Ty(®) + Ta(f) + Ts(g) + Tu(W),

where

k
Ty(@) = 37 (V)" (X)) DIXE (DXG)™ + V(X5 DI DXL,

ni=1

T k
TQ(f) = / Z <VI((fo)n1 (7“, Xﬁ,x, Y,, ZT>)DZX7€’QC(D§X;’I)”1

ni=1

vV f(r X5 Y, ZT)DngX,é@) dr

i / ( Z Vy((vyf)m (T, Xﬁx’YT’ZT))D%YT(DéY;)m

ni=1

+ Vyf(hXi’x,YraZr)DgDéYr)dr

d T k
S Ve (Vara )™ (1, X52,Y,, 2,)) D3 20 (D272 ™ dr

no=1"v% ni=1

d T
- / Vona f(r, X5%, Yy, 2,)DI D 2% dr,

no=1"9%

l T k
. . —
Ts(9) = Z/ > Val(Vag™)™ (r, X2%, Ve, 2,)) DX (DY X0*) ™ d By

! T
. YA
+ > / Vg™ (r, X5% Y, Z,) DI D) X2 d B
S

nz=1
l T k
n3\n t,x j iy \m T ns
s 3 [N VT X, 20) DI (D) B
nz=1 S ni=1

l T
L ——
+ § / Vg™ (r, X2, Yy, Z,) DI DY, d B
S

nz=1

I d T k
B
N Y Ve l(Vana g™ XE Yo, 2)) DYZ (D 202 B

nz=1no=1 s ni=1

l d
+ >N "y "3 (p, X5 Y, Z,)DI D2 dB
i zn2g s Bp oy Ay Hr )y lg Ly r o

nz=1ns=1
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) == > [ Divjzrawy,

no=1

(29)1 < j < a denotes the j-th column of the matriz z, (§")1 < ny <1 denotes the ng-th column of the
matriz g, B = (B, ..., BY), (DgXﬁ’x)”l is the ni-th component of the vector (D§X£7x), (DjY, )™
is the ni-th component of the vector (DY) and (DyZ"2)™ is the ny-th component of the vector
(D7),

2.8.3 Some estimates on the solution of the FBDSDE

Lemma 2.8.1. Let (b',0') and (b?,02) be the standard parameters of the SDE (2.2.1) with initial
condition x' (resp. x?). We assume that (H1) holds. Put X, = X} — X2, 6bs = (b* — b?)(X})
and dos = (o — 0%)(X]}). Then

1X g2 < C(L+ Jz[?).
For all s1,s9 € [0,T], we have
Blsup,, < < o Xh = X4 1| <O+ (a5 — sal,

and for all s1 < s < so, we have

51,82]

52
16X1530) < C (1! =2 sz = sa| + B[ [ 130+ I ).

51
where C' is a generic constant depending only on K, T, (b*(0),c%(0)) and (b%(0),%(0)).

Lemma 2.8.2. Let (X4 Y1% Z6%) be the solution of the FBDSDE (2.2.1)-(2.2.2). We assume
that Assumptions (H1) and (H2) hold. Then, we have

Iyt

o+ 12990 < C(1L+ [aP), (28.11)
and for all ',s € [t,T],s" < s, we have
Blsupy <, < JVE7 =Y Rl <O((U+ 1aP)ls = 1+ 12 Mgz ). (2812)

Proof. The technics used to prove these estimates are classical in the BSDE’s theory (see El
Karoui et al.[31]) so we omit it.






CHAPITRE 3
Numerical computations for Quasilinear
Stochastic PDEs

3.1 Introduction

We consider the following stochastic PDE, in R?,

dug(z) + [ %Aut(x) + fr(z,w(z), Vue(2)) + divgy (@, u; (), Vg (2)) | dt

- (3.1.1)
+ hy(z, we(x), Vug(z)) - dBy = 0,

over the time interval [0, T, with a given final condition ur = ® and f,g = (gl, e ,gd), h = (hl, e ,hdl)
non-linear random functions. The differential term with dB; refers to the backward stochastic integral
with respect to a d'-dimensional Brownian motion on (Q, F,P,(Bt)e > 0). We use the backward notation
because in the proof we will employ the doubly stochastic framework introduced by Pardoux and Peng
[63].

When h is identically null and g is not, we obtain a Quasilinear deterministic PDE. The latter equation
was studied by Stoica [68], who gave the probabilistic interpretation for such equation. In fact, Stoica
studied a more general case. He considered the equation 3.1.1, but with the elliptic divergence form
operator L instead of the operator %A. The equation he studied was of the form :

(O + Lo)u+f =Y i(ag;) =0, (3.1.2)

4,J

where f and g are given real-valued functions on [0, 7] x R, L is the given by :
&= S0+ 0,

b(z) := (b'(x),...,b%x)) is a vector field and for all i, j, a’’ are bounded measurable functions on R%.
He proved that under uniform ellipticity assumption on the matrix a and if the coefficients f, g, h and ®
are square integrable, the solution of (3.1.2) satisfy the following relation :

up(Xy) — ug(X Z/ Ay (X, )dM? — /fr dr—f/ gr x dX,, (3.1.3)

where (Q, F, (F;)¢, X¢, 0, PT) is the diffusion process generated by Lo in R?, M? is the martingale part
of the component X° of the process and the integral denoted with # is a stochastic martingale expressed
in terms of forward and backward martingales.

When L is symmetric under the probability measure P™ (see subsection ?? for the rigorous definition

of P™), we have :
t —
/ gr xdX, Z (/ gi(r, X, )dM? + / gi(r,XT)dMﬁ> .

Hence, Stoica generalized the BSDE’s method for semilinear PDEs to a quasilinear case, by giving the
interpretation of the term Z 8¢(ai’jgj) in terms of the stochastic integral x.

4,J
When h and g are non-null functions, equation (3.1.1) is a quasilinear stochastic PDE and will be of special
interest in this chapter. The probabilistic interpretation for the SPDE (3.1.1) was given by Matoussi and
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Stoica [54]. They proved also by the mean of a useful change of variable that, when the matrix a is assumed
symmetric, the case when we have £ := Z@i(aé’j) instead of the operator A in (3.1.1) is covered by
2,

their framework. ’
Since we are mainly interested in the numerical resolution of SPDE (3.1.1) by a probabilistic method, let
Us give an overview of the probabilistic methods for PDEs in the literature. In the deterministic PDE’s
case when g = 0 and h = 0, the numerical approximation of the BSDE has already been studied in the
literature by Bally [8], Zhang [70], Bouchard and Touzi [16], Gobet, Lemor and Warin[34] and Bouchard
and Elie [15]. Zhang [70] proposed a discrete-time numerical approximation, by step processes, for a class
of decoupled FBSDEs with possible path-dependent terminal values. He proved an L2-type regularity of
the BSDE’s solution, the convergence of his scheme and he derived its rate of convergence. Bouchard and
Touzi [16] suggested a similar numerical scheme for decoupled FBSDEs. The conditional expectations
involved in their discretization scheme were computed by using the Malliavin approach and the Monte
carlo method. Crisan, Manolarakis and Touzi [20] proposed an improvement on the Malliavin weights.
Gobet, Lemor and Warin in [34] proposed an explicit numerical scheme. When g = 0, h # 0 and it does
not depend on the control variable z, Aman [3] proposed a numerical scheme following the idea used by
Bouchard and Touzi [16] and obtained a convergence of order the time discretization step of the square
of the L?- error. Aboura [1] studied the same numerical scheme under the same kind of hypothesis, but
following Gobet et al. [33]. He obtained a convergence of order the time discretization step and used the
regression Monte Carlo method to implement his scheme, following always [33].

In this work, we explore a probabilistic numerical method to approximate the solution of equation
(3.1.1), which have been studied in particular by Denis and Stoica [28], Denis-Matoussi-Stoica [25, 26, 27|
and Matoussi -Stoica [54].

3.2 Preliminaries and notations

3.2.1 Quasilinear SPDEs : Theorotical aspect

The basic Hilbert space of our framework is L2 (Rd) and we employ the usual notation for its scalar

product and its norm,
(o) = [ urv@ s, ful, = [ @) o)
R4 Rd

In general, we shall use the notation

(NI

(u,0) = /IR w(@)v(z) d,

where u, v are measurable functions defined in R? and uv € L(R9).
Our evolution problem will be considered over a fixed time interval [0,7] and the norm for a function
L? ([0, T] x RY) will be denoted by

T 3
HUJHQ,Q = (/ / U(t,x)|2dxdt> .
0 R4

Another Hilbert space that we use is the first order Sobolev space H'! (Rd) = H} (Rd) . Its natural
scalar product and norm are

1
2
(1, 0) sty = (00) + (Vi V0., ull g2 ey = (Il + 703

where we denote the gradient by Vu(t,z) = (ﬁlu(t, x), -« -, Oqu(t, x))
Of special interest is the subspace F' C L2 ([O, T); H! (Rd)) consisting of all functions (¢, z) such that
t — u; = u(t, ) is continuous in L?(R?). The natural norm on F is

2

T
lully = supg < ¢+ < 7 lluells + (/O ||Vut|2dt>
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The Lebesgue measure in R will be denoted by m. The space of test functions which we employ in the
definition of weak solutions of the evolution equations (3.1.1) or (3.2.1) is Dy = C>([0,7]) ® C2°(R?),
where COO([O,T]) denotes the space of real functions which can be extended as infinite differentiable
functions in the neighborhood of [0,7] and C2°(R?) is the space of infinite differentiable functions with
compact support in R%. Finally, for all m in N, H2,([0,7]) will denote the set of (classes of dP x dt a.e.
equal) R™-valued jointly measurable processes (1,,)o < « < 7 such that ||¢||I%]I$71([O,T]) = E[fOT [V |?du] is
finite and 1), is F,-measurable, for a.e. u € [0,7T], while S2,([0,7]) will denote the set of R™-valued
continuous processes (¢y,)o < u < T such that W’”éfn([o,ﬂ) = Efsupg ¢ 4 < 7|%u|?] is finite and such that

1y, is Fy-measurable, for any u € [0, T].

3.2.2 The probabilistic interpretation of the divergence term

The operator 0; + %A, which represents the main linear part in the equation (3.1.1), is probabilistically
interpreted by the Bownian motion in R¢. We shall view the Brownian motion as a Markov process and
therefore we next introduce some detailed notation for it. The sample space is € = C ([0, 00); R?), the
canonical process (W;): > ¢ is defined by Wi(w) = w(t), for any w € ', ¢t > 0 and the shift operator,
0 : Q — € is defined by 6;(w)(s) = w(t + s), for any s > 0 and ¢ > 0. The canonical filtration
FY = o0 (Wy;s <t) is completed by the standard procedure with respect to the probability measures
produced by the transition function

Pix,dy) = q(z —y)dy, t>0, z¢€ Rd,

where ¢,(z) = (27775)_% exp (—|z[?/2t) is the gaussian density. Thus we get a continuous Hunt process
(Q’, Wi, 0, F, F2, ]P’m). We shall also use the backward filtration of the future events 7} = o (Wy; s > t)
for t > 0. PV is the Wiener measure, which is supported by the set Q) = {w € @', w(0) = 0}. We also set
o (w)(t) = w(t) —w(0), t > 0, which defines a map IIy : Q' — Qf. Then I = (W, Ily) : Q' — R% x Qf is
a bijection. For each probability measure on R?, the probability P* of the Brownian motion started with
the initial distribution u is given by

Pr=T""(peP).

In particular, for the Lebesgue measure in R?, which we denote by m = dx, we have
P =1" (dz®P").

These relations are saying that Wy is independent of Ily. It is known that each component (W,})t >0 of
the Brownian motion, i = 1,--- ,d, is a martingale under any of the measures P#. The next lemma shows
that (W/_,,F/_,), r € (0,] is a backward local martingale under P™ (see [54] for the proof).

Lemma 3.2.1. Let 0 < s < t. If A € o(W}) is such that E™ [[W,]; A] < oo, then one has E™ [|[Wy]; A] <
oo. Moreover, for each B € F, andi=1,--- ,d, one has

E™ WS ANB] =E™ [W/; AN B].

Now let us assume that f and |g| belong to L2 ([0,7] x R?) and u € F is a solution of the following
deterministic equation :

1
Opu(t, x) + iAu(t, x) + f(t,z) + divg(t,z) = 0. (3.2.1)
. Let us denote by
t d t _ t -
/ gr x AW, = Z (/ gi(r, W) dW,. —|—/ gi(r, Wr)dWﬁ) . (3.2.2)
S i=1 S S

Then one has the following representation (Theorem 3.2 in [68])

Theorem 3.2.1. The following relation holds P™-a.s. for each 0 < s <t < T,

t

d t ‘ t 1
up (W) — ug (W) = Zl/ Dty (W, )dW! —/s fr (W )dr — 5/8 gr AW, (3.2.3)
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In [68] one uses the backward martingale M # defined under an arbitrary P*, with p a probability
measure in R%, in order to express the integral f; gr*dW,.. Though formally the definition looks different,
one easily sees that it is the same object. After that, we introduce the quasicontinuity notion, which will
be useful for us to obtain the continuity of the process u;(W;) in Theorem 3.2.4 :

Definition 3.2.1. A function v : [0,T] x R* — R is called quasicontinuous provided that for each ¢ > 0,
there exists an open set, D, C [0,T] x R?, such that v is finite and continuous on D¢ and

P" ({we Q/3t€|0,T] s.t.(t,W; (w)) € D.}) < e.

We note that if a function 1 is quasicontinuous, then the process (v; (W¢))¢ejo,) is continuous.

3.2.2.1 Hypotheses

Let B = (B¢): > o be a standard d*-dimentional Brownian motion on a probability space (Q, FB, IP’). So
B = (Btl7 e ,Bfl) takes values in R? . Over the time interval [0,T] we define the backward filtration
(.FfT)Se[O?T] where F[ is the completion in F” of o(B, — By;s <r <T).

We denote by Hr the space of H'(R%)-valued predictable and ffT—adapted processes (ut)o < + < T such

that the trajectories t — u; are in F as. and
E|lul|% < 0o
[[ull7: < oo.

In the remainder of this paper we assume that the final condition @ is a given function in L2(R%) and
the functions appearing in the equation (3.1.1)

f @ 0,7 xREXRxRY SR,
g = (g91,.,94) : [0,T] x R x R x RY — R?
h (hiyoshar) ¢ [0,T] x R x R x RY — R

are measurable functions . We set
f(,+-0,0) := 1O, g(,++,0,0) := ¢’ = (g?, ...,gg) and h(---0,0):= K = (h?, ...,hgl).

and assume the following hypotheses :

Assumption (H) : There exist non-negative constants C, a, 8 such that

() 1file,9.2) — F(t2y'=)| < Clly—y'| + |z — /)

1
o d 2
(11) (Z]‘l:1|hj,t(ax7yaz)7hj(ta,$7ylazl)‘2) <C\y*y/|+ ﬂ|Z*Z/|,

1

ess d 2
(i) (S 1909, 2) — gilt 2y, 2)1) T < Cly =yl + alz - 2]
(iv) the contraction property (as in [28]) : « + %2 <1

Assumption (HD2)
2 2 2
172015, 11910 + 121l 5 < oo

Assumption (HD2?)
(@) [®(z) - @(2")] < K|z —a'],
(ii) Supgq <t T(|f(t7 Ou 070)| + ‘h(t70707 0)| + |g(t>0707 0)|) < K.

(iii) the contraction property (as in [28]) : a + %2 + %2 <i.
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We recall that a solution of the equation (3.1.1) with final condition ugr = ®, is a processus u € Hrp
such that for each test function ¢ € Dy and any V¢ € [0, 7], we have a.s.

T
1
[ 000 + 5 (Ve T + (92, 9.) s = (@c0) + (un,0)
t

T T
:/ (fsaSDS)ds+/ (th‘PS) ggs
t t

By Theorem 8 in [28] we have existence and uniqueness of the solution. Moreover, the solution belongs to
Hr. We denote by U(®P, f, g, h) this solution. Let £ = Z 9;a'19; be an elliptic operator in divergence
form, with the matrix a = (ai ) R% — R4 x R¢ being symmetrlc, measurable and such that

(3.2.4)

Alef Za” )€l < A€,

for any z,& € R?. If instead of the operator %A in our equation (1) we had the operator £, then the

contraction condition (iv) of hypothesis (H) would be replaced by a+ [3 S (this ensures the contraction
condition as formulated in [8]). Then the time change t — 5 t yields a one to one correspondence betwen

the solutions u of the equation
H
duy + [Lug + fi (ug, Vug) + divgs (ug, Vug)] dt 4 hy (ug, Vug) - dBy = 0,

over [0,T] and the solutions u; = u 2 satisfying the equation
. Lo 2~ o~ e o ~ o =
duy + [2AUt + fi (U, Vauy) + divge (U, Vut)} dt + hy (ug, Vi) - dBy = 0,

over the interval [0,2AT], with the transformed coeficients

f/\(taxayaz)f< tl’y, >aﬁ(t,xayvz)llh(1t"£yv ),
(2A)7 2A

1 .
G =—|g > ' Az |, =1,
gl (t7x7y?z) 2A gl <2At x ya ) + - a (l‘) ZJ Zi ) 1 9 ada

and the transformed Brownian motion B; = (2A)% Byt € [0,2AT]. This can be checked just by
direct calculations using the above definition of a solution. Moreover, if one writes £ in the form Lu =
AAu — div (yVu), where v = (7%7) is a matrix with the enties 4"/ (z) = A6Y —a™ (z),i,j = 1,...,d, then
one has

0<y=Al—-a< (A=MNI,

in the sense of the order induced by the cone of non-negative definite matrices. This implies that one has

[y (@) &l < (A= A)[¢],

for any x,& € R?. Then it easy to deduce that @} (z,9,2) = 3% (gﬁt (z,y,2) + v (x) z) fulfils condition

(iii) of assumption (H) with a constant @ = 3% (a4 (A — A)). On the other hand one can see that h

satisfies condition (ii) with E = ﬁﬂ, so that the condition a + B < A, ensures & + 5 < f, which is
2

condition (iv) of our assumption (H). Therefore we conclude that our framework covers the case of an
equation that involves an elliptic operator like £, because the properties of the solution u are immediately
obtained from those of the solution u. From now on, our aim will be the numerical approximation of
the solution of SPDE (3.1.1) using a Monte Carlo method. Let us stress that the probabilistic numerical
method described here allows us to approximate solutions of equation (3.1.1) by using M Monte Carlo
simulations of the brownian motion W, instead of using a classical Euler scheme to discretize the Laplacien
operator A. Then, we can benefit from advantages of the Monte Carlo method, which is more tractable
in high dimensions and practical for parallel computing.
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3.2.2.2 It6 formula and quasicontinuity property for the solution of the SPDE

In this part, we state some properties of the solution of equation of (3.1.1). These properties will be
useful for us to study the time discretization error (3.3.3). We start by recalling the following result from
[28] (stated for linear SPDE i.e. when f, g, h do not depend on u and Vu) :

Theorem 3.2.2. Let u € Hr be a solution of the equation
1 —
dut + §Autdt + (ft + d’L’Ugt) dt + htdBt = 07

where f, g, h are predictable processes such that

T
|00+l + el e < 0 ana ] < oc.

Then, for any 0 < s <t < T, one has the following stochastic representation, P™-a.s.,

t
W (b, W) = u (s, W) /aurw )W — /fr e [gwaw - /h ). 8B, (32.5)

S

Setting for all t in [0,T], Yy := us(Wy) and Zy := Vu (W), the stochastic representation (3.2.5) can be

written
T

T T

1

Yo = Yy 4 / (W) + 2 / g (W) % dW, + / e (W,) B, — / Z,dW,. (3.2.6)
t t

t

We remark that Fr and FZ o are mdependent under P @ P and therefore in the above formula the
stochastic integrals with respect to dW; and th act independently of ]:O,T and similarly the integral

with respect to c<l_Bt acts independently of Fr .

In particular the process (“t(Wt))te[o,T] admits a continuous version. For this continuous version, we keep
the same notation used in (3.2.6) and we denote it by Y := (Y4),c(0 7y and Z; := Vu, (Wy).

As a consequence of Theorem 3.2.2, we have the following result :

Theorem 3.2.3. Under the hypothesis of the preceding theorem, we have the following results :
(i) One has the following stochastic representation for u?, P @ P™-a.e., for any 0 <t < T,

2 2 T 1 2 1 2
u; (W) — @ (WT) = 2/t [Usfs(ws) - 7‘V’U¢s| (Ws) = (Vus, g5)(Ws) + §‘h9| (W‘i)] ds
T
+ / (urgr)( ) * dW,. — 22/ uTa uT dWl + Q/T (urhr) (W,) .c<l_BT.

t

(3.2.7)

(i) With the notation introduced in (3.2.6), one can write the relation (3.2.7) as

T T T T
Y2 + / | Z,|2dr = |Y7|* + 2/ Y fr (W, )dr — 2/ (Zry gr(W,)) dr + / Y,.g-(W,.) * dW,
t t t

—QZ/YZ”qurQ/ Y, by 4B, +/ |h|2(W,)dr

(iit) One has the estimate

(3.2.8)

T T
BB [(up <o cr ) + [ 122 ds] <c{lolE+ [ URI3+ IoulB+ IblB)ds),  (3:29)
t t
for each t € 0,T].

We note that in the deterministic case, it was proven in [68] that the solution of a quasilinear equation
has a quasicontinuous version. Here we have the same property for the solution of an SPDE as stated in
Proposition 1, [54] :
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Theorem 3.2.4. Under the hypothesis of Theorem 3.2.2, there exists a function @ : [0,T] x A xR? — R
which is a quasicontinuous version of u, in the sense that for each € > 0, there exits a predictable random
set D¢ C [0,T] x Q x R? such that P-a.s. the section DZ is open and u(-,w,-) is continuous on its
complement (DZ)° and

POP™ ((w,w) |3t €[0,T] s.t. (t,w,Wi(w') € D7) <e.

In particular the process (ﬂt(Wt)) | has continuous trajectories, P @ P -q.s.

tel0,T

3.2.3 Numerical Scheme for decoupled Forward-BDSDE

In order to approximate the solution of the SPDE (3.1.1), we introduce the following discretized version
of the assiciated BDSDE (3.2.5). Let m = {tp = 0 < t; < ... < txy = T} be an equidistant partition of
the time interval [0,7] i.e. Ay = % and t, = nAy, 0 < n < N. Throughout the rest, we will use the
notations AW,, =W, ., — W, and AB, = By, — B;,,forn=1,...,N.

Quite naturally, the solution (Y, Z) of (3.2.5) is approximated by (Y, ZN) defined by :
Y = W),z =0, (3.2.10)
and forO<n << N —1,

YN = E, VY

tnt1

1
|+ ANE:, [f(tn, O0)] + 3Bl N 1) AW, (3.2.11)
=+ Etn [h(tn-‘rl’ 8'{;]+1)ABH]7

ANZY = B |V AW 4 h(tni1, O) ) AB AW (3.2.12)
b {0t )+ gltnen, O, ) FAWL AW |,
where
oy = wryN,z)), ¥vn=0,...,N.

* denotes the transposition operator and E;, denotes the conditional expectation over the o-algebra
Fi, =FP Vv ]-"tB;)T.

We define also for all n = 0,..,N — 1, (YN, ZN), < s<t,., as the solution of the following BDSDE :

n41
{ QYN = — f(t,,0))ds — 2{g(t,, ON)AW, + gltus1, O, AW} — h(tusr, ON,)AB, + ZNdW,,
Yti’ ., is given by our numerical scheme.

(3.2.13)
This is the continuous approximation of the solution of the BDSDE (3.2.5). The superscript (¢, ) indicates
the dependence of the solution (WY, Z) on the initial date (¢,z). To alleviate notations, we omit the
dependence in (¢, z) of (Y4®, Z4®) and (YN:t:% ZN:42) when the context is clear.
Notations : For a real matrix A, ||A|| is the Frobenius norm defined by [|A| = (>
For a vector , |z| stands for its Euclidean norme defined by |z| = (3, |z:|?)/2.
In the next computations, the constant C' denotes a generic constant that may change from line to line.

a2 ‘)1/2'

i, 7,

3.3 Time discretization error

In this section, we study the time discretization error of the Euler numerical scheme (3.2.11)-(3.2.12) of
our BDSDEs. First, We give in the following an upper bound for the time discretization error. Then we
give a regularity result which allows us to derive the rate of convergence for our numerical scheme.
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3.3.1 Upper bound for the time discretization error

First, we need the following Lemma, which is a generalization of the Itd formula for BDSDEs given in
[63] :

Lemma 3.3.1. Let ¢ € S([0,77), ¥ € H3([0,T]), v € Hil([O,T]) and ¢, and § € Hi([O,T]) such that :

t t t t t
ct=<0+/ 19sds—|—/ »ysélE+/ ¢des+/ wsdws+/ 5o dW,. (3.3.1)
0 0 0 0 0
Then
t t « t
G2 =Gl = 2/ <<s,195)ds+2/ (457%st)+2/ (Cor bodV)
0 0 0
t t t
+ 2/(Cs,¢des)+2/(<57696<Z—M)+2/(¢Sa¢3)d5
0 0 0
t t t t
b [ [ o [ ppas— [P
0 0 0 0

Proof. Following [63], we write

|Cti+1 - Ct'i ‘2 = (CtH»l - thgtwrl - Ctz)
Ctlurl |2 - (CtH»l - Cti7<ti)'

tit tit1 ¢ tit1
2(<ti+1 - Ctm(ti) = 2/ (Ctm ﬂs)ds + 2/ (Ctia'stBs) + 2/ (Ctu d)des)
ti ti t;
tit1 tit1
+ 2/ (Ctm 7stdvvs) + 2/ (Ct“(sdes)
t t

i i

tit1 tit1 — tit1
. / (Cous9s)ds +2 / (Coorrs1sdBy) +2 / (G, bV
t

i ti t;

tit1 tiy1 — tita —
+ 2/ (Cti? wdes) + 2/ (Cti+1 ) 6SdWS) - 2/ (Cti+1 - Ctp’stBs)

t; ti

i

tit1 -
- 2/ (Cti+1 - Cti;(sstVs)-
t

On the other hand

|Cti+l -

6l = 1 ot [T oanp e [T oa
+

tit it1 tit1
o a1 / 5. AW, + 2 / ouds, [ )
t t

i i i

tit1 tit1 tit1 tit1
+ 2(/t ﬁsds,/t hsdWs) —l—2(/ Vsds, ) YsdWy)
t

tit1 tit1 tivr tiy1
n 2(/t ﬁsds,/t 65dWS)+2(/t ~5dBs, bsdWy)

i i i ti

tir1 tiy1 tig1 tit1
+ 2(/ YsdBs, YsdWs) + 2(/ 786<E7/ 566<i—m)
t t t

i t; i i

tit1 tit1 tit1 tit1 -
+ 2(/ ¢sdW, ) s dWs) +2(/ ¢SdWs,/ 0sdWy)
t; i t; t;
tit1

tita
+ o wsd%/ 5,77).
ti

tq
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Using that
tit1 «— tit1 i+1 <_& tit1 «— tit1 «—
2 [ G omiB) = ([ s [ i o[ i [ )
t; t; t; t;
tita tit1 (_ tita tivr
- 2(/ ¢de87 Vsst ( wdem/ Vsst)
t; t; t;
it+1 i+1
1 / 5o dW,, / 7,dB,)
and
tig1 -« tit1 tit1 tiv1 o tivy o
—2/ (Cos — G 8olV) = —2(/ ﬂsds,/ 6des)—2(/ %st,/ 5, 7)
t; t; t; t; t;
tiy1 tip1i+1 tit1 i+l
= o oaw [T ) wsdws,/ 5.37.)
t; t;
it1 i1
— 2/ 0 dWs,/ Os dW
we get

|<ti+1|2 - |<tL 2

tit1 tit1 PR tita
= 2 / (o 9)ds +2 / (Covvrs s dB) + 2 / (Cos oY)
t t

bi t; i

tit1 tit1 «—
s [T w2 G o)
ti t

tit1 tit1 ' tit1
+ |/ z9sds|2+|/ G5 dW|? + | psdW,|?
ti ti

1

tita tit1 tita1 tit1
.Y / oudW,, [ wudiW) + 2 / 9, ds, / 6. dI,)
t t t

i ti i i

tit1 tit1 tit1 tit1
+ 2(/ Vsds, YsdWs) — 2(/ 63%7/ %m)
t;

t; t;

i1 tit1
— |/ vsdBy|* — / |6,dW,|2.

Finally, we can write

|<ti+1|2 - |CtL 2

tit1 tiv1 ¢ tit1
2/ (Ctm’lgs)ds_'_Q(/ Cti+1775st) +2(/ Ctiv'(/}des)
t t

i t; i
tit1 tit1 ¢
+ (/ Ct,:awdes) + 2(/ Ct1+1 ) 5€dWs)
ts t;
tit1 tit1
+ $sdW|? + | s dW |2
t'i t'i
tit1 tit1 tita ) tita1 )
+ 2(/ bedWe, [ wdwW) =1 [ edB 24| [ AW i,
t; t; t; tq
where Zﬁ\:}l pi —> 0 in probability, as sup,|t;+1 — t;| — 0. ]

The next theorem states an upper bound result regarding the time discretization error. First, let Us
define the process Z by

_ tnt1
Zt %Etn [/ ngs},Vt € [tn,tn+1),Vn S {0, e 7]\7 — 1},
t

. (3.3.2)
Zy, = 0.
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Theorem 3.3.1. Assume that Assumptions (H) and (HD2’) hold, define the error
Errorny(Y,Z) = supy<,<rE"E[Y: = YN (3.3.3)
N-—1 tni1
v ErE(y [ iiz. - 2Pas),
n=0 /tn
where YN and ZN are given by (5.2.13). Then

N-1 Lttt B
Errory(Y,Z) < CAN+C ) / E™E|||Z — Zs, ||} ds
n=0 ’tn

N-1 oty B
+ Oy / E™E|||Zs — Z,, ., |*|ds}. (3.3.4)
n=0 tn

Proof. We first define the following quantities :
0s = (X5, Y5, Zs),Vs € [tn,tny1),Vn=0,...,N — 1.
Vs € [tnytnt1),Vn=0,...,N —1:
YN =Y, -YN, 6z)N =2, - ZV,
fe = f(t.00) — f(tn, ©F),
591,15 = g(tv et) - g(tnv 65)7 (335)

8924 1= g(t,0¢) — g(tnt1, 0N, 1),
Shy i= h(t,0;) — h(tni1,ON, ).

From the definition of §Y¥, we have

1 1
SYN = 6f.dt — hodB, — 509150, — iagz,séfmz +8zNaw,, (3.3.6)
Using the generalized Ito Formula given in Lemma 3.3.1 , we have Vt € [t,,, tnt1)
tn41 tn41 — tn41
D N ) ARG AT O RN R AR RO AR
t t t

tnt1 ¢ tn+1 tnt1
+ / (YN 8ga s dW,) — 2 / (YN 62N dw,) + / (6ZN 591 4)ds
t t t

tnt1 1 tn41 tnt1 1 tnt1
+ / |6hs|?ds + 7/ |6g2.s|%ds — / 162N 2ds — 7/ |6g1.|%ds.
t 4 /i 7 t 4 /i 7
Then, tacking the expectation, we get
tnt1
AT = E™E|SYN? +/ E™E|§Z) |*ds — E"B|6Y,Y |7
t

tnit tni1 tni1
= 2/ EMEYN,6f)ds +/ E™E(SZYN 5g1.5)ds +/ E™E|5h,|*ds

t t t

1 tn+1 1 tn+1

+ Z/ E™E|6g2 s|*ds — Z/ E™E|6g1 |*ds. (3.3.7)

t t

After that, we have

tn+1

tnt1
2/ EME(6ZYN 5g1.4)ds < 2/ E™E(6ZY],1691.4])ds
t t
tni1
< 2/ EE(02Y),CIW, = W| + CIY, — Y| + | Z, — Z|)ds
t

tn+1 tn+1
<ac / E™ (52N, W, — W |)ds + 2C / EmE(52Y), |V — YV |)ds
t t

tnit B tnt1 _
+2a / E (62,12, — Z,,))ds + 20 / B E(6ZY,1 2, — 2 |)ds
tn tn

atcezy [ Ermszipas+ - [ Erpw W a2 [T By, - v
< Ra+Ce(Z / E™E|6Z, ds+—/ EME\W, — W, ds+—/ EME|Y, — Y, |“ds
tn e(Z) Jy o e(Z) Jy o
«

tnt1
— E™E|Zs — Z, |*ds,
=G / s = Zr s
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where £(Z) is a positive constante which will be specified later.
Plugging Y; , we get :

tnt1 C tn+1 C tn+1
2/ EME(6ZYN 5g1.4)ds < —/ EME|\W, — W |?ds + —/ EME|Y, — Y, |?ds
t t t

e(2) e(2)
+ LANEmeYN‘z + 2o+ Ce(2)) /tn+1 E™E|6ZN|%ds + c /t"+1 EME|ZN — ZN|2ds
e(2) o tn ° e(Z) Ji ’ o
(3.3.8)
From the assumption (H), we have
tnt1 n+41
/ E™E||6h,[2)d 0/ EEW, - W [2lds
(3.3.9)

tn+1 tn+1
+C/ Y. =YY || ]ds+(1+5)ﬂ2EmE[/ |Z, — ZN
t

tni1

?ds].

where € is a positive constant.
We plug Z;, .. in the following and we use the Young’s inequality, with a positive constant €, (to be
specified later),

- tnt1 N 12 1 - trnt1 _ )
E E[/t Zs — 2} Pds] < (1+a)E E[/t |Zs — Z4,,,.|°ds]

tnt1
+ (1 + El)EmE[/ |Ztn+1 n+1| ds]
t

n

Using the definition of Z; we get

n+1"?

n+1|

tn41 9 1 tnt1 _ 9
EmE[/t |Zs — Z. ds] < (1+ g)EmE[/t \Zs — Zy, ., |*ds]

tnio
+ (1+51)EmE[/ 02 |2ds].

tnt1

Now we plug the last inequality in (3.3.9) then insert Y;, ., to get

n+1

tnt1 tnt1 tnt1
/ E™E[|5h,|?)d 0/ EME[|W, - W[ | ]+C/ E™E[|Ys — Y, |*)ds
t t
tnio
+ CANE™E[6Y,Y [P+ (1+a)(1+51),82EmE[/ 62 |?ds] (3.3.10)
tnt1

1 tnta _
vros D [ BBz - 2, Plas
1 t

The same arguments give us

tht1 trnt1 tn+t1
/ E™E[|6g2.s]ds < 0/ E"E[[W, - W[ ? ]ds+C’/ E™E[|Ys — Y, [*)ds
t t t
tnio
+ CANE™ B[SV, ]+(1+53)(1+64)a2EmE[/ 62 ds] (3.3.11)
tni1

1 tnt1
+re)ts 2)a? [ ENEZ, - 2 Pl
4 t
and

tnt1 tnt1 tnt1
/ EME[|5g1[2)ds < 0// EmE(W, - W 2)ds + c’/ EME[Y, — Y, [2]ds
t t t

tnt1
+C'ANE™E[SYN ] + (1 + 55)a2EmE[/ 02 |2ds] (3.3.12)
t

n

tnt1 B
+(1 +55)a2/ E™E|(Zs — Z, |*]ds
t

n
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We remind that
E™E[[W, — W[’ < CAy and E"E[|W, - W} )] <CAy (3.3.13)
and
ETE[Y, =Y, PI < C{E™E[Y, = Y, ,[)| + E"E[|Y:,,, — Y2, 1} (3.3.14)
< C{Ay + EmE[oYY, )}, B

where C' is a positive constant.
Plugging inequalities (3.3.11), (3.3.10) and (3.3.8) in (3.3.7) then using estimations (3.3.13) and (3.3.14),
we obtain

tn+1 tnt1 tnt1
AT < 2/ EmE(cSYSN,éfs)ds—i—/ EmE(éZév,égLs)ds—k/ E™E|6h,|*ds
t t t

1 trnt1 1 tny1
b3 [ B Egas - [ BB Pas
1), : 1), ’

tn+1 tn+1
<2 / EmEGYXN,8f,)ds + (a + Ce(2)) / EMESZY Pds + CAN(1+|22)  (3.3.15)
t tn

2

tn+2
+ CANE™ YN+ {(1+ )1+ 21)B2 + (1 +e3)(1 + 54)%}E[/ 162 2ds]
tn+1

tn+1 _ tn+1 _
+C E™E(|Zs — Zy, |*]ds + C/ E™E(Zs = Zy,.,|*)ds + CANE™E|6Y,Y | |?
t

tn

where C is a generic positive constant depending on £(Z) and independent from z.
We set I, := (a + Ce(Z)) and I := {(1 +e)(1+e)f+ (1+es)(l+ 54)%2}. Since (215 + I§) €]0, 1],
1— (215 + I§)

in the last estimation to get,
AC &

we can use the inequality 2ab <

1 (20F +15)

n L
Al S 4C

4 tnt1
¢ ) / E™E|SYN ?ds +
t

tnt1 9
S E™E|5f,|2d
1— (205 + 13 /t [0f:7ds

tni1
+I: / EME[§ZY Pds + CAN(L +|z|?) + CANE™E|SY;Y | + CANE™E|5Y,N |?
t

tn+1
tnt2 trnt1 _ tnq1 B
+ IgEmE[/ 162N [ds] + c/ EME||Zs — Zy, |*)ds + C’/ EME\Zs — Zy,,,|?ds.
tni1 tn t
(3.3.16)
From the hypothesis (H), we have
tn+1 tn+1 tn+1
/ E™E[|6f|*)ds < c/ EME|W, — W [Plds + C/ EME[Y, — YN [*|ds
t t t

tn

+ C/ EME(|Z, — Z)|]ds
t

frts N2 frts 2 N 2

< C/t E™E[|Ws — W{'|"]ds + C/t EME[Ys =Y, ["lds + CANE™E[[0Y;,, | |7]
tnt1 _ trn41 B (3317)

+2C E™E||Zs — Zy, |*]ds + 20/ E™E(|Zy, — Z} *)ds

tn t

tni1
< CAN + CANE™E[SYN ] + 20/ E™E[6ZN|*)ds
tn
tn+t1

+2C E™E(|Zs — Z, |*)ds
t
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Plugging the last inequality in (3.3.16), we get

trnt1 1—1I¢ tnt1
AT < c/ E™E|SYN|2ds + Tﬂ/ E™E|§ZN|2ds
t t

n

tnt2
|+ CANE™E|SYN|? + I;EWE[/ 162N ds]  (3.3.18)

tnt1

+ CAN(1 + [z|*) + CANE™E|0YY

tnt1
t"+1 _ tn+1 _
+ C/ E||Zs — Z;, |?|ds + C’/ E™E(|Zs — Zy,,,|*)ds
tn t
From (3.3.7) and (3.3.18), we have

E™E|5Y,V 2] < A7 + EmE[5YY,, ]

tnt1

tnt1
:EmE[|6YtN|2]+/t E™E[62.)]?)ds (3.3.19)

tna1
< 0/ E™E[|6YN?)ds + By, Vt € [tn,tni1),
t

where we set for alln=0,...,N —2:
B, = E"E[6Y, [+ CANE™E[0YY, |’ + CANE™E[|0Y )] + CAX (1 + |2f*)
tn+1 B 1—1I¢ tn+1
+ C E™E(|Z, — Zy, |]?)ds + —2 / E™E[||62ZN2)ds
tn tn
frts > 2 fve N2
+ [ BNz~ 2P+ 15 [ BT B2 Plas.
n n+1
Using Gronwall Lemma, we have
EME[0YN)?] < BpeC2N, YVt € [ty tni1). (3.3.20)

From inequalities (3.3.20) and (3.3.19), we get for Ay small enough

tnt1
E™B|oY ] +/ E™E[|62ZN|2ds < (1+ CAxeP2¥)B,
‘ (3.3.21)

< (1 + CAN)Bn, YVt € [tn,t7L+1).

By taking ¢t = ¢,, in the last inequality, we obtain

*] + CANE™ E[|0Y;) ]

tnt1

tn+1
oYY P+ [ BBz s < (1+ can){ B E(ovY
tn

v ooatrc [ BBz - 2 Fds + = [ B EazY) 2
; = 2, Plds + 11622 PJds
tn t

tnt1 _ tny2 ’
+ C’/ E™E[|Zs — Zy,,,|"lds +I;/ EmE[||52;V||2]ds}.
tn tnt1

Then

5, [ N2
[ B ez s
t

(1-CAN)ETE[SY, NP+ [1 — (1+CAp)

n

tnt1 _
< (1 CAN{EmEOYY [P+ CAY + C [ B2, - 24, |Plas
frts > 2 i N2
+ o Bz -2, ]dsug/t B2 |P)ds ).
n n+1

For Ay small enough, we get

N, LHIE N2 N |2

oY)+ 52 [ Bz s < 1+ Can) {Em B8V ]
tni2 tnt1 _

+ I / E™E[|6ZN||)ds + CA% + C E™E||Zs — Zs,

tn+1

tn

*lds (3.3.22)

tnt1 B )
+c | E™E||Z. - Z,.,| ]ds}.

tn
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Iterating the last inequality, we obtain for alln =0,..., N —1

1415 [int
oY)+ =2 [ EmElI6ZY |Plds < (1+ CAn)¥ B B8] + CA
tn
+ C’Z/

+ @+ [ sz,

n+1 n+1

E"E||Zs — Zy |I? ds+CZ/ E™E|||Z, —

Zt,1|P)ds

Using the Lipschitz condition on ®, we get

1415 [inn
EME[SYN?] + T/ E™E[6ZN||*]ds < (1 + OAN)N—l{CAN
tn
tn+1 tnt1
+C Z / E"E|||Zs — Zy, ||2lds + C Z / E™E|||Zs — Zy,,.,|*lds (3.3.23)
tn tn
012 tN
v @+ ) [ Bl ZIPs)
tN—1
Now we sum up inequality (3.3.22) over n, we get
N-1
1415 (T
> BB+ =5 [ B ElazY s < 1+ Can) Z B EllovY )
n=0

tn+1 tn+1

E™E|||Zs — Zy |2 ds+CZ/ E™E||Zs — Z
tn

i 71ds

+ ZCA?VJrCZ/t

tN N-2 tnt2
4 (62+%)E’”E[/ 1Z,]1%ds] } + (1 + CANIS Z/ ETE[[02.|)ds
n=0

tN—1 tnt1

T
Using that NAy = T and Z/ EmE[|52N|2]ds —/ EmE|52 [2]ds, we get
tnt1 t1

N-1

1415 (T
m N |2 B m N2 m
S BBy [ ez s 1+0AN{2E BISY;Y,, P

+ CAN+CZ/
tn
T

tN
+ (52+%)EmE[/ ||Zs\|2ds}}+(1+CAN)I§/O E™E[|02.)]*)ds

tnt1 tnt1

E™E|||Zs — Zy, |? ds+CZ/ E™E|||Zs — Zy,,,,|[*)ds
tn

tN—1

Then
N-1 1 +Ig T
S BBV P) + [ - (14 CAN)Tj) / EmE[62Y |2)ds
n=0
N-1 tna1
< @roan{ Y BBy, 2+ 0+ C Z/ E"E||Z, - Z,,|[*)ds
n=0 tn

n+1 tN
+ CZ/ E™E[||Zs — Ztn+1||2}ds+(62+%)EmE[/ |\ZS||2ds]}.

tN—1
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We obtain for Ay small enough

N-1
1—]¢ T
m N2 B m N 214 m
DGR A AT 1+0AN{ZE B, P
tn+1 tnt1
+ CAN+CZ/ E"E|||Zs — Zy,||? ds—i—CZ/ E™E||Zs — Zi, ., |Plds

n=0

+ @ DEa [ iz}

tN—1

Hence, we get

1—-15 (T =
2 [ Em Bz PIds < (14 CANE™EISY P+ [(1+ Cax) - 1] 3 E"E[SY2 P
0 n=1
tn+1 _
- EME[SYY ]+ CAN+C Z / E™E|||Zs — Zy,||*]ds
n+t1 2 tN
S / B E||Z,~ Zu,, |Plds + (5 + SB[ [ |1Zi|Pas)
n=0 tN—1
Using the lipschitz on ®, we get
1-1I5 (7 N 214 =y N2 bt 5 112
5 / E™E[|62)|*)ds < CAy + CAy > E™E[I5YN?] + C Z / E™E[||Zs — Zy, ||?]ds
0 n=1
tn+1 tN
+C Z / E™E||Zs — Zy,,,,|[*)ds + (8% + )EmE[/ ||ZS\|2ds]
tn tN—1
(3.3.24)
Summing up (3.3.23) over n, we have
N—-1
Ay Y EME[SYN]P < CAy+C Z/ E™E|||Zs — Zy,||*]ds
n=0
n+1
e Z / BB~ Z s+ 0 [ B BlIZIs
Plugging the last inequality in (3.3.24), we obtain
1-15 (T nt1
52 [ EmEsZY Plds < CAx + C Z / 7 E||Z, - Z,|Plds
0
(3.3.25)

n+1 tN
+OZ/ E™E|||Zs — Ztn+1||]ds+OEmE[/ 1 Z,|[2ds].

tN—1
Now, turning Back to equation (3.3.21), we have for alln =10,..., N — 2

E™ B0y %]

/N

(1+CAN)B

N

tnio
(1+CAN){E’”E[\5 YN ]+l§/ E™E[62)|*)ds
tnit
1— 15  [tee
+ CANEmEHé)Qf\?]Jr(T)/ E™E[||6Z)|]*)ds
t

n

tnt1 B
+ CA% + C/ E™E[||Zs — Zy,||*]ds
t

tnt1 _
n C EnLE[”Zs _ ZthH?]ds},Vt S [tn;tn+1)'

tn
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Using inequality (3.3.23), we get

n+1

BBV < CANwz/ E™E|Z, - Z,|P)ds

N-2 ity _ tn
+ C Z / E™E||Zs — Zy, ., |)?lds + CEmE[/ 1Z,|*ds].
n=0 “tn tN-1

Then by taking the supremum over t in the last inequality, we obtain

n41 B
supg < 1 < PEMESYN ] < CAy +C Y / E™E(||Z, — Z,,|)ds
tn

(3.3.26)
N-2 tniq B iN
+C> / E™E|Zs — Zu,,,|[*)ds + CEmE[/ |1Z||%ds].
_ t tN—1
Inequalities (3.3.26) and (3.3.25) give together
tn41
o<t <o BN+ [ B EOZY s <Oy + O Z / E"E[||Z, - Z,,|ds
tn
(3.3.27)
tn41 tN
+C Z/EmE | Zs — Zi, \|]Plds + CE™E[ | ||Z,|[*ds].
tn tN—l
Plugging Z;, , we deduce that
tn+1 tn+1 _
E™E| Z / 1Zs — Z)||?ds] < CE™E| Z / |1 Zs — Zy ||?ds]
=0 (3.3.28)

n+1
+ CEmE[Z / 162N 2ds)].
n=0 “tn
Using the last inequality in (3.3.27), we get
n+1

N—
o << BB+ BELY / 12, — Z)|[2ds] < CAy

n+1 B tN
+ CZ/ EME||Zs — 7|2 ds—f—OZ/EmEHZ Zu o |Pds + CE™E[ [ )|Z.)12ds]

tn—1
which can be written, if we set Z;, =0

trnt1

supo < ¢ < 7EME[YNP] + EmE[Z / 12, — ZV|ds] < CAy

+CZ/t

(3.3.29)

tn41

E™E[||Zs — Zy, |2 ds—i—CZ/EmE | Zs — Z4,,.,||Pds

tn+t1

3.3.2 Zhang L?-Regularity and rate of convergence

In this subsection, we extend to our framework the result concerning the Zhang L2-regularity of the
martingale integrand Z proved by Zhang [70] for standard FBSDEs. This result is very important to
derive the rate of convergence of our numerical scheme. So, we use the stochastic representation (3.2.5).
Thus, the solution of the SPDE (3.1.1) is given by the couple (Y, Z), solution of the following FBDSDE :

Y, - Y, = /ZdW /fr r—f/gr*dW /

&.
3

(3.3.30)
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Hence, we will focus in the following on the FBDSDEs of the following form :

T

T T
1 1 ——
Vo=@ + [ 40 We Y2 drk g [ oW Y Z0aW, 5 [ or WY, 2,0,
t t

t

T T (3331)

(_
+/h(7~, W,.Y,,Z,)dB, — /ZTdWT.

t t

We start by giving two important lemmas which are crucial to prove the main regularity result. The first
lemma is classical and concerns the L2-estimates and stability results for the FBDSDE’s solution. We
omit its proof which is based on standard computations for BSDEs.

Lemma 3.3.2. Assume that Assumptions (H) and (HD2’) hold. Let © := (W, Y, Z) denote the solution
of the FBDSDE (5.3.31) Then we have the following
(i) There exists a constant Cs, depending on T, K, and 8 such that

T T
EnE[sup, <, < gV + [ 1Z01Pds] < CEPE{o(wrP + [ 150,00
t t
. . (3.3.32)
+ [ h(s0,0.00Pds + [ lg(s,0,0.0)Pds}
t t
and
E™E [lYS - Yﬂ < czEmE{@(WT)P +supy < < 7/ £(r,0,0,0)?
+ Supg <r< T|h(ra 0; O? O)|2 + SuPg <r< T|g(r? 07 O’ 0)|2d8}‘8 - t| (3333)

+EmE[/ts ||Zu||2du].

(ii)Let ©° := (W,Y¢, Z%) denote the solution of the perturbed FBDSDE (3.3.31) with coefficients replaced
by f¢,9° and h® and ®° as a terminal value. Assume that f¢, g%, h® and O satisfy Assumptions (H) and
(HD2') and that for fized (1,y,z) in R x R x RY,

T
tim, " E{|6(Wr) ~ (W) + [ [1(s,2,9.2) ~ h(s. .9, 2))Pds
e—0 t

T T
+/' |gs(s,x,y,z)fg(s,:c,y,z))|2ds+/ |f€(s,:c,y,z)ff(s,x,y,z)|2ds} =0.
t t

Then we have

T
lim B"B{sup, < , < 7¥Z ~if? +/ Z; — Z.Pds} =0, (3.3.34)
t

e—0

The second Lemma gives estimates which are needed for the upper bound result (3.3.4) on our error
and for the Zhang L2-regularity result given in Theorem 3.3.2.

Lemma 3.3.3. Assume that Assumptions (H) and (HDZ2’) hold. Then, there exists a constant Cy > 0
depending only on T, K, and B such that

1

(EmE[HZ‘Z’O 2]) > <G aeselt,T] (3.3.35)
In addition, there exist a positive constant C' independent from Ay the time step of our uniform time-grid
such that

m t,0__y-t,02
0<neN1 {Suptn < s < tan ETEIYST =Y T suny, <<y

EME[[Yt0-v}° |2]} < CAy. (3.3.36)

tn41

Proof. See Appendix. (]
Now, we can state the main regularity result of this subsection
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Theorem 3.3.2. Under Assumptions (H) and (HDZ2'), we have the following estimation

N—-1 tntl
Seme] [ {1z -,
n=0 tn

Proof. Let #’ : 0 = tg,...,ty = T denote a uniform fixed partition of [0,7] with time step Ay and
m:0=380,...,8, =T any partition finer than 7’. We will prove the theorem for the fixed partition 7’
Without loss of generality, we assume that s;, =t; for i =1,...,N. Let ®™, f*,h™ and ¢" € C,} smooth
molifiers of ®, f, h and g, such that all the derivatives are bounded by K. We denote by ©™ = (W, Y™, Z7)
the solution of the following FBDSDE :

24 |2 — 2, ||2}ds} < CAy. (3.3.37)

T T
y;r:cp(wg)Jr/ f”(u,@”)ds—i—/ 1" (u, ©)dB,

- - , (3.3.38)
+ 5/ g™ (u, ©™)dW,, + 5/ 9" (u, ©™)dW,, — / ZEdW,.
By the stability result (3.3.34), we have
T
lim EmE{supt e[V -V, +/ Z7 — ZS|2ds} =0. (3.3.39)
|7|—0 S0 ¢

By (3.3.39), there exists a subsequence denoted again by 7 such that ‘ llim E™E|ZT — Z,* = 0 for a.e.
m|—0

s € [t, T]. Let Us note that, for s € [t,,t,+1), we have

tnt1

E™E|Z, — Z,,)* + E™E|Z, — Z1,,,|> < CE’"E{|ZS — ZTP |27 - 2T 2+ |27 - T |2}. (3.3.40)

By (3.3.39), proving the theorem remains to estimate E™ E|Z] — Z] |* and E™E|Z] — VA 2for s € [tn, tnsi1)-
To this end, we denote by (14, V™Y") the solution of the linear equation (3.5.1) with coefficients replaced
by @™, f*,h™ and g".
Using the representaion result (3.5.3) for (Z™), we have
ZT — 75, =VYT —VY], s, 8 € [tn,tni1). (3.3.41)

s s =
We conclude by the estimation (3.3.36) that
N-1 tn
> | [

n=0 t

+1
\Zr — Z;;|2ds} < CAy.

By the same arguments used on E™E|ZT — ZT |2 (taking s’ = t,,+1), we conclude that

tnt1

N—-1 tnt1

3 EmE[/ \ZF — 77 +1|2ds} < CAy.

n=0 tn "

This gives

N-1 tn+1
3 EE[/ {\Z;f —ZF 4|27 - Z;;HP}ds] < CAy. (3.3.42)
n=0 tn

Using (3.3.40), we obtain

N-1 trnt1
> eme[ [ iz, 2,
n=0 tn

Recalling (3.3.39) and letting |7| — 0, we finally get

T
2 412, — ZthP}ds} < CEmE{/ \Z, — Z;“\st} +CAy.  (3.3.43)
t

N-—1 tnt1
3 EmE[/ {|Zs —Z P42 - 24, |2}ds] < CAy. (3.3.44)
n=0 tn
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Now, we are able to give the rate of convergence for our numerical scheme Under Assumptions (H)
and (HD2'), we have

N-—1 tni1
Errory (Y, Z) i=supy < , < pEME[[Ys = YN P] 4+ > EmE[/ 1Zs — Z)¥|?ds] < CA.
n=0 tn

Proof. First we recall that under (H) and (HD2'), we have by (3.3.4)

tn+t1 _
Errory(Y,Z) <CAN +C ) / E™E||Zs — Z, |?]ds
t
. (3.3.45)
n+1
+C Z/EWE \Zs — Z, ., Plds
Then, as the conditional expectation minimizes the conditional mean square error, we have
trnt1 B tn41
/ E™ME|Zs— Z;,|?ds < / E™E|Z, — Zy, |*ds.
tn tn
On the other hand, plugging Z;, , in the following, we get
tnt1 B tnt1 _
/ EmEHZS - Ztn+1 |2]d8 <C EmEHZS n+1| }dS + CANE”LE[lztn+1 - Ztn+1 ‘Z]ds
t’lL t’Vl

By the defintion of Z;, 41> Jensen’s inequality and Cauchy-Schwarz inequality, we have for all n =
0,...,N—2

tn42 2
ANE™E||Z,,,, — 71, |Flds = C’A—NEmE{’Eth{/ (Z.. st}ds” }
tn41
tni2 2
< C’—EmE{H/ (Zi.., —Zs}dsH }
Ax -
n+2
< CE"E / |2y, — Z.|2ds.
'n+l

Hence, the inequality (3.3.45) becomes

tnt1

Errorn(Y,Z) < CANJrCZ/ E™E||Zs — Zy,|?]ds

n=0
n+1
+ C Z/EmE \Zs — Zy, ., |P)ds
We conclude the rate of convergence by using Theorem 3.3.2. ]

3.4 Implementation and numerical tests

In the following, we test statically the convergence of our method. In this part, we are interested in
implementing our numerical scheme. Our aim is only to test statically its convergence. Further analysis
of the convergence of the used method and of the error bounds will be accomplished in a future work.

3.4.1 Notations and algorithm

We use a path-dependent algorithm, for every fixed path of the brownian motion B, we approximate
by a regression method the solution of the associated PDE. Then, we replace the conditional expecta-
tions which appear in (3.4.1) and (3.4.2) by L2(£2,P) projections on the function basis approximating
L?(Q, Ft,). We compute Z{¥ and Y, in a implicit way. Actually, we proceed as in [34], except that in
our case the solutions Y,Y and Z}{Y are measurable functions of (W}, (AB;), < i < N—1). So, each solution
given by our algorithm depends on the fixed path of B.
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3.4.1.1 Numerical scheme

For each fixed path of B, the solution of (3.2.11)-(3.2.12) is approximated by (Y, Z¥) defined by the
following algorithm, given in the multidimensional case.
For0<n<N-1:

dl
YN = E, [t AANFWE YN ZS by, (W, H,YtNH,ZtNH)ABn,jl] (3.4.1)
ji=1
1 d
B [ Y a W Y2 ) AW,
j=1

and Vj € {1,...,d}

yN o zN

N
t+1’ tnt1? Ttnqa

AnvZN . = B, {YN AW, J+Z 5, (

nsJ tnt1

)ABwlAWW} (3.4.2)

Ji=1
1
+ éEtn [{gJ(Wt]Z’ )/;f]:v’ Zﬁ]:) + g](Wt +17? Y]:+1 ) ng+1)}(AWn7])2:| .

We stress that at each discretization time, the solution of the algorithm depends on the fixed path of the
brownian motion B.

3.4.1.2 Vector spaces of functions

At every t,, we select k(d + 1) deterministic functions bases (p; (. ))1 <i< k(d+1) and we look for
approximations of YN and ZtN , which will be denoted respectively by yY and z, in the vector spaces
spanned respectively by the basis (pj, »(.))1 < j» < & and the basis (pj, jo.n(-))1 < ji < k1 < jo < d- Each basis
pin(.) is considered as a vector of functions of dimension L;,. In other words, P; ,(.) = {a.pin(.),a €
REin},

As an example, we cite the hypercube basis (HC) used in [34]. In this case, p; . (.) does not depend nor
on i neither on n and its dimension is simply denoted by L. A domain D C R? centered on Wy =0, that
is D = ngl(—a, +a], can be partitionned on small hypercubes of edge d. Then, D = |J;, y D,
where D;, ;. =(—a+1i10, —a+i10] X ... x (—a+1i40, —a + i40]. Finally we define p; ,,(.) as the indicator
functions of this set of hypercubes.

3.4.1.3 Monte Carlo simulations

To compute the projection coefficients a, we will use M independent Monte Carlo simulations of W,
and AW, which will be respectively denoted by WN " and AW m=1,... .M

3.4.1.4 Description of the algorithm

We will perform I Picard iterations both on (3.4.2) and(3.4.1) :
— Initialization :
For n = N, take (yn'™") = (®(W,Y™)) and (z5"™") =0 .
— Iterations : For n = N —1,...,0:

e For i = 0, we set aOn —Oanda —O7 for all j € {1,...,d}.
eftori=1,...,1:

We approximate (3.4.2) by computing for all j € {1,...,d}

1 & AWM
M,i__ inf. N,M,I M Nm N,M,I N,m N,M,I, AB n,J
aj,n =argin M yn+1 tn+1 + J1 n+17yn+1 tn+1)7 Zn+1 tn+1) n,J1 A
« N
m=1 Jji=1
1 Nom (AW, ;)2
N,M,i—1 N,m N,M,,i—1 N,m N,m N,M,I N,M,I n,j
+ 5{91' tn Yn’ tn )s Zn, tn )+ 9j o1 Yni1 (th“)v ni1 (Wt"“))}T

2

m
- a'pj,n
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Then, we approximate (3.4.1) by calculating aé‘fj T’f as the minimizer of :
i Z

Nym  N,M, Iy Ny N, Mg, N,m ‘
Zgjl(Wn+l7yn+l tn+1)’zn+l tn+1))AB’ﬂ’J1

tn g n tn

e U R (A VA B )

]1 1
d 2
W NMI N,M,I m
+ Zh( tny1Yn+1 (thﬂ)a n+1 th+1))AW n,j O‘pk’ .
Jj=1

Finally, we set 27 (.) = (g5 pa(.)) and 201 () = (a)t pj (). 5 € {1,...,d}.

n,J

3.4.2 One-dimensional case (Case when d = d' = 1)

3.4.2.1 Function bases
We use the basis (HC) defined above. So we set :

do —d
diy =min W, dy = maxW;" and L = 2 !

n,m 6

where § is the edge of the hypercubes (D;); < j < 1. defined by D; = [d +(j—1)d,d —|—j5),V]
We take at each time ¢,

1o, (WX™) = Lar-vysaso) (Wi ™), i =1,..., L
and

M

Tn(~>)={ Wlm tf’m),1<j<L},i:O,1.
J

Card(D;) denotes the number of simulations of W}¥ which are in our cube D;.
This system is orthonormal with respect to the empirical scalar product defined by

LM
<Y1, > M= i Z%(‘thj’m)”tﬁz(wt]:’m).

m=1

In this case, the solutions of our least squares problems are given by :

M
1
M1 N,m N,M,I N,m
al n = M Z plin(th ){ |:yn+1 (th+1 )
m=1
AW™
N N,M,I N, N n
£ An (WA A ), S VT ) ABL|
1 ,m i— ,m L — m
g (W A ), N )
N, N,M,T N,m N,M,I N, (AW:zn)z
+ g(th«:;L’ n+1 (th+1 )7 n+1 (th«:?))} A }
N
1 M
M,i N,m N,M,I N,n
O40 n = M Z pO,n(th ){y'rH—l (thJr;L)

? n

4 ANf( Nm7y7ILVMz 1(WtNm) NM,i(WtJZ,m)>
(W OV, XA V) AB,
1

N N,M,I 15,N, N,M,I ;15,N,
+ 59<th4:?7yn+l (thﬁl)v n+1 (thJrT))AB'rT}'
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We note that for each value of M, N and §, we launch the algorithm 50 times and vx(f)eo (]ive}\}o}ce by
(%?;?LUN’M’I)l < m’ < 50 the set of collected values. Then we calculate the empirical mean Yo and

the empirical standard deviation o™/ defined by :

50

50
0,0,N,M,I 1 0,0,N,M,I N,M,I 1 0,0,N,M,I 70,0,N,M,I
sy LV b ,0,1V, N s I ,0,0V, A sy LV 42
Y, =50 Yo,m/ and o =\ 19 g |Y0’m, Y, . (3.4.3)

m’/=1 m’=1

3.4.2.2 Case when f, h and g are independant of y and z

Let Us denote in this case the solution of the linear equation (3.2.5) by Yiinear. Then, YVineqr admits a
representation in terms of a solution of a classical BDSDE. Indeed, we can define Y; := Y} jinear + % fot Gr *
dW,., Vt € [0,T]. Thus, (Y;, Z)o < ¢ < 7 is the solution of the following BDSDE :

~ ~ H
Y, =Yr+ [ fsds+ [ hodB, — Z,dW,, (3.4.4)
Yo = ®(Wr) + 1 [ g, % dW.
The algorithm for resolving the latter equation is given by :
YN =@W) +330 9, AW, (3.4.5)
Y =B VY, + AN fi, +he,  ABl,0<n <N — 1.
For each n, YN . ... is given by V), = }N/t]:' -1 g_l 91, AW, and finally we get YV, .0, = Y.

We note that in the linear case above, we resolve a BDSDE with linear coefficients (independent from Y
and Z). We can now implement numerically our algorithm by taking :

{ q)(x) = 1.;,1_?@‘7 f(ta'r7yvz) = Qo, 7h(taxayvz) = ﬂ07 g(t7x7yﬂz) = aot

and we set ag, By and o are fixed constants.

The following table gives the approximated solution ?%nli
for different values of M and N.

For ag = 0.5, Bo =0.5, ag = 0.2 6 =0.2

M
ar

(o™N:M) of the previous BDSDE-Algorithm

N=10 N—20 N=30
M=128 | 7.310(0.12) | 7.491(0.13) | 7.519(0.12)
M=512 | 7.292(0.06) | 7.476(0.05) | 7.498(0.05)

M=2048 | 7.283(0.02) | 7.438(0.03) | 7.504(0.07)

M=8192 | 7.282(0.01) | 7.475(0.01) | 7.504(0.01)

After that, we implement our algorithm in the general case ( the approximated solution is denoted
—0,z,N,M . . . s
Yo;zw (™M) but taking the same linear coefficients token above, and we compare the non linear
algorithm and the linear one in this case.

For ap = 0.5, 5o = 0.5, g = 0.2 § = 0.2

N=10 N=20 N=30
M=128 | 7.310(0.12) | 7.491(0.13) | 7.518(0.12)
M=512 | 7.292(0.06) | 7.476(0.05) | 7.498(0.05)
M=2048 | 7.283(0.02) | 7.473(0.03) | 7.504(0.02)
M=8192 | 7.282(0.01) | 7.475(0.01) | 7.504(0.01)

We note that the two algorithms give exactly the same results.
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3.4.2.3 Comparison of numerical approximations of the solutions of the FBDSDE
with divergence term, the FBDSDE and the FBSDE in the general case

Now we take

®(@) = s
ftay,z)=—0z—ry+(y—2)"(R—r)
h(t,x,y,z) = —bx + 0.5y + Bz

g(t,z,y,2) = =20+ 0.5y + az

and we set § = (u—r)/o, u=10,05 06 =0,2, r=0,01, R=0,06 and T" = 0,25. Then we take 8 = 0.5,
a=02§=02 —owNM

I
The approximated solution of the BDSDE with divergence term is denoted by Yy 4, , the one of the
=0,2,N,M,I

BDSDE is denoted by Y gpspr and obtained by taking g = 0 and the one for the standard BSDE is

denoted by Yg IBéVD]g " and obtained by taking g = h = 0.

Algorithm with 20 Picard Iterations for Y and Z at the same time

For N =10
—0,z,N,M —0,z,N,M,1 —0,z,N,M,T
M | Yypspr(o AT Yo Bpspe(o ALY Yo.div (e 1)
128 6.965(0.31) 5.426(0.859) 3.967(0.903)
512 7.318(0.13) 5.259(0.39) 3.890(0.37)
2048 7.403(0.07) 5.165(0.16) 3.836(0.16)
8192 7.440(0.02) 5.142(0.08) 3.829(0.08)
For N =20
—0,z,N,M —0,z,N,M,I —0,2,N, M, T
M Yo pspE(0 N’M) Yo BpspE(T N M’I) Yo div (o N, I)
128 6.31(0.56) 7.066(1.33) 5.697(1.32)
512 7.117(0.25) 6.929(0.59) 5.614(0.55)
2048 7.287(0.13) 6.820(0.29) 5.555(0.27)
8192 7.375(0.09) 6.785(0.12) 5.546(0.12)
For N =30
—0,z,N,M —0,z,N,M,1 —0,z,N,M,1
M |Y, pspe(c™M) Yo 5pspe(o NALT) Yo aiv (oA
128 6.208(0.78) 7.605(1.73) 6.540(1.81)
512 6.688(0.42) 7.281(0.73) 6.143(1.17)
2048 7.145(0.36) 7.141(0.35) 6.176(0.34)
8192 7.381(0.02) 7.055(0.19) 6.09(0.19)

Graphical comparison between BDSDEs with divergence term, the BDSDEs and standard
BSDEs

Here we take the same coefficients as in the previous paragraph for the Quasilinear BSDE, we take
g = 0 for the BDSDE and we take h = 0 for the standard BSDE. Then we variate N, M and §, by taking
these quantities as follows : Let j € N, we take ap; = 3.4, 85 = 1, N = 2(v/2)0~D, M = 2(y/2)omU~1)
and ¢ = 1.2(y/2)0~DBs+1/2 Then, we draw the map of each solution at ¢ = 0 with respect to j.
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=0

The approximation of the solution Y at time t

g \ I I
3 4 5 3 7 8

The Parameter j

FI1GURE 3.1 — Comparison of the BSDE’s solution, the BDSDE’s one and the solution of the
BDSDE with divergence term : The solution of the BSDE is in red with circle markers, the
solution of the BDSDE is in green with star markers and the one for the BDSDE with divergence

term is in blue with square markers.

3.5 Appendix

3.5.1 Proof of Lemma 3.3.3

Fist, we consider the case when b, 0, f,g,h and ® € C} and satisfying assumptions (H) and (HD2).
Let VO := (I;, VY40 VZ%9) be the solution of the following equation

T
VYL = TR 4 [ (Vafr Wi e, 20)
VS WO Y0, 2ROV 4V (WO, 210V 210 ) dr
T
+ / (Vzh(r, WEO yhe 78y 4V, h(r, WEO Y0 ZE0) vy O

«— 1 (7T
+ V.h(r, Wrt’o,W’OZ?O)VZf’O)dBML5/ (Vzg(ﬁ WhO ybe Z6") (3.5.1)

Vg (r WE Y0, ZEOYE 1V g(r, WO, Y0, ZE)V 220 )Wy,

1 T
b5 | (Tagr WY 20 4 Vg WO Y0 20

T
+Vagln WEO Y0, 20OV 200, — [ zi0aw,.

S

Since VY%Y is the solution of the linear FBDSDE (3.5.1). Using estimation (3.3.32), we get
E™E[supy < ; < 7|VYPYP] < Co. (3.5.2)
Now, we use the following representation result
700 = vyl s e [t,T), (3.5.3)

which gives

E™||Z50)y < E™|VYO||2 < Co. (3.5.4)
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Now the aim is to generalize the previous estimation to Lipschitz coefficients case. So let ®, f,h and g
satisfying Assumptions (H) and (HD2') and let ®*, f* h* and g* smooth molifiers of these functions.
Denoting Z%* the solution of the F-BDSDE associated to the regular coefficients, we deduce from (3.5.4)
that E™||Z%%9)|y < Cy. Using the stability result (3.3.34) , we get

T
lim EmE[/ |Zkt0 _ 7t02] gs = 0. (3.5.5)
t

k—+o0

We deduce that for a.e. s € [t, T], there exist a subsequence of (Z**0); such that . lim z8t0 = 780 in
— 400

probability. By the Fatou’s Lemma, we get E|Z59|y < Cy. Inserting the latter inequality in estimation
(3.3.33), we get the estimation (3.3.36).






CHAPITRE 4
Empirical Regression method for
BDSDEs

4.1 Introduction

In this work, we analyse the regression error arising from an algorithm approximating the solution of
a discrete time BDSDE. We use the least-squares regression approach developed by Gobet, Lemor and
Warin [34] and more recently by Gobet and Turkedjiev [35]. The tools for the regression error analysis,
arising from discrete BSDE’s approximation, was developed recently in [35] in a very general context.
These tools will allow us to analyse the regression error in the doubly stochastic framework. The BDSDE
of our interest is of the following form

b ‘o r b ot ot r I o s
YR = (X5 4+ [ fr, XEE YT 25 dr + [ h(r, XET YT Z0) B, — | Z8TdW,,  (4.1.1)
S S S

where (X%); < s <7 is a diffusion process starting from z at time ¢ driven by the finite dimensional
brownian motion (W3); > o. The differential term with c<l_Bt refers to the backward stochastic integral with
respect to a [-dimensional brownian motion on (Q, F,P,(Bt) > 0).

First, let Us recall the principle of the least squares algorithm as presented in the work of Gobet, Lemor
and Warin [34]. The discrete BSDE arising from the time discretization of the standard BSDE, given by
(4.1.1) for h = 0, is the following One step forward Dynamic Programming (ODP for short) equation :

Yin = ®(Xy) and for alli € {N —1,...,0}

}/t- — Eti D/tprl + Alf(t’u —Xtm)/;fprl ) Zti)}v

AiZt: = Eti{Yt AWi*}, (4.1.2)

i+1
where t; € m:= {to,...,tn} and 7 is a discrete time grid of the time interval [0, T], AW; := W,
E;, denotes the conditional expectation given F;, and * denotes the transposition operator.

Since (X, ); is a Markov chain, there exist deterministic measurable functions y;(.) and z;(.), but unknown,
such that Y;, = y;(Xy,) and Z;, = z;(X,). The functions y;(.) and z;(.) are solutions of least squares
problems in Ly(€2, 73,) and can be approximated on a finite dimensional subspace. The approximations

— Wy,

it+1

are computed by empirical least-squares regression using Monte Carlo simulations of the process X.
Recently, Gobet and Turkedjiev [35] studied a discrete BSDE in the form of a Multi step forward Dynamic
Programming (MDP for short) equation given by

N—-1
Y—t,; - Eti [(I)t,;N + Z Aif(tkvthvyrthrUZtk)}v
k=1
N-—1
AZ, = B, {{@tm 3 Aif (i Xy, Yarons Ze, ) JAWT | (4.1.3)
k=i

Using the tower property of conditional expectations, we note that the ODP and the MDP coincide.
In their recent work [35], Gobet and Turkedjiev proved that the MDP leads to better error estimates.
Indeed, the quadratic error is the average of local error terms rather than the sum, as in the ODP’s case.
In this sense, the MDP gives better estimates.

For BDSDESs, the ODP scheme was studied by Aboura [1]. He proposed an algorithm based on the em-
pirical least-squares regression approach to resolve numerically BDSDEs;, following [34]. He considered the
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solution of the BDSDE at time ¢; as a measurable deterministic function of (Xt“ (Bton —Bi)i<k < N).
His approach imply a high-dimensionality problem, since he is dealing with a dimension of d+1 x N and
the parameter N goes to infinity. In our case, we study the MDP scheme for BDSDEs and we proceed to
a conditional analysis of the error, given the trajectories of the Brownian motion B. Thus, we reduce the
dimension of the regression from d + [ x N, to d. In this work, in order to simplify the computations, we
will treat the one dimensional case for the process Y and the Brownian motion B.

4.2 Preliminaries and notations

4.2.1 Forward Backward Doubly Stochastic Differential Equation

Let {W,,0 < s < T} and {B;,0 < s < T} be two mutually independent standard Brownian motion
processes, with values respectively in R and R where T > 0 is a fixed horizon time, on the probability
space (Q, F, P).

We shall work on the product space Q := Qu x Qp, where Qy is the set of continuous functions from
[0, 7] into R? and Qp is the set of continuous functions from [0, 7] into R.
We fix t € [0,T]. For each s € [t,T], we define

FL=FVvFL,

where FY = o{W, — Wi,t < r < s}, and FZp = 0{B, — By,s < r < T}. We take FV = FVp,
FB = FPp and F = FV v FB.

We define the probability measures Py on (Qy, FV') and Py on (Qp, F2). We then define the probability
measure P := Py ® Pg on (2, F x FB). Without loss of generality, we assume that FV and F? are
complete.

Note that the collection {F!, s € [¢,T]} is neither increasing nor decreasing, and it does not constitute a
filtration.

For all (¢,z) € [0,T] x R%, let (X5?)s be the unique strong solution of the following stochastic differential
equation :

dX0" =b(XE")ds + o(XLT)dWs, s € [t,T), X' =2, 0<s<t, (4.2.1)

where b and o are two functions on R? with values respectively in R¢ and R?*?. We will omit the
dependence of the forward process X in the initial condition if it starts at time ¢t = 0.
We consider the following BDSDE : For all t < s < T,

AY}s =~ f(¥!")ds — h(Y})dB, + ZLwdWW,,
sz,w = (I)(Xé“’m)’

(4.2.2)

where f and h are two R-valued functions on R and @ is a an R-valued function on R%.
The following assumptions will be needed in our work :

Assumption (H1) There exist a positive constant K such that

[b(z) = b(a")| + [lo(x) = o(2')]| < K|z — '], Yz, 2" € RY.

Assumption (H2) There exist non-negative constants Cy, C, Ce, Ly, Ly, and Lg¢ such that

() VYyye €RY|f(y) — fy2)| < Lylyr — ol
(i)  Yyi.y2 € R |h(y1) — h(y2)| < Lilyr — yal,

(iii) |£(0)| and |h(0)| are bounded by Cy and CY, respectively,

(iv) The function ® is a measurable function on R? bounded by Ce ,
(v) Yoy, o € RY |®(z1) — ®(22)| < Le|zqy — 2.
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4.2.2 Numerical Scheme for decoupled Forward-BDSDE

In order to approximate the solution of the F-BDSDE (4.2.1)-(4.2.2), we introduce the following discre-
tized version. Let

Tito=0<t1 <... <ty =T, (423)

be a partition of the time interval [0, 7] with time step A; :=t;11 — t;, 0 < ¢ < N — 1. Throughout the
rest, we will use the notations AW; = Wy, ., — Wy, and AB; = By, —
The forward component X will be approximated by the classical Euler scheme :

Xiy = Xu, (4.2.4)
XN =X (XY )t —tic) + o (XY ) (W, = Wy,_,), fori=1,...,N. -

By, fori=1,...,i.

It is known that as IV goes to infinity, one has sup ¢ ; « yF|X¢, — X2 =o0.
The solution Y of (4.2.2) is approximated by (Y?) defined by the following Multi step-forward Dy-

namic Programming (MDP) equation : For i = N — 1,...,0, we set
YN = E, [ (XN + Z Acf (YN )+ (YN )AB;, (4.2.5)
k=i

We define the o-algebra G; := fé’z \Y .EfT and we note by Ey,[.] the conditional expectation over G, .
We note that in the case we are treating, when the drivers are independent from the variable z, we do
not have to approximate the control process Z, since we don’t need it to approximate Y.

4.3 A Priori estimates

In this section, we establish a priori estimates on discrete BDSDEs. These estimates will be needed later
for the regression analysis. The discrete BDSDEs that we will study in this section are of the following
form :

For j =1,2, weset Y; y =¢ and foralli =N —-1,...,0

Yii=Eu[Yiit1 + Aifi(Yiie1) + hjiv1(Yiie1) ABi, (4.3.1)
where for all ¢ € {0,..., N — 1},

y— fi.i(y) and y — f2,(y) are given real-valued and G;, ® B(R)-measurable functions on R
and

y = h1iy1(y) and y = hoiq1(y) are given real-valued and Gy, , ® B(R)-measurable functions on R.

Weset 6Y;:=Y; ;—Y; 2, 5Yi’}+1 =0Yi 1 +{h1,it1(Yi,i41) —ho,iv1 (Yo,iq1) JAB;, 0 fii=f1,:(Y1,i)— f2,:(Y1,;) and
Shit1 = h1+1(Y1:) — hait1(Y1,:). Then we state the following lemma, which gives a local estimate on
the solutions of two discrete BDSDEs :

Lemma 4.3.1. We assume that for j € {1,2}, & belongs to Lo(F2) and that for i € {0,...,N — 1},
f1.i(Y1i41) and by i41(Y1 i41) belong to Lo(FR). In addition, we assume that fa; and he i1 are Lipschitz
continuous with finite non-negative Lipschitz constants Ly, , and Ly, ., . Finally, for eachi € {0,..., N — 1},
we assume that B is a positive constant and that we can choose v; > 0 such that 4(A; + %)L?ﬂ < 1.
Then, we have

A,
VP < {0+ A1+ CXn ABD + 5 B8Vl + 204 + D)ABL (64

£ o214 yA 1><|AB|+7 )| AB,| B, [|5his ], (4.3.2)

(3

where

CXp, =7 +2(ABi| + )Lh2 .y (4.3.3)

Z
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Proof. From (4.3.1), we have

§Yi= E, [0V + A{fri(Viie) — foi(Your1) -

Using the Young inequality with the positive constant v;, we get

oYi]> < (1+% DB [0Y ]
A- NE[A{f1i(YViivr) = fai(Yair) M2

+

Plugging f2(Y1,i+1) , we get

6Yi1* < (L7l [ B [0Ya ] +2(A; + )A By [16£il?]

280k AL, B8Vl (4.3.4)
On the other hand, we have
Ly, 6V = 0Yi1 + {h1iva (Y1) — hoiva (Yai41) JAB;.

Plugging h2 (Y7 ;+1) and using the Young inequality with 77, we get

2 B 2 1 2

0V < (LA |ABi)ISYir | + 2(|AB;| + vz —5)Lhy ) [AB;]|8Yi1]

i

+ 2(|AB|+ 5)IABdhen (4.35)

3

Inserting the estimation (4.3.5) in (4.3.4), we obtain

|6Y;?

N

[+ 7A)[0 447148, |>+2<\AB|+71 LR, AR

K2

]+ 2(A + )A Ey[I6fi)]

1 2
+ 2(A;+ %)L 2J_Ai}Eti[

+ 2(1+%A )(\AB|+7 )|AB;|Ey, | z+1l2

K2

1
< {<1+mAi>(1+mB+2(|ABi\+7 L, ., )IAB)

i

%]

+o2(A 4 )L2 Ai}Eti[ 2]+ 2(A +7)AEt[

+ 2(1+% )(\AB|+7 )|AB;|Ey, [|6hiy1]?).

K2

The assumption on ~; insures that 2(A; + )L2 RN % Then, we get

1 A
A < {380 (14 D2 + 2088+ —5) 14, IAB) + 57 FE 16 )

i+1|2]'

1
+ 2(Ai+ ?)AzEt[ ]+ 201+ %A (JAB| + B )\AB | B, |

K2

The following proposition gives a global stability result on the solutions of two discrete BDSDEs :

Proposition 4.3.1. We assume that for j € {1,2}, &; belongs to Lo(F2) and that fori € {0,...,N — 1},
f1,:(Y1,i41) and hy ;41 (Y1,i41) belong to Lo(F). In addition, we assume that fa; and ha ;1 are Lipschitz
continuous with finite non-negative Lipschitz constants Ly, , and Ly, ., . Finally, for eachi € {0,...,N — 1},
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we assume that vP is a positive constant and that we can choose ; > 0 such that 4(A; + )L?h < 1.
Then, the following estimation holds a.s. for all i :

N-1

I,IE|6Y, |2 e%{I‘NI‘ﬁEti[ 243 2(A s )AkEt [16.f |20 0B
N—1 =
3201+ A (AB +— SFIABE| r,rf (4.3.6)
k=1
where we set for all k € {1,...,N} :
Ty =T (1 4+ 7;8,), T = 1, (4.3.7)
FE = H§:5(1 +CXp,|AB]), T =1 (4.3.8)

1

ho it1®

(4.3.9)

Proof. We set )\2 = {(l—f—’}/l,lAzfl)(l+CXB7_1A]|ABZ,1|)+%}>\Z,1, fori e {1, N ,N} and )\0 =1.
We multiply the two sides of (4.3.2) by \;, we get

6V A < Bull0Yia P i + 2(A: + )A By (| fi*) i

+ 200 +%4:)(ABi| + B )\AB | B, [|6his1[*]\

3
Now, we sum up the previous inequallity from ¢ to N — 1 after applying F,[.], we obtain

N-1
6YiPA < B8N + D 2( Ak+ )AkEf [16 £ %]\
k=i

N-1
+) 201+ A |ABk|+7)|ABk|Et (1671 [*] A
k=1 Tk

Using the inequality (1 + x + k) < (1 +2)e”,Vz € R and h small enough, we obtain

i—1
T8 <\ —emp{zm{ 1+vak)(1+CABk|ABk|)+—}} <eFr,rP,
k=0

The last inequality gives

oviPrirf < e#{ g

N-1
+22Ak+ )AL
k=i

N-1
+ 3 201+ A (JAB+ B)|ABk\Et1[|5hk| ]rkrB}
k=1 Vi
[
As an application of the global a priori estimates given in Proposition (4.3.1), we give the following
result, which is an a.s. upper bound to the solution of the discrete BDSDE (4.2.5).

Proposition 4.3.2. Under Assumptions (H1) and (H2), the solution of the discrete BDSDE (4.3.1)
has an a.s. upper bound given in the following : For all i € {0,...,N},

N-1 N-1
< cB ::exp{(i—&-ﬁlL?)T'i‘LZZ|ABj|2}eXp{ L) 3 1AB H{CE + 322
7=0 =0

Y

N-1 1
+ 202y |AB; |}2 (4.3.10)

7=0
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Proof. In order to obtain the a.s. upper bound result, we apply Proposition (4.3.1) with two constants
vB > 0 and 7; > 0 such that 4(A; + L )L2 < 1. In one hand, we set Y7 ; :=0, & =0, and hy,(y) := 0.
On the other hand, we set Y3 ; := Yi , & =&, fo(y) := f(y) and hg;11(y) := h(y). This gives

YYPrrE < eH{ +22Ak+ A |FO)PITTE
N-1
+ 321+ R AD(AB -+ ) [AB B MO T )
k=i Vi
N-1 1
= H{INTREL €742 Y — AW [I£(0) Ik Tf
=i ¥

N-1
2 ST (BB+ ) ABUE Okl |
k=1
Using Assumption (H2), we get
N-1 oy
T
VPP < R {rarRCE+ 3 S ACiTaT
k=1

N—-1
+ 23 ABl+ |ABk\Cth+1Fk}
k=1

W

We take v := 1 and 7, := 8L2, so that the condition 4(A + )L2 1 is satisfied for NV enough large.

Indeed, we can choose N enough large to get 4A; L < Wthh implies that, when we take 4 := SL?
for all k, we have

2

1 4L

4(A; + )L2 < -+

=1.
Vi 2 Vi

Then, the inequality (4.3.11) becomes

CQ N-1
T
YNPO TP < e {FNF Cé+ é Z ATl
k=i

N-1
+ 207> (IABi|+ 1)|ABk|Fk+1FkB}'
k=i
Since |ABg| 41 < Cap,, we have 'Y < (JABg|+ 1)) < I'2,;. Thus, the last inequality becomes

- 02 N—-1
|Y;f\7 2 s < 67{1—‘]\{1—‘5652 4L2 Z Aka+1Fk+1
N-1
+ 200 |ABk|Fk+1FkB+1}- (4.3.11)
k=t

Now, giving the a.s. upper bound for YtN remains to give an a.s. upper bound for I‘kl"f for all k in
{0, ..., N}. This can be easily done for our explicit choice 'y,? :=1and v := 8[/?c forallkin {0,...,N—1}.
Indeed, for all k in {0,..., N}, we have

Ty = IFZN(14 8L2A) < Xm0 8EiA) = ST, (4.3.12)
In the same manner, we have also
N—-1
If = 31+ CaplAB))) < exp{ Can,|AB; |}
7=0
N-1
- exp{ <1+2 ABi| +1)L3, +1)|ABj|}
7=0
N-1 N-1
- exp{ (1+203) Y |ABi|}exp{2LiZ |ABZ-|2}. (4.3.13)
j=0 j=0
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Plugging the estimations (4.3.12) and (4.3.13) in the inequality (4.3.11), we obtain the following a.s. upper
bound

1 N—-1 C
YN < expi (5 +8LO)T +2L03 Y |AB P lexpy (1+2L3) Y |AB;| !
t * { 2 ;) } * { 32::0 }{ 4L?
N—-1
+ 20§Z|A3k|}.
k=0

4.4 Monte Carlo regression scheme

The purpose of this section is the approximation of conditional expectations involved in (4.2.5) using
linear least squares regressions.

4.4.1 Preliminaries

Let AB := {AB;,i =0,...,N — 1} be the sequence of N random variables generated by the discretized
Brownian motion B. For the computations of the conditional expectations and in order to alleviate
notations, Eap[.] will denote the conditional expectation given the sigma-algebra o(AB). Using the
Markov property of (XV) with respect to the filtration (G;)o < + < T, we deduce that there exists a sequence
of random real-valued functions (y;(AB,.))o << n—1 such that, Vi = 0,...,N — 1, y;(AB,.) is Gy,-
measurable and satisfies a.s.

VN =y (AB, X[). (4.4.1)
In the following, we recall the definition of the Least-squares regression as stated in [35] :

Definition 4.4.1. Letly,ly > 1. We consider the two probability spaces (Qp, f()ffT7 Pg) and (Rh, B(RM), v).

S'is a F@r@B(RM)-measurable R'2-valued function such that S(w,.) € Lay(B(R")) for Pg-a.e. w € Qp and

K is the linear vector subspace of La(B(RY)) spanned by deterministic R2-valued functions {py,k > 1}.

The least squares approzimation of S in the space K with respect to v is a Pg X v-a.e. unique and
B ® B(R"t)-measurable function S* given by :

S*(w,.) = arglnf/ |p(x) — S(w,z)|*v(dz). (4.4.2)
e
Then, we say that S* solves OLS(S,K,v).
M
1
In the same manner, let vy (X) := i Z Sx(m) be a discrete probability measure on (R, B(R!)), where
m=1
8, is the Dirac measure on x and X',..., XM : Qg — R are i.i.d. random variables. For an F(fT ®

B(R")-measurable R'2-valued function S such that |S(w, X™ (w))| < oo for all m and Pp — a.e.w € Qp,
the least squares approximation of S in the space IC with respect to vy is the Pg—a.e. unique, f(fT®B(Rl1 )-
measurable function S* given by

S*(w,.) = arginf — Z lp(X ™)) — S(w, X™)2, (4.4.3)
peK

Due to (4.4.1), the MDP equation (4.2.5) is interpreted in terms of Definition (4.4.1) as follows :
For all i € {0,...,N — 1}, y;(AB,.) is the measurable function given by :

yi(AB,.) is the solution of OLS (yi(AB, ), K, 1/,-), (4.4.4)
where v; ;= Po (X;,...,Xy)" !, K, is any dense subset in the R!2-valued functions to (L(B(R})), P o
(X;)~™Y) and Vz := (x0,...,2n) € (RH)NFL,

N-1

yZ(AB7§) = <I>(33N) + Z Akf(ka(ABwkH)) + h(yk+1(AB,$k+1))ABk. (445)
k=i
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4.4.2 Algorithm Notations and algorithm

The solution y;(AB,.) of (4.4.4) will be approximated in a finite dimensional functional linear space,
as defined in the following :

Definition 4.4.2. Finite dimensional approximation spaces
For each i in {0,...,N — 1}, the finite dimensional approzimation space, denoted by Ky.;, is given by :

Ky, = {pfcyvi,j =1,...,card(Ky;)} (4.4.6)
where for all j, prY’i : RY — R satisfies the condition E[pﬁcy|2] < +o0.

The best approximation error of y;(AB,.) on the linear space Ky ; is given by

2
AB,Y .
BY ._ g [ t |y aB;, ) - H 4.4.7
i ap| iaf y ( )— ¢ (4.4.7)
The approximation error (4.4.7) involves explicit computations using the law of X, ..., Xn. We avoid

that by regressing using the empirical measure, instead of the law. The empirical measure is defined in
the following :

Definition 4.4.3. Simulations and empirical measure

Let MZAB denote the number of Monte Carlo simulations used for the regression at time t;. This number
will be denoted by M; to alleviate notations. At each discretization time t;, we sample M; independent
copies of X, that we denote by C; . i.e.

Ci:={X{"™,0<j < N,1<m < M}

C; is the cloud of M; simulations used for computations at time t;, for alli € {1,...,N —1}. In addition,
we assume that the clouds {C;,0,..., N —1}) are sampled independently. The random variables described
below are supported by a probability space (Q(M),}'(M),P(M)) equipped with the empirical probability
measure associated to the cloud C; :

1 M;
Vi M = M;é(xz(i’m)""’xg\j,mb. (448)

Then, the full probability space used to analyse the algorithm is (Q, F, P) = (Q,G, P) ® (Q(M), FAM) P(M)).

- We define the truncation operator [.]; by : [y]; = —C’f VyA C’f, where Cf is the bound computed in
Proposition (4.3.2).

Definition 4.4.4. Least-Squares MDP (LSMDP) Algorithm
We define ng)(AB, .), for all i, by the following algorithm :

() =a() (4.4.9)
and fori=N —1,...,0, we set
M (AB,.) as the solution of OLS(yi(M)(AB, .),/cy,i,ui,M) (4.4.10)
where Vo € (RY)N+L,
N—-1
VM(ABz) = ®(n)+ > Afu ) (AB, zi1))
k=1
(M)
+  h(Ypyi(AB, xp41)) ABy. (4.4.11)

Afterthat, we set

yM(AB,) = [@M)(AB, .)] i (4.4.12)

K2
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4.4.3 Error on the regression scheme

In this part, we will give Non asymptotic estimates for our algorithm. We will need the following lemma

2
Lemma 4.4.1. We define TlAiB]’V}/ := FEap b inf |y;(AB;,.) — ¢ } . This is the squared approzimation
’7 ex Vi, M

error of y; in the linear space Ky,; with respect to the empirical measure v; ar. Then, we have :

For all i €{0,...,N —1},
o <t (4.4.13)

We will make use of the following Proposition, based on the Proposition (4.5.1).

Proposition 4.4.1. For alli € {0,...,N — 1}, we have

2 2
Eap|[uaB,) —yM (@B, | < 2Bas||juaB,) -y @B, |
Vi,M
2028 d(K 1)log(3M
+ () (cardRysr) + DI0BBMiv1) (4 4 14y
M1
Proof. For alli € {0,...,N — 1}, one can write
2 2
Eap|[u(AB,) —y*(AB,)| | <2Bas|jaB,) -y (@B, |
Vi, M
(M) ? (M) ?
+ (Baljwas.) —y*@B,)| | - 2855 [uaB,) —y* @B, ) .
Vi,M
Then, we apply the Proposition (4.5.1). ]
Now, we are able to give the estimates on our conditional error. We set
P = \/EAB [l5:(8B,) — M AB R, | = [|lsi(aB.) — 5 ABIE Lo

as the the conditional error with respect to the empirical measure v; ps.
The following theorem gives the conditional regression error of the algorithm (4.4.9)-(4.4.12) for ap-
proximating solutions of (4.2.5).

Theorem 4.4.1. We assume that Assumptions (H1-H2) hold. Then, we have

N-1 N-2
n P <Oi+exp{LiT+ Ly Y \ABkl}{ > (LyAk+ L}L|AB/€|)6/€+1}7 (4.4.15)
k=1 k=1

where for all k in {0,...,N — 1}

O 1= (TlA,f];)% + (7ca7'd(le,k)>%Uyk (AB)

My,
N-2
+  VIOUC,] Y (LyA;+ Ly|AB; |)\/ (Card(lcy’j“ﬂ); Dlog@Mi1),
= j+1
and Ci == V2(L;A; + Ly|AB;)). (4.4.16)
N—-1
0y, (AB) 1= C¢ + T(L;CY + Cf) + (LnCy + Cn) Y |AB;]
=k
i c3r
and  (CP)* = exp{(2 +8L2)T + 213 Z IAB;[? }exp{( 1+212) S |AB; |}{ 422
7=0
N—-1
+ o202y |ABj\}. (4.4.17)

=0
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This estimation can be written also

N—-2

1 1 1
: aBy\z , (card(Ky;i)\ 2 (card(Ky,k+1) + 1)log(38M41)\ 3
0P < (rR51) + <T) 20y, (AB) + VIOUCE S7 (LpAi + Ly ABi|) v )’
[ k—i k+1
= = ABY 32 card(Ky,g+1)\ 3
+ V2exp{V2L;T +V2Ly > IABl} S (LpAy +Lh|ABk|){(TLk+’LM> + (Tﬂ> aykJrl(AB)}
k=i k=1
N-1 N-1 N-2
(G D)log(3Myi)\3
+ (2028)2 CPexp{VR(L;T+LLY | |ABR )V HL; T+ Ly> |AB|} Z(LfAk+Lh|ABk|)<(car ¢ Y”““]?; Jlos( ’““))2.
k=i k=i k=i k+

Remark 4.4.1. Theorem (4.4.1) gives non asymptotic error estimates for our algorithm, since the
constants of the upper bound for the error depend on the time discretization number N and the fixed
path (ABk)O <k N-1-

Remark 4.4.2. For a fized time discretization number N and a fized path (ABy)o < k < N—1, we obtain
the convergence of our algorithm by taking (My)o < k < n—1 and (card(Kyr))o < k < N—1 enough large.

Remark 4.4.3. In the case of BDSDFEs and unlike the standard BSDEs case , the we don’t have good
a.s. estimates for the process Y because of the backward martingale term. Obtaining such estimates is an
open question until now.

Now we will give the proof of Theorem (4.4.1), the main result of this section. We will introduce these
notations :
Notations for the proof of Theorem (4.4.1)
- First, we define the following o — algebras :
Ggr .= U(AB,CH‘I, ..., €N~y and g;”l:M = a(g;‘,X.(i’m):l sms M) foralli=0,...,N —1.

2

-After that, we define also ¢;(AB,.) as the solution of OLS (yi(AB, D, K, Vi7M>.
Proof. of Theorem 4.4.1
Since the truncation operator H _is 1-Lipschitz,

K2

yi(AB,.) — ™ (AB, )

i

Y,B
M; =

ui‘M‘ L2(AB)

- [lfsion.], - oo,

% 7

Vi,M’ L2(AB)

Then, plugging Eg:.1:: [m(AB, )} and Egin [ng)(AB, )} and using the triangle inequality, we get

Vi,}\/l:|

+ BB, ) - 6 (aB, )

Y,B
CE

Yi(AB,.) = g [i(AB, )]

, t H‘ng [%(AB, ) — v (AB, ')}

L2(AB vim I L2(AB)

. 4.4.18
L2(AB) ( )

Vi, M
We deal with each term in the previous inequality separately.

Ui(AB,.) = Egorar {wi(AB, .)} prca B (4418)

We note that for all m in {1,..., M;}, Egiam {yi(AB7Xi(l’m))} = 4:(AB, X"™)_ Tt follows from Pro-

position (4.5.2)-(iii) that Egia [wi(AB7 )} solves OLS(yi(ABi, D), Ky, yi’M). Then, we have

- Term H ‘
Vi, M

B(AB,) =~ Bguam [0i(AB, )]

yi(AB,.) — OLS(yi(ABZ-, ), Kya, VZ-,M)

pam = |

Vi, M Vi, M L2(AB)
= ol (4.4.19)
2
where TlA’fI(/}/ = FAp [zb ir]%f Yyi(AB;,.) — ¢ } is the approximation error with respect to the empi-
Y,i Vi M
rical norm.
M M .
- Term H‘Egi,m M (AB, )] - v (AB, ) M] ‘ prca M (AA18)

It can be controlled as follows :



4.4. Monte Carlo regression scheme 97

The terms Jii(M) (AB,.) are computed only using the clouds {Cx, k > i+ 1}. Thus, we obtain by Propo-
sition (4.5.2)-(iv)

i

EAB[

o3, (AB), (4.4.20)
Vi,M
where 03, (AB) is a 0(AB)-measurable random variable bounding the conditional variance
Var(Y*(AB, X’Xi — ;) uniformly in ;.

n (4.4.18) :
L2(AB)

We set EM(AB,x) i= E[yi(AB,X) ~ Y™ (AB, X)|X; =z, g;]. As Vi(AB, X) — YM(AB, X) are
computed only with the clouds {Ci,k > i + 1}, we have for all m

- Term H‘EQZ,LM {zpi(AB, ) — M (AB, .)}

Vi,M‘

Egiar [yi(AB,X@»m))—yz?M)(AB,X(ivm))} = &l AaB,xm).

Thus, by Proposition (4.5.2)-(i-iii), Egi.i:m [wi(AB, )= 1/)14(M)(AB7 )} solves

OLS (S%(AB, D), Ky, Vi’]u). Using Proposition (4.5.2)-(ii) in [35] (the property on Norm stability of the
OLS operator), we get

Eii [ (AB,.) — M) AB,.] ’H M (AB,. ‘ - H M(AB, X, .
H‘ g M w( ) wq’ ( ) vi,m 1 L2(AB) gY"l( )Vi,M L2(AB) 5Y’Z( ) L2(AB)
Using the triangle inequality, we get
N2
|edaB,x,) <Y L+ Ll ABD g1 (AB, Xii) = S (AB, Xy
g L2(AB) o ’ ’ kt1 ’ L2(AB)

Hence, by plugging the last estimation and the estimations (4.4.19) and (4.4.20) in the inequality (4.4.18),
we have

AR )2 (m) S (AB)

R A
N—-2
- kZ:: (LyAg + Ly|ABy) Hykﬂ (AB, Xp11) — y ) (AB, XkJrl)‘ pap (42

The Proposition (4.4.1) allows us to link the term Hyk+1(ABan+1) - y,(c]fl)(AB,XkH)H 2(a5) to the
L2(AB

Y,B
term 7, ;7 as follows :

Hyk+1(ABan+l) - Z/;%l)(ARXkH)’

< VanlB & CB\/2028(card(le,k+1) + 1)log(3Mp4 1)
k+1 i

L2(AB) Mip11
The inequality (4.4.21) becomes
=2 card(Ky i)\ 2
] 2
W< B LABIE + (25)) + (Cr) o ()
k=i ‘
2 (card(K ) + 1)log(3M}.+1)
+ V1014 C Z LfAi+Lh|ABi|) Yoktl g kil .
P M1
Thus, one can write
N-2
't s+ Y ool (4.4.22)

k=i
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where we set for all i € {0,...,N — 1}

o ABY) 2 card(Ky,i)\
0 = (7'1 M ) + ( M, ) oy, (AB)
N-2
+ VI0LACP S (LA + Lh|ABi|)\/ (card(Ky.i 1]\)4“1)1%(3%” ) (4.4.23)
k=1
and Ci == V2(LsA; + Ly|AB;|). (4.4.24)

We note that in the estimation (4.4.22), the error nZ-Y’B is bounded by a local error term J; and the sum

of the errors n:’B arising before the step 7. So we have to iterate this inequality to obtain an estimation
Y,B

onn;’

Writing the estimation (4.4.22) for the discrete time index i, we have

Y,B
;' < d; + Z Cknk+17

N-1

= 6 +CmiT + Cipiis + Y Comph (4.4.25)
k=1+3

First, we would like to bound the term C’mzj’ff in the right side of the previous inequality, then 772;’_]23 and

so on, until n}\/,’i. For that, we write the inequality (4.4.22) for the discrete time ¢ + 1 and we multiply
by C;. This gives

N-1
Cny < Cibip+Ci Y Cumlh
k=i+1
N-1
= Cidiy1 +C; Cz+1771+2 + G Z Cknk+1
k=1+2
Plugging the last inequality in (4.4.25)
N-1
0P < 8+ Cidi + (1+ C)Cipan} sy + (14 Ci) Z Cknk-H (4.4.26)
k=1+2

Now, we would like to bound the term (1 + Ci)CHmZ;_g in the previous estimation. So, we wright the
inequality (4.4.22) for the discrete time ¢ 4+ 2 and multiply by (1 + C;)C;41. This gives

N-1
1+ C)Cipmiys < (1+Ci)Cis1bira+ (1 +Ci)Cisr Y Ceni,
k=142
Plugging the last inequality in (4.4.26), we obtain
N-1
noP < 8+ Cidigr + (1 4+ C)Cip1iga + (14 C) (1 + Cigr) Z szkﬂ (4.4.27)
k=1+2

We see that the coefficient appearing in (4.4.27) for each error term n,i?’_Bl, for k > 1, is I‘kak where ka.
is defined by

Iy =M1+ C)) Vke{i+1,...,N -1}
and Pfi:—l.
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Thus, the error terms from i to N — 1 are bounded as follows :

N-1

<o+ FC C; 771+1 + 17 z+1cz+177z+2 + Z Clmkﬂ
=1+2

C 771+1 ngci(;iﬂ + ngCiCerlnH-Q + FC C; Z Cknk+1

k=1+2
N-1
C Y,B C C Y,B
Irit1Citaniys < Ui1Civadige + § i1 Cit1 Cemy
k=i+2

C

FZCN 3Cn— 377N iN—3CN—30N— 2+F1N 3ON—3CnN-— 277NB1

<T
FzCN 2CON— 277]\[ 1 <FICN oCN_20N_1.

Summing up the last inequalities from ¢ to N — 1, we obtain

N-2
P < 6+ Y T Crdgr. (4.4.28)
k=1

Now, we have to bound ng in the estimation (4.4.28). This is easily done as follows
I, < Ty =051+ V2LpA; + V204 AB))

N-1
< expf Z (V2L Ay + V2L, |ABL))}

k=i
N-1
= exp{V2L;T+ V2L, >  |AB|}.
k=i
Finally we obtain
N—-1 N—-2
n,L-Y’B <6 + \/iexp{\/iLfTJr 2L Z |ABk|} Z (LfAk —+ Lh|ABk‘)5k+1
k=1 k=1
1 1 N-=-2 1
aBy\z , (card(Ky,i)\3 B , 1 ( (card(Ky k41) + 1log(3Mp41) \ 2
< (WA + <T) oy, (AB) + VI014C} kg (Ly + LulABi) T )
~ ~ aBy 3z, (card(Kyrr1)\3
+  V2exp{V2L;T + V2L Z |ABR[} Y (LfAk + Lh\ABkl){(Tl o1, M) + (T) Uyk+1(AB)}
= k=i —+1
N-1 N-1 N—2 1
card(fG + 1)log(3M; 3
+ (2028)2 CPexp{V2(L;T+LLY . |ABy) }{LfT+LhZ|ABk|} Z LfAkJth\ABk\)(( Y’*‘*lj\)4k los( ’*1))2.
k=1 =i = —+1

O

4.5 Appendix
From [35], we state an upper bound result, for a sample deviation, uniformly on the function spaces.

Proposition 4.5.1. For finite B > 0, let G := {¢(76(.)) — 9(.) : ¢(.) € K}, where 75 := =BV ¢ A B,
¥ : R — [0,400) is Lipschitz continuous with 1(0) = 0 and Lipschitz constant Ly, ¥ : R — [-B, B], and
K is a finite K-dimensional vector space of functions. Then, for X1, ... XM) 4i.d.random variables
distributed as X, we have

M
Eap {Supgeg(/kg(m)Po XY (d) — % 3 g(X(M))J < 507(”%(’?\; DiogBM) 4 519y

m=1
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After that, we state a proposition, given always in [35] , which gives the properties of the least-squares
operator.

Proposition 4.5.2. Assume that K := spcm{pfc,j =1,...,card(K)}. Let S* solve OLS(S,K,v) (repec-
tively OLS(S,K,var)), according to (4.4.2) (repectively (4.4.3)). The following properties are satisfied :
(i) linearity : the mapping S — S* is linear.

(i) Norm stability property : ||S™|| 1, sri),m) < 1S Ly BR1 Y0, where = v (Tespectively = var).

(1) conditional expectation solution : in the case of the discrete probability measure vy, assume additio-
nally that the sub — o —algebra Q is such that {pfc(/\’(m)),m =1,...,M} is Q—measurable, for every
je{l,...,card(K)}. Setting So(X(™) = E{S(X(T”))‘Q} for eachm € {1,..., M}, then E[S* Q} solves
OLS(Sgo,K,vn).

(iv) bounded conditional variance : in the case of the discrete probability measure vy, suppose that S(w, )
is G @ B(R")— measurable, for a sub — o —algebra G, independent of o(XM) ... XM there exists a
Borel measurable function h : Rh — ¢, for some Euclidean space €, such that the random variables
{pfc()((m)),m =...,M,j=1,...,M} are H := o(X™) m = 1..., M)—measurable, and there ezists a
finite constant 0® > 0 that uniformly bounds the conditional variances

E“S(X(m)) — E[S(x™)|G v ’HH|2‘G \/H} < 0?Pp —a.s. and for allm € {0,..., M}.
Then
yeard(K)

B[15°() = BIS"(OIGV HIIZ, aan) o

G\/’H} <o

7V1\4)



CHAPITRE 5

Hastings-Metropolis algorithm on
Markov chains for small probability
estimation

5.1 Introduction

The study of neutronics began in the 40s, when nuclear energy was on the verge of being used both for
setting up nuclear devices like bombs and for civil purposes like the production of energy. Neutronics is
the study of neutron population in fissile media that can be modeled using the linear Boltzmann equation,
also known as the transport equation. More precisely, it can be subdivided in two different sub-domains.
On the one hand, criticality studies aim at understanding the neutron population dynamics due to the
branching process that mimics fission reaction (see for instance [71] for a recent survey on branching
processes in neutronics). On the other hand, when neutrons are propagated through media where fission
reactions do not occur, or can safely be neglected, their transport can be modeled by simple exponential
flights [72] : indeed, between each collisions, neutrons travel along straight path distributed exponentially.

Among this last category, shielding studies allow to size shielding structures so as to protect humans
from ionizing particles, and imply, by definition, the attenuation of initial neutron flux typically by several
decades. For instance, the vessel structure of a nuclear reactor core attenuates the thermal neutron flux
inside the code by a factor roughly equal to 10'3. Many different national nuclear authorities require
shielding studies of nuclear systems before giving their agreement for the design of these systems. Examples
are reactor cores, but also devices for nuclear medicine (proton-therapy, gamma-therapy, etca). The study
of those nuclear systems is complicated by 3-dimensional effects due to the geometry and by non-trivial
energetic spectrum that can hardly be modeled.

Since Monte-Carlo transport codes (like MCNP [50], Geant4 [2], Tripoli-4 [29]) require very few hy-
potheses, they are often used for shielding studies. Nevertheless, those studies represent a long-standing
numerical challenge for Monte-Carlo codes in the sense that they schematically require to evaluate the
proportion of neutrons that "pass" through the shielding system. This proportion is, by construction,
very small. Hence a shielding study by Monte-Carlo code requires to evaluate a small probability, which
is the motivation of the present paper.

There is a fair amount of literature on classical techniques for reducing the variance in these small-
probability estimation problems for Monte-Carlo codes. Those techniques often rely on a zero-variance
scheme [43, 42, 12] adapted to the Boltzmann equation, allied with Aweight-watching& techniques [13].
The particular forms that this scheme takes when concretely developed in various transport codes range
from the use of weight windows [17, 42, 43, 50], like in MCNP, to the use of the exponential transform
[14, 29] like in Tripoli-4. Nowadays, all those techniques have proven to be often limited in view of full-
filling the requirements made by national nuclear authorities for the precise measurements of radiation,
which standards are progressively strengthen. Thus, new variance reduction techniques have been recently
proposed in the literature (see for instance [30] for the use of neural networks for evaluating the importance
function).

This paper deals with the application of the recent interacting-particle method developed in [36], for
small probability estimation, to a neutronic shielding’s Monte Carlo code. The method proposed in [36]
have interesting theoretical properties and is particularly efficient in practical cases. Nevertheless, its
application to shielding studies with Monte-Carlo codes is not straightforward. Monte-Carlo codes consist
in sampling the trajectory of a neutron which can, depending on the complexity of the physical modeling,
be the realization of a discrete-time branching process or stochastic process. Indeed, since a neutron
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travels along straight paths between collisions, there is no loss of information in considering only the
characteristics of the collisions (dates, positions, energies, subparticle creations) as random.

In view of simplifying the matter, the subparticle-creation phenomena are not taken into account,
neither is the energy dependence. We consider here the simplified but realistic case of a monokinetic
particle (constant speed, no offsprings). Then a particle trajectory is just a set of successive collisions
and constitutes a Markov chain. Furthermore, with probability one, the particle is absorbed after a finite
number of collisions. The small probability we are interested in is the probability that a particle "pass"
through a shielding system and reach a domain of interest before absorption.

The method proposed in [36] relies on the Hastings-Metropolis algorithm [55, 41] for practical imple-
mentation. This algorithm is clearly a textbook method when applied to probability distributions on
the Euclidean space. Nevertheless, we have discussed below that small probability estimation problems
in neutronic codes involve Markov Chains instead of random vectors. Thus, it is not automatic to ap-
ply the method of [36] to these kind of problems. Our contribution is two-fold. First, we show how the
Hastings-Metropolis algorithm can be extended to the case of Markov chains that are absorbed after
finite time. Second, we apply the resulting method to an academic one-dimensional case and to a two-
dimensional case, representing a monokinetic-particle model in a simplified but realistic shielding system.
The smaller the probability to estimate is, the more the interacting-particle method clearly outperforms
a simple-Monte Carlo method.

The manuscript is organized as follows. In section 5.2 we give a reminder of the interacting-particle
method [36], and highlight the need of the Hastings-Metropolis algorithm. In section 5.3, we prove the
validity and the convergence of the Hastings-Metropolis algorithm applied to Markov Chains absorbed
after a finite time. Then in section 5.4, we present the one and two-dimensional cases. We give the actual
equations for the small probability estimation method. At last in section 5.5, we present numerical results
in the one and two-dimensional cases.

5.2 Reminder on the interacting-particle method for small pro-
bability estimation

We present the interacting-particle method [36] and highlight its need of the Hastings-Metropolis (HM)
algorithm for practical application.

We consider a probability space (2, F, P), and a measurable space (5,S,Q). We consider a random
variable X from (9, F, P) to (S,S, Q). We assume that we are able to sample realizations of X.

We consider an objective function ® : S — R, for which we only assume a continuous cumulative
distribution function F. The interacting-particle method aims at estimating the probability of the event
®(X) > 1, for a given level [ € R. We denote this probability p.

The method can be presented in two steps. First, we assume that an ideal, or a theoretical, method
can be implemented exactly. In this case, the finite-sample distribution of the corresponding estimator of
the probability p is known exactly, so that exact finite-sample confidence intervals are available. Further-
more, the limit, for large number of sampling from X, of the probability estimation error, has attractive
properties as shown in [36]. The ideal method is presented in section 5.2.1.

Nevertheless, this ideal method can not be implemented exactly for a large range of practical problems.
Thus, it is proposed in [36] to approximate the ideal method by using a HM algorithm. This is presented
in subsection 5.2.2.

5.2.1 The theoretical version of the interacting-particle method

In this section 5.2.1, we assume that we are able to sample realizations of X, conditionally to the event
®(X) > t, for any t € R. This is a strong assumption, which is why the corresponding method that we
present is called the ideal method.
The ideal algorithm for estimating p is then parameterized by a number of particle N and is as follows.
Algorithm 5.2.1
— Generate an iid sample (X1, .., X ), from the distribution of X, and initialize m = 1, L; = min(®(X4), .., 2(Xn))
and X! = Xl,...,X}V = Xn.
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— While L,,, <1 do
—Fori=1,...N
~ Set X" = X" if ®(X™) > L,,, and else X" ™' = X* where X* follows the distribution of X
conditionally to ®(X) > L,,, and is independent of any other random variables involved in the
algorithm.
- Set m=m + 1.
— Set Ly, = min(®(X7"), .., 2(X)).
— The estimate of the probability p is pipm = (1 — %)
For each finite N, the ideal estimator p;p,, obtained from algorithm 5.2.1 has an explicit distribution
that is detailed in [36]. In this paper, we just consider two properties of p;pm,. First, the estimator is

unbiased : E(Pipm) = p. Second, asymptotic 95% confidence intervals, for N large, are of the form

R | —logpipm | . | —1ogpipm
Iy, = [pipmexp (—1.96 Np> , Dipm€XDP (1.96 Tp . (5.2.1)

is asymptotically equivalent (for N large) to the event p;p,, € I,

m—1

Finally, we notice that the event p € I;

Pipm

with Ip as in (5.2.1), with P;p., replaced by p. We will use this property in section 5.5.

5.2.2 Practical implementation of the interacting-particle method with the
Hastings-Metropolis algorithm

For practical implementation of algorithm 5.2.1, the only problem we have to solve is the conditional
sampling, with the distribution of X, conditionally to ®(X) > ¢, for any ¢ € R.
An application of the HM algorithm is proposed in [36]. For this, the following is assumed
— The distribution of X has a probability distribution function (pdf) f with respect to (5,8, Q). For
any x € S we can compute f(z).
— We dispose of a transition kernel on (5,8, Q) with conditional pdf k(z,y) (pdf of y conditionally to
x). We are able to sample from x(z,.) for any € S and we can compute x(z,y) for any z,y € S.
Let t € R and = € S so that ®(x) > ¢. Then, the following algorithm enables to, starting from x, sample
approximately with the distribution of X, conditionally to ®(X) > ¢. The algorithm is parameterized by
a number of iterations 7' € N*.
Algorithm 5.2.2.1
— Let X ==x.
— Fori=1,...,T
— Independently from any other random variable, generate X* following the (X, .) distribution.

CHB(XY) >t
_ _ [XR(XTX)
Let r = FXOR(X X -
— With probability min(r, 1), let X = X*.

— Return X.
The random variable returned by algorithm 5.2.2.1 is denoted Xr(z).
For consistency, we now give the actual interacting-particle method, involving algorithm 5.2.2.1. This
method is parameterized by the number of particles N and the number of HM iterations 7.
Algorithm 5.2.2.2
— Generate an iid sample (X7, .., X) from the distribution of X and initialize m = 1,
Ly = min(®(X1),..,®(Xy)) and X = X1,..., X} = Xn.
— While L, <1 do
—Fori=1,...N
— Set le“ = X" if ®(X™) > L, and else pick at random an integer J among the integers
1 <j < N so that ®(X") > Ly,. Then, let X"t = Xp(X77), with the notation of algorithm
5.2.2.1.
- Set m=m + 1.
- Set Ly, = min(®(X7"), .., 2(X¥)).
~ The estimate of the probability p is pipm = (1 — %)™ L.
The estimator P of algorithm 5.2.2.2 is the practical estimator that we will study in the numerical
results of section 5.5.
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In [36], it is shown that, when the space S is a subset of R4, under mild assumptions, the distribution
of the estimator of algorithm 5.2.2.2 converges, as T — +00, to the distribution of the ideal estimator
of algorithm 5.2.1. For this reason, we call the estimator of algorithm 5.2.1 the estimator corresponding
to the case T = +o00. We also call the confidence intervals (5.2.1) the confidence intervals of the case
T = +oo0.

Nevertheless, the space S we are interested in is a space of sequences that are killed after a finite time.
Thus, it is not straightforward that the convergence, as T — +o0, discussed above, hold in our case.
Furthermore, even the notion of pdf on this space of sequences has to be defined.

This is the object of the next section 5.3, that defines the notion of pdf, on a space of sequences that are
killed after a finite time, and that gives a convergence result for the HM algorithm. The definition of the
pdf is also restated in section 5.4, so that sections 5.2 and 5.4 are self-sufficient for the implementation of
the small-probability estimation method in the one and two-dimensional cases.

5.3 An extension of Hastings-Metropolis algorithm to Markov
chain sampling

5.3.1 Introducing Markov Chains Killed Out of a Domain

The dynamic of the collisions is described by a Markov chain (X,,), > o with values in R¢ and a pro-
bability transition function g. The study of the detection probability for the collisions occurs only in a
restricted area. We decide to censor the model and redefine it to obtain accurate theoretical results.

Let D be an open bounded subset of R? and D be its C> boundary. D constitutes the domain of
interest. We modify the transition function (X, ), > o as follows

k(z,dy) = (q(z,y)1p(y) dy + p(x, D)6 (dy))1p () + da(dy)la ()

where A is a cemetery point and
pe D% = [ atedy
DC

This representation describes the following dynamic :
— while (X,), > ¢ is inside D, it behaves with a transition kernel that could push it outside D. We use
the already define ¢ which reflects the collision dynamic.
— when (X,,), > 0 hits D, it is killed and send to the cemetery point A where it stays. This way we
censor the neutrons and keep only the collisions inside D.
We call this model Markov Chain Killed Out of a Domain, MCKOD for short.

5.3.2 Formulation of the Hastings-Metropolis algorithm

For self-sufficiency of section 5.3, we start by giving a formulation of the Hastings-Metropolis Algorithm
[55, 41] for sampling a distribution « that admits a density versus a measure II. The main idea is to define a
Markov chain (Y,,), > o that converges in distribution to . To construct (Y,), > o, we use an instrumental
Markov chain (Z,,), > o and an acceptation-rejection function r. We denote by x the probability transition
function of (Z,)n, > o and I' the transition kernel of (Y},),, > 0. We assume that x and I" admit a density
versus the same measure II. Step by step, the algorithm is :

— Introduce a starting point = and use it to sample a transition y of (Z,)n > o.

— Accept or reject this transition using 7.

— If the sample is accepted redo the procedure with y , else redo with the starting point.

With enough repetitions of this procedure, the distribution of y is approximately 7. Following [41] and
[67], a formula of T is
[(u, dv) = E(u, v)II(dv) + 7(u)d, (dv)

where
R(u,v) =
0, ifx =y,
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and

Flu)=1-— /p(u,v)H(dv).

For the acceptation-rejection function, following [67], we choose

min M if y(u)r(u,v
oy = i {2 Lt us(n) > 0

1, if y(u)r(u,v) =0

This is the case presented in algorithm 5.2.2.1. It ensures the reversibility condition required in [67] to
prove that II is invariant for I'. In those books, a state space endowed with a countably generated o-
algebra and a good topology is a basic condition for most of the definitions and results. A priori, our
MCKOD do not stick with that. In addition, we need to introduce a measure II. Thus, section 5.3.3 is
devoted to solve these two points. In addition, according to [67], the kernel I' is irreducible only if the
instrumental kernel « is irreducible. Then, section 5.3.4 defines a family of instrumental and prove their
irreducibility. Finally section 5.3.5 gives the proof using the results in [56], [60] and [67].

5.3.3 State space, distribution and density for MCKOD

Let (Q,F,P) be a probability space and g(x,y) a probability transition kernel on R? x B(R9) with
density w.r.t. the Lebesgue measure. Let D C R? be an open bounded subset with C* boundary dD. We
suppose that 0 € D and is the cemetery point. We set Dy = D U {0}. We introduce the space

co={(Un)n>0€ DSI : Ing € N,Vn = ng, u, = 0},

equipped with the distance
doo(u,v) = max d(uy — vy )Ra

and denote by B(cg) the Borelian o-algebra. We want to see the Markov chain (X,), > o as a random
variable :

X:(Q,F,P

w

— (Co, B(Co))
= (Xn(@)n >0
A tricky point is the measurability with B(cg). But, we have the measurability with

F = \/B(Dy).

i=0

Thus, the following result give it :
Proposition 5.3.1. Let F., be the restriction of F to the subspace co. Then,
?Co = B(co)

Proof. Let p, be the projection from cg in Dy who associates u,, to u. This application is Lipschitz. In
fact, let v and v be in ¢, we have d(u,, — v,) < d(u — v). Consequently, every projection is measurable
and F., C B(cp).

Let show the inclusion B(co) C F.,. We know that (¢, dw,) is separable. We denote by S a dense subset.
B(cp) is generated by the ball of radius p € QN Dy and center point u € S. Thus, it is enough to show
that the ball B(p,u) is in F,,. So, we write

+oo
B(pa u) = ﬂ {U S COad(un - Un) < p}

n=0

and because each member of this intersection is in F,, we have the desired result. ]
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Let Us define
An ={u€cy:up € D,Vk <nand u =0,Vk > n}.

The family (A, )n > o is a partition of the space ¢y. We introduce the family of projections (7, )n > o, with :
Ty i Ay — D™
urr (U1, 0, Up),

and the measure on ¢y

“+o0

M(dz) =Y An(m, ' (dz))1a, (2),

n=1

where )\, is the Lebesgue measure on D". We have the following result :

Proposition 5.3.2. The distribution v of a MCKOD (X,,)n > o starting from x is absolutely continuous
versus II. The density is given by :

“+oo
> [ ] b na@n ) deda 1, @)
n=1

where
ap(x,zn) = q(w,21) - q(@n_1,7) Ip(21) - - 1p(70).

Proof. We fix n > 0 and we restrain II to A,,. Suppose that A € B(cy) with II(4) = 0, we have

Y(ANA,) =P((X1, -, Xn) €Epn(ANA,), X1 € DY)
= P((X1,---,Xn) €pn(ANA,)) x p(X,, DY)

= / QE(I,%) dz, Xp(Xn,DC)
T (ANAL)

q" (x,y) is absolutely continuous versus A, and A, (AN A,) =114, (A) = 0. Using the classical formula :

P(XeA):ioP(Xe (ANA,)) =0,

n=0
we conclude that P(X € A) = 0. For the density, the result comes from the expression

P(T=n+1)= / ap(z, xp) dxy, x p(X,,0)
T (ANA,)

:/ / 45 (%, Tn)q(Tn, Tni1) drndrn i
pc Jpc

:/Dc /Dc/q(x,xl)~--q(xn_1,xn) 1p(x1)

ce 1D(53n) Q(zna $n+1) dzy---dxy, d$n+1,

where T is the first time X hits D€. Thus, the mass is one. (]

5.3.4 Some Il-irreducible instrumental kernels on ¢,

We introduce and study the Markov chain on ¢ starting from w with kernel :

+oo
k(u, dv) = Z O(u, Ag)vi(u, dv)ly, (v)
k=1

where we suppose

— For each u € ¢y, the sum of the (O(u, Ax))k > o is one.

— (vg(u,dv)) > 1 is a family of probability transition kernels on D”.
This statements insures that x is a probability transition kernel on ¢y. We describe the behavior of the
chain :
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— from a sequence u, we change the number of non-null points using the family (©(u, Ax))k > o-

— for each non-null point, we change its position using a probability transition kernel from (v (u, dv))g > 1.
This kind of Markov chains will serve as the so-called instrumental chains for the Hastings-Metropolis
algorithm. We give the following definition for the irreducibility of a chain :

Definition 5.3.1. Let G be a topological space, G a o-algebra on G, m a probability measure and i a
probability transition kernel. We say that A € G is attainable from x € G if :

' (x, A) > 0 for somen > 1.
We say that the set B € G is m-communicating if :
Vo € B,VA € G such that A C B, m(A) > 0, A is attainable from x.
In addition, if G is m-communicating, the chain is m-irreducible

The v-irreducibility of the instrumental kernel is required for the irreducibility of the Metropolis chain
and the convergence of the algorithm. Thus, the following results are crucial and permit us to have usable
kernels.

Proposition 5.3.3. If k is a probability transition kernel satisfying
— For every u € ¢y and k > 0, ©(u, A;) > 0.
— for each k = 1, vi(u, dv) is absolutely continuous w.r.t. the Lebesgue measure in D™.
— for each k > 1, v (u, dv) is irreducible for the Lebesgue measure in D™.
then
— K is absolutely continuous versus II.
— k 1s Il-irreducible.

Proof. The absolute continuity is induced by the definition and the third hypothesis. The proof is totally
analog to 5.3.2. Thus, we only show the II-irreducibility. Let A € B(cg) be a II-positive subset and u € ¢
a sequence. We want to prove that :

K" (u, A) > 0, for some n > 1.

This result naturally holds if we show for all ¥ > 0 and for all A C A; that A is attainable from u € ¢g.
We fix k > 0 and choose A C Aj. From the definition of x, we have

K(u, A) = / O(u, Ag) v (u, dw) dw.
A
Thus, we only have to prove that
/ v (u, dw) dw > 0.
A
The absolute continuity and the irreducibility of the (vk(u,dv))y > ¢ induce that

for every k > 0 and \,-positive set A, v;*(u, A) > 0 for m = 1.

Indeed, suppose the opposite, for each m > 1 we have

V,’C”(wA):/A/D---/Duk(u,vl)---Vk(uwm)dvy--dvm:0

and we have a conflict with the irreducibility. Finally,

/ vi(u,y)dy >0
A
and the result is proved. (]

Corollary 5.3.1. With the same hypothesis as in 5.3.3, k is y-irreducible.

Proof. A result of [60] says that : if a kernel x is Il-irreducible and there is a measure v which is
absolutely continuous versus II, then k is «-irreducible. (]
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5.3.5 Convergence of the extended Hastings-Metropolis Algorithm

Before proving the convergence of the algorithm, we give an example of (O(u, Ay))x > 0 and (vg(u, dv))k > 1
for which the result hold. G denotes the geometric distribution adapted to N. For each u € ¢y, we choose
it for ©(u, Ar) = P(G = k). Let g denote the density of the uniform distribution inside D. We take

k

() = [Jot)

and one could see that it satisfies the hypothesis of the result below.

Proposition 5.3.4. If k is probability transition kernel satisfying satisfying the same hypothesis as in
5.3.3 and
— for every k > 0,
infy,ce,©(u, Ag) > 0.
— foreach k> 1,
infe prg(u, dv) > 0.

Then, the Hastings-Metropolis kernel I' converge to ~.

Proof. In order to prove the convergence, we follow [67]. Consequently, we have to show that T is -
irreducible and v{7(u) > 0} > 0. We start with the y-irreducibility. Let A € B(co) be a y-positive subset
and u € ¢y a sequence. We want

I'"(u, A) > 0, for some n > 1.

We use the same approach as in the proof of proposition 5.3.3. For fixed £ > 0 and A C Ay, we study

E(u,A):/Afi(u,w)r(u,u))ﬂ(dw).

Since the second term in the expression of I is positive, the «-irreducibility of % is fairly enough. We recall

that o |
in § D if y(u)s(u, w
T(uav): mln{w(u)ﬁ(u,’w)71}’ f7< ) ( ) )>0.

1, if y(u)k(u,w) =0

If v(u)O(u, Ak )vk(u,w) = 0 on A ~y-almost-surely, then the proof is trivial with the y-irreducibility of .
This is the same if

y(w)r(w, u) o1
Y(w)k(u, w)
on A ~-almost-surely. Thus, we have to check that
— Y(w)r(w, u)
R(u, A z/ﬁu,w c————TI(dw) > 0
o= [ Gty )

Suppose that u € A;, then

_ _ [ 24 w)Ow Aju(w,y)
/@(u,A)—/A () dwy - - - dwy,
:/ 4, (W)O(w, A (w, u) dwy - - - dwy,
A IVAZ(U’) .

Because 74, (u) is strictly positive on A vy-almost-surely, otherwise we are back to the previous case. With
the two lower-bound hypotheses, the problem is reduced to

/ Ya, (w) dwy - - - dwy, > 0,
A

which is trivially true. For the aperiodicity, the probability to stay inside a Ay is positive. If we take A C Ay
such that 4, (4), the probability to reach it is positive, since vy is y4,-irreducible (see hypotheses in
5.3.3 and corollary 5.3.1). ]
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5.4 Practical implementation in dimension one and two

In section 5.4 we present the one and two-dimensional cases, for which the results of the interacting-
particle method of section 5.2 are presented in section 5.5.

The interacting-particle method 5.2.2.2 necessitates, as we have seen, to evaluate pdf on Markov-chain
trajectories with finite number of non-absorbed points. These pdf have been defined in section 5.3. They
are redefined in definition 5.4.1 and proposition 5.4.7 so that section 5.4 is self-sufficient.

The actual values of these pdf, for the one and two-dimensional cases, are also given in section 5.4.

5.4.1 Some general vocabulary and notation

Throughout section 5.4, we consider a monokinetic particle (a particle with constant speed and yielding
no subparticle birth) evolving in R, with d = 1,2. This particle is created at the source point s € R?,
that is the birth of the particle takes place at s.

The trajectory of the monokinetic particle is characterized by its collision points, which constitute a
Markov chain. The sequence of collision points is written (X,,),en+. The birth of the particle takes place
at s, that is Xo = s. After its birth, the monokinetic particle travels along straight lines, with random
distances and directions, between its collision points, until it is absorbed. The absorption happens almost
surely after a finite number of collisions.

The distribution of the Markov chain of the birth and collision points (X, )nen is characterized by, first,
a function P,(t) : R? — [0, 1], so that P,(t) is the probability of absorption for a collision taking place at
t. Second, the distribution is characterized by the pdf q(t;,ts) : R x R — R¥ so that q(t1,.) : R? — Rt
is a pdf.

The behavior of the monokinetic particle is then as follows. At a collision point X,,, for which the
monokinetic particle has not been absorbed yet, one and only one of the two following events can randomly
happen. First, the particle can be absorbed during the collision. In this case, we define this absorption
by the equality X,, = A for any m > n. The point A € R? symbolizes that the monokinetic particle
has been absorbed. It is called the cemetery point, similarly to section 5.3. The choice of the cemetery
point A is of course arbitrary, as long as it is distinguished from the source point, that is A # s. If the
monokinetic particle is not absorbed during the collision, it is scattered. In this case, the position of the
next collision point X,,4+1 has the ¢(X,,.) pdf.

Thus, eventually, the sequence (X, ),en of collisions points of the monokinetic particle is a Markov chain
that has the property that, almost surely, there exists m € N so that X,, = A for n > m. This is the type
of Markov Chains that are covered in section 5.3. We say that the monokinetic particle is active at time
n, or at X,,, or before collision n, if X,, # A.

Finally, when the Markov Chain of a monokinetic particle (X;);en has been sampled, and is equal to
(2;)ien we call the sequence (z;);en- of its collision points a trajectory of the monokinetic-particle. (There
is no loss of information in that a trajectory does not store the deterministic source point zy = s.)

Remark 5.4.1. Strictly speaking, it is possible that a collision n takes place at position A, that is X,, = A,
though the monokinetic particle has not been absorbed before X,,. Nevertheless, in this section 5.4, we only
consider transition kernels q(.,.) that are absolutely continuous with respect to the Lebesgue measure. Thus,
almost-surely, the cemetery point A identifies without ambiguity that the monokinetic-particle has been
absorbed.

5.4.2 Description of the one-dimensional case and expression of the probabi-
lity density functions

In this section 5.4.2; we consider an academic Monte-Carlo problem similar to the shielding studies, but
for which a monokinetic particle evolves in a one-dimensional space.

5.4.2.1 A one-dimensional random walk

We consider that the monokinetic particle evolves in R. As described in section 5.4.1, the birth of the
particle takes place at 0, that is Xy = s = 0. In the one-dimensional model we define, when the monokinetic
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particle has not been absorbed, the signed-distance traveled between two collisions is a Gaussian variable.
That is, if X,, # A, we have X,,41 = X, + €n41, where the (g;);en+ are iid and follow a N(0,02 ;)
distribution.

Finally, at each collision point X,,, the probability of absorption is one if X,, < Linf or X;, > Ly,
where L,y < 0 < Lgyp. If a collision point is L,y < X5 < Lgyp, the monokinetic particle is absorbed
with probability 0 < P, < 0, and is scattered with probability 1 — P,.

The event of interest is here that the monokinetic particle reaches the domain (—oco, L;, f]. When using
the interacting-particle method of section 5.2, this event is traduced by the event ®(x) > 0, with ®(x) =
Ling — inf;en+.z,2A%;. Notice that, almost-surely, the infimum is over a finite number of points.

The one-dimensional case presented here reproduces some key features of the shielding studies by Monte
Carlo code described in sections 5.1 and 5.4.1. Indeed, the monokinetic particle travels a random distance,
toward a random direction (positive or negative), between two collision points, and random absorption is
considered. The particle is absorbed after a number of collisions that is random and almost-surely finite.
By setting P, sufficiently large, and L;, s sufficiently away from 0, we will see that we can tackle problems
with arbitrary-small probabilities. Thus, in section 5.5, we will consider a probability small enough so
that the interacting-particle method of section 5.2 outperforms a simple-Monte Carlo method.

Finally, notice that an important feature of the two-dimensional case of section 5.4.3, that is not reprodu-
ced by the one-dimensional case, is the presence of different media, and the medium-crossing phenomena.

5.4.2.2 Expression of the probability density function of a trajectory

We now give the expression of the pdf (with respect to the setting of definition 5.4.1 and proposition
5.4.7) of a trajectory obtained from the one-dimensional model above. We let (z;);en+ be the sequence of
collision points (the trajectory) of a monokinetic particle. We let D = (Lipn¢, Lsup). We denote ¢, »2(t)
the pdf at ¢ of the one-dimensional Gaussian distribution with mean m and variance o2.

Similarly to section 5.3, we define A,, = {(z;)ien+,2; # A,V1 < j <n—1,2, = A,Vk > n}, that is the
set of trajectories that are absorbed at collision point n — 1 (so that they are in the absorbed state from
collision point n and onward).

Proposition 5.4.1. The pdf, with respect to (co,S,I1) of definition 5.4.1 and proposition 5.4.7, of a
tragectory (n)nen+, sampled from the procedure of section 5.4.2.1, is f(x) = > cnv 1,0 (%) fr(2), with

n—1

fa@) =TT (Le.en60, 0

i=1

0, (@) (1= P)) &, o2, (@) (Legp + Pale,ep),

mk

where xg = 0 by convention.

Several comments can be made on proposition 5.4.1.

The pdf of proposition 5.4.1 has to be evaluated for each trajectory, either sampled from its initial
distribution, or from a perturbation method in the HM algorithm 5.2.2.1. The perturbation methods are
presented below in sections 5.4.2.3, 5.4.2.4, 5.4.2.5 and 5.4.2.6.

There is a mild difference between proposition 5.3.2 and proposition 5.4.1. In proposition 5.3.2, when
the monokinetic particle goes outside the domain of interest D, and consequently is absorbed, the collision
point in the exterior of D is not stored in the trajectory of the monokinetic particle. Indeed, the exact
value of this point is not needed to assess if the monokinetic has reached the domain (—o0, L;, ¢]. However,
by not storing this point, the pdf of proposition 5.3.2 necessitates to know the probability that, starting
from a birth or scattering point in the domain D, the next collision point lies outside D. This probability
is not known explicitly in the framework of section 5.4.3, and a fortior:i in shielding studies involving
more complex Monte Carlo codes. To avoid evaluating this probability numerically each time a pdf of a
trajectory is computed, we store the collision points outside the domain D. Notice that this, inevitably,
add some variance in the HM method, because we use a source of randomness (the exact collision point
at which the monokinetic particle leaves D) that does not impact the event of interest.

The evaluation of a pdf like that of proposition 5.4.1 is an intrusive operation on a Monte Carlo code.
Indeed, it necessitates to know all the random-quantity sampling that are done when this code samples
a monokinetic-particle trajectory. Thus, the Monte Carlo code is not used as a black box.
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Nevertheless, the computational cost of the pdf evaluation is of the same order as the computational
cost of a trajectory sampling, and the same kind of operations are involved. Namely, both tasks require
a loop which length is the number of collisions made by the monokinetic-particle before its absorption.
Furthermore, for each random quantity that is sampled for a trajectory sampling, the pdf evaluation
requires to compute the corresponding pdf. For example, in the case of proposition 5.4.1, when a trajectory
sampling requires to sample n Gaussian variables and n or n — 1 Bernoulli variables, the trajectory-pdf
evaluation requires to compute the corresponding Gaussian pdf and Bernoulli probabilities.

The discussion above holds similarly for the two-dimensional case of section 5.4.3.

5.4.2.3 Description of the trajectory perturbation method when P, =0

For clarity of exposition, we present first the perturbation method when P, = 0. In this case, the
monokinetic particle is a random walk on R, that is absorbed once it goes outside D.

The perturbation method is parameterized by o7, > 0. Let us consider an historical trajectory (x;);en-,
absorbed at collision n. Then, the set of birth and collision points of the perturbed monokinetic-particle
is an inhomogeneous Markov chain (Y;);en. This inhomogeneous Markov chain is so that Yy = 0. Then, if
1 < n—1, and if the perturbed monokinetic particle is still in D at collision point i, we have Y; 1 = Y;+¢€;41,
where the (¢;)1 < i < n are independent and where ¢; follows a N'(z; — x;_1,07%,,) distribution.

Similarly to the initial sampling, the perturbed monokinetic particle is absorbed at the first collision
point outside D. If the collision point Y;, of the perturbed monokinetic particle is in D (contrary to x,
for the initial trajectory), the sequel of the trajectory of the perturbed monokinetic particle is sampled
as the initial monokinetic particle would be sampled if its collision point n was Y,,.

This conditional sampling method for perturbed trajectories is intrusive : it necessitates to change the
stochastic dynamic of the monokinetic particle. Nevertheless, the new dynamic is here chosen as to have
the same cost as the unconditional sampling, and to require the same type of computations. This is similar
to the discussion following proposition 5.4.1.

5.4.2.4 Expression of the probability density function of a perturbed trajectory
when P, =0

We now give the expression of the conditional pdf (with respect to the setting of proposition 5.3.2) of
a trajectory obtained from the one-dimensional perturbation method above.

Proposition 5.4.2. Let us consider an historical trajectory (x;);en+, absorbed at collision n. The condi-
tional pdf, with respect to (co,S,II) of definition 5.4.1 and proposition 5.4.7, of a trajectory (yn)nen-
sampled from the procedure of section 5.4.2.3, is k(x,y) = > cne LA,y (Y) fum (2, y) where, if m <n

m—1

fn,m(xvy) = H (1yi€D¢yi—1+(Ii—$i—1)70im (y1)> 1y7n€D¢y1n—1+(fI:m,_-'L‘m,—l)yo'%”n (ym)7
i=1

and if m > n,

n

fn,m(xvy) = H(1yiEDQSyi_l—Q—(aci—mj_l),a%m(yi))

i=1

m—1
X H (1yi€D¢yi,1,afnk (yl))

1=n+1
]'y'm Q'Dd)ym_l ,ank (ym)7

where yo = 0 by convention.

Similarly to the discussion following 5.4.1, the computation of the conditional pdf of a perturbed tra-
jectory has the same computational cost as the sampling of this perturbed trajectory.
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5.4.2.5 Description of the trajectory perturbation method when P, > 0

Let us now consider the general case where P, > 0.

The perturbation method is parameterized by U%m > 0 and 0 < P, < 1. Let us consider an historical
trajectory (z;);en+, absorbed at collision n.

As when P, = 0, the set of birth and collision points of the perturbed monokinetic-particle is an
inhomogeneous Markov chain (Y;);en, so that Yo = 0. As when P, = 0, we modify the increments of
the initial trajectory, and, if the perturbed trajectory outsurvives the initial one, we generate the sequel
with the initial distribution. Specifically to this case P, > 0, we perturb the absorption/non-absorption
sampling by changing the initial values with probability P.,.

More precisely, for ¢ < n — 1, and if the perturbed monokinetic particle has not been absorbed before
collision point i, it is absorbed with probability maz (P, 1y,¢p). If it is scattered instead, we have Y1 =
Y; + €41, where the (g;)1 < i < n are independent and where ¢; follows a N (z; — z;_1, a%m) distribution.
If the perturbed monokinetic particle has not been absorbed before collision point n, then it is absorbed
if Y, & D.If Y, € D, the perturbed monokinetic particle is absorbed with probability p, where p =1— P,
ifx, € Dand p= P, if x,, € D.

As when P, = 0, if the perturbed monokinetic particle has not been absorbed before collision point Y,
the sequel of the trajectory of the perturbed monokinetic particle is sampled as the initial particle would
be sampled if its collision point n was Y,.

The idea is that, by selecting the difference between P, and min(P,,1 — P,), the closeness between the
perturbed and initial trajectories can be specified, from the point of view of the absorption/non-absorption
events.

5.4.2.6 Expression of the probability density function of a perturbed trajectory
when P, >0

Proposition 5.4.3. Let us consider an historical trajectory (x;);en+, absorbed at collision n. Let yo =

xo = 0 by convention. The conditional pdf, with respect to (co,S,II) of definition 5.4.1 and proposition

5.4.7, of a trajectory (yn)nen= sampled from the procedure of section 5.4.2.5, is k(x,y) = > ene 1A (U) frm(2,9)
where, ifm<n—1,

m—1

fam(@y) = [T (lnepyeiomo oz, @)1 - P)

i=1

¢ym—1+($m,—xm71),aﬁm (y'”l) (1yn16DPC + ]'yng) ’

ifm=n,
n—1
fn,m(z7y) = H (lyiED¢yi_1+(zi—zi_1),aﬁm (yz)(l - PC))
=1

¢yn_1+(mnfxn_1),a,2m (Yn) (lyn€D + lyneblmneD(l - P)+ 1yn6D1zn§ZDPa) )

and if m>=n+1,

n—1

fn’m(x’ y) = H (lyi€D¢yi—1+(xi*1i71),aﬁm (yz)(]- - Pc))
=1
ly"€D¢y'rL—l+(z'rt717:.71),0',2”n (Yn) e, enPe + 1o, ¢p(1 — Pa))
m—1
[T (tnevdy oz, )1~ )
i=n-+1
(byrnfho'fnk (ym) <1ym€D + 1y7n€DPa> .
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5.4.3 Description of the two-dimensional case and expression of the probabi-
lity density functions

5.4.3.1 Description of the neutron transport problem

The monokinetic particle evolves in R2, and its birth takes place at the source point s = (—ps,z,0),

555 %, in which there is an obstacle

sphere with center 0 and radius [, with [ < £. The obstacle sphere is the set {2 € R?||z| <}, with |z|
the Euclidean norm of x € R2.

The box is composed of two media. The obstacle sphere is composed of "poison" and the rest of the
box is composed of "water". The exterior of the box is also composed of "water". Nevertheless, if the
monokinetic-particle reaches this exterior, it is considered to have gone too far away, and subsequently is
is absorbed at the first collision point in the exterior of the box.

with ps, > 0. The domain of interest is a box [—L 5]2 with ps, <

We consider a detector, in the box, that is a sphere with center (pget,»,0) and radius {4. The detector
is the set {z € R?||z — (Pget,s,0)| < la}. The detector is in the exterior of the obstacle sphere, that is
l < pdet,z — la. The event of interest is that the monokinetic particle makes a collision in the detector,
before being absorbed. The cemetery point A is, consequently, just chosen to be different from s and in
the exterior of the detector.

Let (x;);en+ be a trajectory of the monokinetic particle. When using the interacting-particle method of
section 5.2, the event of interest is traduced by the event ®(z) > 0, with ®(z) = Iy — inf,en+ 2, 2alT: —
(pdetgm 0)t|

We now discuss the probabilities of absorption. If a collision takes place outside the box, then we have
discussed that the monokinetic particle has left the domain of interest. With respect to the probability
of reaching the detector, this is equivalent to writing that the probability of absorption outside the box
is one. This is what we do in the sequel. Then, the probability of absorption in the box, but outside the
obstacle sphere, is written P, ., and the probability of absorption in the obstacle sphere is written P, ,,
with Py o < Py p.

Finally, let us discuss the distribution of the jumps between collision points. Following the neutron-
transport models, after a scattering, or birth, at X,, of the monokinetic-particle, the direction toward
which the monokinetic particle travels has isotropic distribution. This direction is here denoted u, with
u an unit two-dimensional vector. Then, the sampling of the distance to the next collision point X, 1
is as follows. First, the distance 7 is sampled from an exponential distribution with rate A, if X, is in
the medium "water", or A, > A, if X,, is in the medium "poison". Then, two case are possible. First, if
the sampled distance is so that the monokinetic particle stays in the same medium while it travels this
distance, then the next collision point is X, 11 = X,, + Tu. Second, if between X, and X, + Tu, there
is a change of medium, then the monokinetic particle is virtually stopped at the first medium-change
point between X,, and X,, + Tu. At this point, the travel direction remains the same, but the remaining
distance to travel is resampled, from the exponential distribution with the rate corresponding to the new
medium. These resampling are iterated each time a sampled distance causes a medium-change. The new
collision point X, 11 is the point reached by the first sampled distance that does not cause a medium
change. Notice that, in this precise setting with two media, the maximum number of distance sampling
between two collision points is three. This can happen in the case where the collision point X,, is in the
box but not in the obstacle sphere, where the sampled direction points toward the obstacle sphere, and
where toward this direction, the monokinetic particle enters and leaves the obstacle sphere.

The actual pdf, corresponding to the medium-change process described, of a collision point X, 11,
conditionally to a collision point X,,, is given in proposition 5.4.4.

Notice that the setting described does constitute a model for a shielding system in neutron transport.
The source point corresponds to a neutron production area. This neutron production area is separated
from a sensible area, modeled by the detector. The shielding system is constituted first by the obstacle
sphere, which is placed between the source and the detector and has the largest probability of absorption
P, p. Second, the standard "water" medium also constitutes a milder protection, because it also has a
probability of absorption P, ,,.

We are interested in evaluating the number of monokinetic particles that reach the detector. Since the
number of monokinetic-particles produced at the source point is approximately known, the problem is to
evaluate the probability that a monokinetic-particle produced at the source reach the detector.
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5.4.3.2 Expression of the probability density function of a trajectory

We first set some notations for the two-dimensional problem presented in section 5.4.3.1. We write B as
the box [f%, %]2 We write Be,; as the exterior of the box, B.,; = R?\B. The obstacle sphere is denoted
S, with § = {z € R?||z| < I}.

We write |x| as the Euclidean norm of z € R?. We write [v,w] as the segment between two points
v,w € R2.

Consider two points v, w € R? so that v is strictly in the interior of S (Jv| < 1) and w is strictly in the
exterior of S (|v| > 1). Then cg(v,w) is defined as the unique point in the boundary of S that belongs to
[v, w].

Similarly, for v, w € R?\S and when [v,w] has a non-empty intersection with S, we denote by cg, (v, w)
and cg, (v, w) the two intersection points between [v,w] and the boundary of S. The indexes 1 and 2 are
so that |[v — g1 (v, w)| < |v — cg2(v, w)].

For v,w € R?\S, we let Is(v,w) be equal to 1 if [v,w] has a non-empty intersection with S, and 0
otherwise.

The computation of ¢,(v,w), Is(v,w), c¢s1(v,w), and cs2(v, w) are equally needed for a monokinetic-
particle simulation, and for the computation of the corresponding pdf of proposition 5.4.5. The four
quantities can be computed explicitly.

We now give the pdf of the collision point X, 11, conditionally to a scattering or a birth point X,.

Proposition 5.4.4. Consider a scattering, or birth, point x,, € B. Then, the pdf of the collision point
X1, conditionally to z,, is denoted q(x,,xn+1) and is given by, if x, € B\S

1
—Aw|Tn—x
q(x’ﬂ7xn+1) 1In+1€R3\S(1 —Is($n7xn+1))Awe w|Tn n+1]
27| @y — Ty
1
—Awl|Tn—csy (Tn,Tn
27|z T 1‘13’n+1€R3\SIS($n»5En+1)6 | s1( +0l
n — 4n+
€—>\p\cs1 (Tn,Tny1)—cs, (171,In+1)\/\we—)\w|652 (Tn Trny1)—Tni1]
1 1, ESG*)\w‘1311,ch(CU'n.:zn+l)|)\pepr‘CS(In,Zn+1)7{L’"+1‘ (541)
27| @y — Tpya| T
and, if x, € S,
! 1 by —AplTn—Tni1] 4.2
Q(mna anrl) . - lz,p1€SpE (5. . )
27|xy — Ty
1 1, €R3\Se*)‘p|wn*CS(In7In+1)\)\wefkwICS(w,,L,w,,Hrl)fm,,LJrl\
| n+1 .

27|y — Tpat

Proof. The proposition is obtained by using the properties of the exponential distribution, the definitions
of cs(Tn, Tn+1), Is(Tn, Tnt1), €51 (Tn, Tnt1), and cs2(zn, Tnt1) and a two-dimensional polar change of
variables. The proof is straightforward but burdensome. ]

Using proposition 5.4.4 above, we now give the pdf of the monokinetic-particle trajectories obtained
from the sampling procedure of section 5.4.3.1.

Proposition 5.4.5. The pdf, with respect to (co,S,I1) of definition 5.4.1 and proposition 5.4.7, of a
tragectory (T )nen~, sampled from the procedure of section 5.4.3.1, is f(x) = > cne 1,0 (%) fn(), with

n—1

fn(x) = (Q(zi—lv 931) [lwieB\S(l - Pa,w) + laciES(l - Pa,p)]) Q(In—ly xn) [1%&16 + lanB\SPa,w + lacneSPa,p] 5
1

%

where xg = 0 by convention, and with q(x;—1,2;) and ¢(xn—1,x,) as in proposition 5.4.4.

5.4.3.3 Description of the trajectory perturbation method

The perturbation method is parameterized by o7, >0,0< P.,, <1 and 0 < P., < 1.

Let us consider an historical trajectory (z;);en+, absorbed at collision n.

As in section 5.4.2; the set of birth and collision points of the perturbed monokinetic-particle is an
inhomogeneous Markov chain (Y;);en, so that Yy = 0. We modify independently the collision points of the
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initial trajectory, and, if the perturbed trajectory outsurvive the initial one, we generate the sequel with
the initial distribution. Similarly to section 5.4.2.5, we perturb the absorption/non-absorption sampling
by changing the initial values with probabilities P, ,, and P, if the initial and perturbed collision points
are both in B\S or both in S. If this is not the case, we sample the absorption/non-absorption for the
perturbed monokinetic-particle with the initial probabilities P, ., and P, .

More precisely, for ¢ < n — 1, and if the perturbed monokinetic particle has not been absorbed before
collision point Y, it is absorbed at collision point Y; with probability P(xz;,Y;) with

1 Y, eR\B
P, ifY,eB\Sanduz; €S
P(z,Y;) = P,, ifY;eSandaz, € B\S . (5.4.3)
P., ifY;e B\Sandz; € B\S
P, ifY,eSandz; €S

Similarly to the one-dimensional case, by taking P, ,, smaller than min(P, ,,,1— P, ), and P, , smaller
than min(P, ,,1 — P, p), we can modify rather mildly the initial trajectories.

If the perturbed monokinetic particle is not absorbed at collision point Y;, its next collision point is
Yit1 = @it1+€i11, where the (€;)1 < i < » are independent and where ¢; follows a (0, O'%Lmjg) distribution,
where I is the 2 x 2 identity matrix. If the perturbed monokinetic particle has not been absorbed before
collision point Y;,, then it is absorbed with probability P(x,,Y;) given by

1 it Y, € R®\B
P, v if Y, € B\S and z, € S
P if Y,, € B\S and z,, € R*\B
P(xn,Yn) = Pap if V,, € S and z,, € B\S : (5.4.4)
P, if Y,, € S and z,, € R?\B
1-P., ifY, e B\Sandz, € B\S
1-FP., ifY,ecSandz,€S

As in section 5.4.2, if the perturbed monokinetic particle has not been absorbed before collision point
Y,,, the sequel of the trajectory of the perturbed monokinetic particle is sampled as the initial particle
would be sampled if its collision point n was Y.

5.4.3.4 Expression of the probability density function of a perturbed trajectory

Proposition 5.4.6. Let us consider an historical trajectory (x;);en+, absorbed at collision n. Let yo =

xo = 0 by convention. The conditional pdf, with respect to (co,S,II) of definition 5.4.1 and proposition

5.4.7, of a trajectory (yn)nen- sampled from the procedure of section 5.4.8.3, is k(2,y) = > ene 1A (U) frm(2,9)
where the f . are given by the following. If m <n —1,

fn m 37 y H ((bwl Uhm ) [1 - P(mi’ y’bﬂ)
(bzm,oimlg(ym)P(xm?ym)a

with P(x;,y;) and P(Tym, ym) as in (5.4.3). If m = n,

n—1

fam@y) =TT (62002, 5w L= Plar, )

hm
i=1

Qszn,o'zmlz (yn)P(xn, yn)»
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with P(x;,y;) as in (5.4.3) and P(Zn,yn) as in (5.4.4). If m = n + 1,

n—1

Fam(@,y) =TT (€ao,n () 1= Pl y)])
i=1
(bxn,aﬁmlg (yn) [1 = P(zn, yn)]
m—1
H ((I(yiflayi) [lyi,EB\S(l - Pa,w) + 1yi€S(1 - Pa,p)])
i=n+1

q(Ym—1,Ym) [Ly.gB + 1y, eB\sPaw + 1y, e5Pap) ;

with P(x;,y;) as in (5.4.3), P(xn,yn) as in (5.4.4) and q(yi—1,y:) and q(Ym—1,Ym) as in proposition
5.4.4.

5.4.4 Proofs for section 5.4

For the proofs for section 5.4, we first define the space of the monokinetic-particle trajectories, and
the corresponding o-algebra and measure, in definition 5.4.1 and proposition 5.4.7. These definitions are
similar to those given in section 5.3. They are stated here so that section 5.4 is self-sufficient.

Definition 5.4.1. Define
co={(un)n>1€ (Rd)N : Ing € N*,¥n > ng, u,, = 0}.

We define S as the smallest sigma-algebra on cy containing the sets {x|z1 € Ay, ...,z € Ay}, for n € N*
and A; € B (Rd), where B (Rd) is the Borel sigma-algebra on R?.

Proposition 5.4.7. There exists a unique measure I on (co,S) that verifies the following relation, for
any E, = {z|x € Apy1, (@1,...,2n) € Ap X ... X Ap}, with Ay, ..., A, € B (Rd) and n € N*,

II(E,) = MA; X ... x 4p), (5.4.5)
with X\ the Lebesgue measure.

Proof. The proof is carried out in the same way as in section 5.3. Alternatively, the Carathéodory
extension theorem can be used. (]

We now give the following general proposition 5.4.8, for the expression of pdf for inhomogeneous Markov
chains that are absorbed in finite-time.

Proposition 5.4.8. Consider a sequence of measurable applications a, : R — [0,1], n € N, with ag = 0.
Consider a sequence (qn)nen+ of conditional pdf, that is to say Yn, Yn_1, Pn(Yn—1,Yn) is a pdf on R with
respect to Yy, .

Consider a probability space (0, F, P). Consider a Markov Chain on (U, F,P), (Yn)nen, so that first
Yy = yo a.s, when yo in a non-zero constant of R%. Second, Y;, has the non-homogeneous transition kernel
defined by

k(yn—lv dyn) = 1yn,_1:050(dyn) + ]-yn_l;éO {an(yn—l)(SO(dyn) + [1 - an(yn—l)} Qn(yn—la yn)dyn} . (546)

Assume finally that, almost surely, the Markov Chain'Y,, reaches O after a finite time. Then, the application
w = (Yi(w))ien+ s a random wvariable on (co,S,II) (see definition 5.4.1 and proposition 5.4.7), with
probability density function, for y = (yi)iens, f(y) = 025 La,,, (¥) fuly), with

fn(y) = H [(1 - ai—l(yi—l))%(yi—hyi)] an(yn)7

where sq is the constant value of Yy by convention.

Proof. Proposition 5.4.8 is proved in the same way as proposition 5.3.2. (]
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Let us now comment proposition 5.4.8.

Similarly to proposition 5.3.2, the value 0 corresponds to the cemetery point, symbolizing the absorption
of the Markov chain. Thus, the dynamic (5.4.6) is that, at each time n, if the Markov chain with value
Y, is absorbed, it stays absorbed. If it is not absorbed, then is is absorbed with probability a,(Y,), thus
a probability both depending on position and time. This is consistent with the sampling of perturbed
trajectories in sections 5.4.2.5 and 5.4.3.3, where these probabilities of absorption depend on the initial
trajectories, and thus depend on time and position. If the Markov chain is not absorbed at Y,,, then its
next value Y,,11 has, conditionally to Y,,, the pdf ¢,+1(Yn, yn+1). This conditional distribution depends
on time, as is the case in the perturbation procedures of sections 5.4.2.3, 5.4.2.5 and 5.4.3.3.

Hence, proposition 5.4.8 can be applied to calculate the pdf of initial and perturbed trajectories in
propositions 5.4.1, 5.4.2, 5.4.3, 5.4.5 and 5.4.6.

Proof. [Proof of proposition 5.4.1] We apply proposition 5.4.8 with

ao(yo) = 07

ai(yi) = lyepPa+1y¢p
and
@i(Yi-1,%i) = Gy, 02, (i)-

L]
Proof. [Proof of proposition 5.4.2] We denote x = (z;);en- the initial trajectory, so that z € A, 1, and
xo = 0 by convention. We apply proposition 5.4.8 with

ao(yo) =0,

ai(yi) = 1y,¢p,
fori>1,
Gi(Yi-1, i) = Gy s vai—ai 1,02, (i),
for 1 <i<nand
ai(Yi-1,9i) = %i,l,ggnk (vi),

fori>n+1. ]
Proof. [Proof of proposition 5.4.3] We denote x = (z;);en+ the initial trajectory, so that z € A, 1, and
zo = 0 by convention. We apply proposition 5.4.8 with

Qo (yo) =0,

a;(yi) = 1y,epPe + 1y,¢p,

for1 <i<n—1,
an(Yn) = ly,ep (Lo;en(l — Pe) + 1y,¢pPa) + 1y,¢p,

ai(yi) = 1y,epPa + 1y.¢p,

fori >n+1,
G (i1, i) = Gy s vai—ai 1,02, (Wi);

for 1 <i<nand

@i(Yi-1,9i) = Gy, 02 (Yi),
fori>n+1. ]
Proof. [Proof of proposition 5.4.5] We apply proposition 5.4.8 with

ao(yo) =0,

ai(yi) = 1y,esPap+ 1yi€B\SPa,w +1,,cr2\B
and
0i(Yi-1,9:) = q(Yi-1, i),
with ¢(y;—1, i) as in proposition 5.4.4. ]
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Proof. [Proof of proposition 5.4.6] We denote x = (z;);en- the initial trajectory, so that z € A, 1, and
xo = 0 by convention. We apply proposition 5.4.8 with

ao(yo) = 07

ai(yi) = P(zi, i),
for 1 <i < n—1and with P(z;,y;) as in (5.4.3),

an(yn) = P(xn7yn)7

with P(2,,yn) as in (5.4.4),

az(yz) = 1yi€SPa,p + ]-yleB\SPaA,w + lyi€R2\Ba

fori>n+1
@i(Yi-1,9:1) = (bwi,oimlz (Yi),
for 1 <i<nand
@i (Yi-1,¥:) = q(Yi-1, i),
for i > n+ 1 and with ¢(y;—1,y;) as in proposition 5.4.4. ]

5.5 Numerical results in dimension one and two

In this section 5.5, we present numerical results for the interacting-particle method of section 5.2, in the
one and two-dimensional cases of section 5.4. We follow a double objective. First we aim at investigating
to what extent the ideal results of the interacting-particle method hold (in term of bias and of theoretical
confidence intervals). Second, we want to confirm that, when the objective probability is small, the method
outperforms a simple-Monte Carlo method.

The simple-Monte Carlo method is parameterized by a number of Monte Carlo sample 7n,,.. It consists
in generating n.,,. independent trajectories x1,...,y,,. and in estimating p by the empirical proportion
of these trajectories that verify the small-probability event. We denote by p,,. the simple-Monte Carlo
estimator of p.

5.5.1 Numerical results in dimension one

5.5.1.1 Features of the interacting-particle method

We first present a simple one-dimensional setting, with no-absorption (P, = 0). We set for the domain
Liny = =10, Lgyp = 1, and for the variance of the increments o2, = 1. As a result, the probability p to
estimate is not small. It is easily estimated to be p = 0.13 by the simple-Monte Carlo method.

For the perturbation method, we set o7, = 0.12. This choice may not be optimal, but it is reasonable
and can be considered as typical for the implementation of the interacting-particle method in this one-
dimensional case.

The results we obtain for 100 independent estimations for the interacting-particle method are re-
grouped in figure 5.1. We have used N = 200 particles and T = 300 and 7" = 30 iterations in the
HM algorithm 5.2.2.1. Let us first interpret the results for 7" = 300 iterations. In this case, we ob-
serve that the estimator is empirically non-biased. Furthermore, we also plot the theoretical 95% confi-
dence intervals for the ideal estimator with 7' = +oo, that are approximately (for N large) I, =

[pexp <—1.96 (W)),pexp(l.% (lf\’,gp>)] We also recall from the discussion after (5.2.1) that

the events pipm € Ip and p € Ip, . are approximately equivalent when N is large. Hence the coverage

probability of I, for pi,,, is approximately the probability that I, contains p, which is the practical
quantity of interest. We see on figure 5.1 that I, approximately matches the empirical distribution of the
estimator p;pm,. The overall conclusion of this case 1" = 300 is that there is a good agreement between
theory and practice. This emphasizes the validity of using the interacting-particle method of algorithm

5.2.2.2, involving the HM algorithm, in a space that is not a subset of R%,
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FIGURE 5.1 — One-dimensional case. Plot of 100 independently estimated probabilities with the
interacting-particle method 5.2.2.2; for number of particles N = 200, and number of iterations
in the HM algorithm 5.2.2.1 T" = 300 (left) and 7" = 30 (right). We also plot the theoretical
95% confidence intervals (5.2.1) of the case T'= +o0. The true probability p = 0.13 is evaluated
quasi-exactly by a simple-Monte Carlo method. In both cases, the interacting-particle estimator
is empirically unbiased. For T' = 300, the theoretical confidence interval, obtained in the case
T = 4o is adapted to the practical estimator. For T' = 30 however, the estimator has more
variance that the ideal estimator T' = +oo has.

In figure 5.1, we also consider the case T' = 30. The estimator is still empirically unbiased. However, its
empirical variance is larger, so that the theoretical 95% confidence interval I, is non negligibly too thin.
This can be interpreted, because when T is small, a new particle at a given conditional sampling step
of algorithm 5.2.2.2 is not independent of the NV — 1 particles that have been kept. Thus, one can argue
that, at each step of algorithm 5.2.2.2; the overall set of NV particles has more interdependence, so that
eventually the estimator has more variance. Nevertheless, on the other hand, an estimation with 7" = 30 is
10 times less time-consuming that an estimation with 7" = 300. We further discuss this trade-off problem
in section 5.5.3.

Finally, for this case of a probability that is not small, we have used simple Monte Carlo as a mean
to estimate it quasi-exactly. We have found that the interacting-particle method 5.2.2.2 requires more
computation time than the Monte Carlo method, for reaching the same accuracy. We do not elaborate
on this fact, since we especially expect the interacting-particle-method to be competitive for estimating
a small probability. This is the object of section 5.5.1.2. For this case of a probability that is not small,
we have just investigated the features of the interacting-particle method.

5.5.1.2 Comparison with simple Monte Carlo in a small-probability case

We now consider a case with possible absorption of the monokinetic particle. Thus we set P, = 0.45.
We keep the same values 02, =1 and Lg,, = 1 as in section 5.5.1.1, but we set L;,; = —15. As a result
of these parameters for the monokinetic-particle transition kernel, the probability of interest is small.
In fact, we have not estimated it with negligible uncertainty. With a simple-Monte Carlo estimation of
sample size 10°, the probability estimate is pyime = 6.6 x 1078, We call this estimate the very large Monte
Carlo (VLMC) estimate. Given that the number of successes in this estimate is 66, which is not very
large, we are reluctant to use the Central Limit Theorem approximation for computing 95% confidence
intervals. Instead, we use the Clopper-Pearson interval [18], for which the actual coverage probability
is always larger than 95%. This 95% confidence interval is there equal to [5.1 x 1078,8.4 x 1078]. This
uncertainty is small enough for the conclusions we will draw from this case. Finally, notice that this very
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large Monte Carlo estimate is not a benchmark for the interacting-particle method, because it is much
more time consuming.

For the interacting-particle method, we set N = 200 particles, and for the HM algorithm, we set T" = 300
iterations. We use Ufm = 0.12 and P. = 0.2 for the perturbation method. We still denote Dipm the obtained
estimator for p. We consider a third estimator, that we denote p,,. and that consists in the simple-Monte
Carlo estimator with sample size 5 x 10%. This sample size is appropriate to compare the efficiency of the
interacting-particle and Monte Carlo method, as we will show below.

The first criterion for comparing the two estimators p;,,, and py,. is their computation time. We have
two possible ways to make this comparison. First, we can evaluate the complexities of the two methods.
The Monte Carlo method requires to perform 5 x 10 monokinetic-particle simulations. For each proposed
perturbation, the interacting-particle method requires to sample one perturbed trajectory, and to compute
its unconditional and conditional pdf. This has to be done approximately T x li)ogggi”_l”% ~ 109 times. Thus,
from this point of view, the costs of the two methods have the same orders of magnitude. We can not give
a more precise comparison, since the trajectories sampled by the two methods do not necessarily have the
same length in the mean sense. Furthermore, it is not obvious to compare the computational cost of an
initial sampling, with the costs of a conditional sampling and pdf computations.

Hence, we will just compare the computational costs of the two methods by considering their actual
computational times, for the implementation we have used. Averaged over all the estimations, the time for
the interacting-particle method is 58% of the time for the Monte Carlo method. Hence, we confirm that
the computational costs are of the same order of magnitude, the comparison being nevertheless beneficial
to the interacting-particle method.

We now compare the accuracy of the two methods for estimating the true probability p. On figure
5.2, we plot the results of 100 independent estimations for p;,, and 50 independent estimations for
Pme- It appears clearly that the interacting-particle method is more precise in this small probability
case. Especially, consider the empirical Root Mean Square Error criterion, for n independent estimates
p',...,p", for any estimator p of p : RMSE = /13"  (p— p?). Regardless of the value of p in the very
large Monte Carlo 95% confidence interval [5.1 x 1078, 8.4 x 10~8], the RMSE is smaller for pj, than for
Prme. If we assume p = Pyime, then the RMSE is 10~7 for H,,. and 2 x 108 for Dipm -

A comparison ratio for Pipm and Py, taking into account both computational time and estimation

VTIME e X RMSE e
V/TIMEipm X RMSEipm,

the four notations TIM E ¢, TIM E;p,, RMSE,,. and RMSE,,,, are self-explanatory. This ratio is 6.7
here. This is interpreted as : if the two estimation methods were set as to require the same computational
time, then the interacting-particle method would be 6.7 times as accurate (in term of RMSE) as the
Monte Carlo method.

Notice that, if we had done the comparison from the point of view of the relative estimation errors,

, Where

accuracy (in line with the efficiency in [40]), is the quality ratio defined by

instead of the absolute errors, it would have been even more beneficial to the interacting-particle method.
Indeed, assuming again p = Pyime = 6.6 x 1078 for discussion, the interacting-particle method does a
maximum relative error of 250%. On the other hand, the Monte Carlo estimator takes only 3 different
values in figure 5.2. When it takes value ﬁ it does a relative error of 600%, when it takes value ﬁ
it does a relative error of 300% and when it takes value 0 it does an infinite relative error. Alternatively,
we can also say that, in the majority of the cases, the Monte Carlo estimator does not see any realization
of the rare event, so that it can provide only an overly-conservative upper-bound for p.

5.5.2 Numerical results in dimension two

5.5.2.1 Features of the interacting-particle method

We now present the numerical results for the two-dimensional case. We set the absorption probability
in the background P, ., = 0.2, the absorption probability in the obstacle sphere P, , = 0.5, the dimension
of the box [—%, —%] L = 10, the radius of the obstacle sphere [ = 2, the radius of the detector I = 0.5.
The positions of the detector and the source are given by pget,» = Ps,» = 3. We set the rate of collisions in
the water medium A, = 0.2 and in the poison medium A, = 2. As a result, the probability is p = 2 x 10~*

and is evaluated quasi-exactly by a Monte Carlo sampling, similarly to section 5.5.1.1.
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FIGURE 5.2 — One-dimensional case. Plot of 100 independently estimated probabilities with
the interacting-particle method 5.2.2.2 for N = 200 and 7" = 300 (left) and 50 independently
estimated probabilities with the Monte Carlo method with sample size 5 x 10° (right). We plot
a very large Monte Carlo estimate of the true probability pyme = 6.6 x 1078, together with

the associated Clopper-Pearson 95% confidence intervals. For the interacting-particle method,

we also plot the theoretical 95% confidence intervals of the case T = 400, assuming the true
probability is the VLMC estimate. The uncertainty on the VLMC estimate of the true value p
of the probability is small enough for our conclusions to hold. These conclusions are that the

interacting-particle method outperforms the Monte Carlo method (with sample size 5 x 10°),

both in term of computation time and of accuracy.
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F1GURE 5.3 — Two-dimensional-case. Plot of 50 independently estimated probabilities with the
interacting-particle method 5.2.2.2, for number of particles N = 200 and number of iterations in
the HM algorithm 7" = 300. We also plot the theoretical 95% confidence intervals (5.2.1) of the
case T = 400. The true probability p = 0.2 x 10~ is evaluated quasi-exactly by a simple-Monte
Carlo method. The interacting-particle estimator is empirically unbiased and the 95% theoretical
confidence interval, obtained in the case T' = +00, is adapted to the practical estimator.

This value is not very small, so that we do not compare the interacting-particle method with the Monte
Carlo method. We just aim at showing that the interacting-particle method is valid in this two-dimensional
setting. Indeed, this setting has many features that are representative of shielding studies with Monte
Carlo codes. Namely, the setting involves absorption, the presence of two media with different collision
rates and the presence of medium-border crossing phenomena.

For the HM perturbations of algorithm 5.2.2.1, we set the collision-point perturbation variance 0'}2”” =
0.5%, the probability of changing the absorption/non absorption in the obstacle sphere P., = 0.1 and in
the rest of the box P, = 0.05. As in section 5.5.1.1, these settings are reasonable, but are not tuned as
to yield an optimal performance of the interacting-particle method.

In figure 5.3, we present the results for 50 independent estimations with the interacting-particle method.
Empirically, the estimator is unbiased and the theoretical 95% confidence intervals are valid. This is the
same conclusion as in section 5.5.1.1, and is again a validation of the HM algorithm in the space of the
monokinetic-particle trajectories.

5.5.2.2 Comparison with simple Monte Carlo in a small-probability case

We now consider the case of a small probability. For this, we set the absorption probability in the
obstacle sphere P, , = 0.7 and in the rest of the box F,, = 0.5, the dimension of the box [—%7 —%]
L = 10, the radius of the obstacle sphere [ = 2.5, the radius of the detector {; = 0.5. The positions of the
detector and the source are given by pget,» = ps,. = 3. We set the rate of collisions in the water medium
Ay = 2 and in the poison medium A, = 3. In essence, the obstacle sphere is larger than in subsection
5.5.2.1, the absorption probabilities are larger, and the collision rates are larger, thus yielding all the more
frequent absorption.

The probability p is estimated by very large Monte Carlo with sample size 1.25 x 10°. The estimate is
% ~ 1.76 x 1078, Similarly to section 5.5.1.2, the Clopper-Pearson 95% confidence interval for the
probability is [1078,2.5 x 1078]. It is also small enough for validating the discussion that follows.

We compare the estimators pipy,, with N = 200 particles and 7' = 300 iterations in the HM algorithm,

and the estimator p,,. with sample size 5x 10%. We have found that the computation time for the estimator
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FI1GURE 5.4 — Two-dimensional-case. Plot of 50 independently estimated probabilities with the
interacting-particle method of algorithm 5.2.2.2 for N = 200 and 7' = 300 (left) and with the
simple-Monte Carlo method with sample size 5 x 105 (right). We plot a very large Monte Carlo
estimate of the true probability pyime = 1.76 x 1078, together with the associated Clopper-Pearson
95% confidence intervals. For the interacting-particle method, we also plot the theoretical 95%
confidence intervals of the case T = +00, assuming the true probability is the VLMC estimate.
The uncertainty on the VLMC estimate of the true value p of the probability is small enough for
our conclusions to hold. These conclusions are that the interacting-particle method outperforms
the Monte Carlo method (with sample size 5 x 10%), both in term of computation time and of

accuracy.

Dipm 1, on average, 88% of that of the estimator py..
Now, concerning estimation accuracy, the results are presented in figure 5.4. The interacting-particle
method outperforms the simple-Monte Carlo method, to a greater extent that in figure 5.2. As a confir-

mation, the quality ratio — LIMEBy XRMSEpe g 10.5, against 6.7 in figure 5.2.
\/TIMEipm X RMSE;pm

5.5.3 Discussion on the numerical results

We now discuss some conclusions on the numerical results of section 5.5. First, in two cases with a
probability that is not small (figures 5.1 and 5.3), the interacting-particle method is empirically unbiased.
The theoretical confidence intervals T = +oo are in agreement with the empirical distribution for finite
T, provided that T is large enough. For the two cases of small probabilities (figures 5.2 and 5.4), we do
not state conclusions on this question, in one sense or another, because we do not know the probability
with negligible uncertainty.

However, for figures 5.2 and 5.4, the uncertainty on the probability is small enough to compare the per-
formances of the simple-Monte Carlo and interacting-particle methods. The conclusion of this comparison
is strongly unilateral, and is that, for a small probability, the interacting-particle method is preferable
over a simple-Monte Carlo sampling.

We have not carried out numerical test for extremely small probabilities (say, under 1071%). The reason
for that is that we would not have an estimate of these probabilities similar to the very large Monte Carlo
estimate Pyime. That it to say an estimate that comes with confidence intervals with guaranteed coverage
probability. Nevertheless, a simple-Monte Carlo method, with computational time similar to that of the
interacting-particle method, would most likely never see the rare event, and thus only provide an overly
conservative upper bound. Thus, the comparison would be even more in favor of the interacting-particle
method than for figures 5.2 and 5.4.

In figure 5.1, we have mentioned the trade-off problem between the number of particles N and the
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FIGURE 5.5 — Same setting as in figure 5.2 for the interacting-particle method. We consider one

estimation p;p, of the interacting-particle method. We plot the empirical acceptance rate, over
IOgﬁipm

the T' = 300 proposed perturbations, for each of the Tg(1-2) HM samplings of algorithm 5.2.2.1.
N

The acceptance rate decreases considerably when one gets closer to the rare-event.

number of HM iterations 7. The average complexity of the interacting-particle method is proportional
to the product NT'. Naturally, increasing N improves the accuracy of the interacting-particle method.
Especially, the variance is proportional to N when N is large, in the ideal case T' = +00. We have seen in
figure 5.2 that increasing 7" also reduces the variance, which is well interpreted. It is however quite difficult
to quantify the dependence between T and the variance of the estimator. We think that the question of
this trade-off between N and 7" would benefit from further investigation.

In our experiments, we have not optimized the choice of the perturbation method. This would naturally
bring a potential additional benefit for the interacting-particle method. Perhaps less natural is the prospect
of allowing the perturbation method to vary with the progression of the algorithm. For example, one could
use a perturbation method that propose perturbed trajectories that are closer to the initial ones, when
these trajectories are close to the rare event. The results we now present in figure 5.5 support this idea.
In figure 5.5, we plot the acceptance rate in the HM algorithm 5.2.2.1 (by acceptance we mean that both
the pdf ratio and the objective function conditions are fulfilled), as a function of the progression in the
interacting-particle method. This acceptance rate is decreasing, and is small when the interacting-particle
method is in the rare-event state. Notice that this was not the case in the experiments conducted in [36].

An other potential tuning of the interacting-particle method is the choice of the objective function @,
for which the event "the monokinetic particle makes a collision in the detector" is equivalent to the event
that @, evaluated on the trajectory of the monokinetic particle, exceeds a threshold. We have used as a
function ® the (opposite of the) minimum, over the collision points of the trajectory, of the Euclidean
distance to the center of the detector. This choice could be improved. One natural possibility is to replace
the Euclidean distance by the optical distance. That is to say the distance traveled in each medium would
be weighted by the collision rate in the medium. For some neutron-transport problem, it is also possible
to use more specific objective functions, by finding approximations of the importance function, see e.g.
[30].

Conclusion

We have considered the adaptation of the interacting-particle method [36] to a small-probability estima-
tion problem, motivated by shielding studies in neutron transport. The adaptation is not straightforward,
because shielding studies involve working on probability distributions on a set of trajectories that are
killed after a finite time.

The contribution brought by the paper it two-fold. First, it has been shown that probability density
functions can be defined on this set. This enables to use the Hastings-Metropolis algorithm, which is
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necessary to implement the method [36] in practice. A convergence result has also been shown for the
Hastings-Metropolis algorithm in this setting.

The second contribution of the paper is to give the actual probability density function equations, for
implementing the interacting-particle method in an academic one-dimensional problem, and a simplified
but realistic two-dimensional problem. In both cases, the method is shown to be valid. Furthermore, the
method outperforms a simple-Monte Carlo estimator, for estimating a small probability.

Prospects are possible for both contributions. First, the proof of the convergence of the Hastings-
Metropolis could be extended under more general assumptions. Second, several possibilities for practical
improvement of the interacting-particle method are presented in section 5.5.3.






1
2]
3l
4]
]

(6]
7]
18]
9]

[10]

[11]

[12]
[13]

[14]

[15]

[16]

[17]
[18]
[19]

[20]

Bibliographie

Aboura, 0.(2011) : A Regression Monte-Carlo method for Backward Doubly Stochastic Differential
Equations. hal-00607274, version 1. (Cited on pages 6, 12, 13, 20, 62 and 87.)

AGOSTINELLI, S. & AL, Geant4 : a simulation toolkit, Nuclear instruments and methods in physics
research section A 506, 250-303, 2003. (Cited on pages 14 and 101.)

Aman, A.(2011) : A numerical scheme for backward doubly stochastic differential equations.
Arziv :1011.6170v2. Bernouilli, to appear. (Cited on pages 6, 20 and 62.)

Bachoc, F., Bachouch, A., Lenotre, L. (2014) : Hastings-Metropolis algorithm on Markov chains
for small-probability estimation. Submitted to ESAIM Proceedings. (Cited on page 13.)

Bachouch A., Ben Lasmer M. A., Matoussi A., Mnif M. (2013) : Numerical scheme for semilinear
Stochastic PDEs via Backward Doubly Stochastic Differential Equations. Arziv : 1802.0440 v3. In
revision. (Cited on page 3.)

Bachouch, A., Gobet, E., Matoussi, A. (2014) : Empirical Regression Method for Backward Doubly
Stochastic Differential Equations. In progress. (Cited on page 12.)

Bachouch A., Matoussi, A. (2014) : Numerical Computations for quasilinear Stochastic PDEs.
Preprint. (Cited on page 10.)

Bally, V. (1997). Approximation scheme for solutions of BSDE. Pitman Research Notes in Mathe-
matics, 364 :177-191. (Cited on pages 6, 20 and 62.)

Bally V., Matoussi A. (1999) : Weak solutions for SPDEs and Backward Doubly Stochastic Diffe-
rential Equations. J. Theoretical Probability, Vol.14,No.1, 125-164. (Cited on pages 1, 5, 6, 8, 19,
39, 40 and 41.)

Barles G., Lesigne E. (1997) : SDE, BSDE and PDE. Pitman Research Notes in Mathematics
Series, 364, 47-80; (Cited on pages 8, 39 and 41.)

Bismut, J.M. (1973). Théorie Probabiliste du ContrA “le des Diffusions, Mem. Amer. Math. Soc.
176, Providence, Rhone Island. Pitman Research Notes in Mathematics, 364 :177-191. (Cited on
page 1.)

BootH, T.E., Comments on Monte Carlo probability of initiation estimates for neutron fission
chains, Nucl. Sci. Eng. 166, 175-178, 2010. (Cited on pages 14 and 101.)

BootH, T.E., Common misconceptions in Monte Carlo particle transport, Applied Radiation and
Isotopes 70, 1042-1051, 2012. (Cited on pages 14 and 101.)

BotH, J.P. & AL,, Automated importance generation and biasing techniques for Monte-Carlo
shielding techniques by the Tripoli-3-code, Progress in Nuclear Energy 24, 273-281, 1990. (Cited
on page 101.)

Bouchard B., Elie R.(2008) : Discrete-time approximation of decoupled forward-backward SDEs
with jumps. Stochastic Processes and Their applications, 118(1), 53-57. (Cited on pages 6, 20
and 62.)

Bouchard B., Touzi N. (2004) : Discrete time approximation and Monte-Carlo Simulation of Back-
ward Stochastic differential equations. Stochastic Processes and Their applications, 111, 175-206.
(Cited on pages 1, 6, 20 and 62.)

Burn, K. W., Complete optimization of space/energy cell importance with the dsa cell importance
model, Ann. Nucl. Energy 19(2), 65-98, 1992. (Cited on pages 14 and 101.)

CLOPPER, C. AND PEARSON, E. S., The use of confidence or fiducial limits illustrated in the case
of the binomial, Biometrika 26(4), 4044413, 1934. (Cited on page 119.)

Crisan D.(2006) : Particle Approximations for a Class of Stochastic Partial Differential Equations.
Appl Math Optim, 54, 293-314. (Cited on pages 7 and 20.)

Crisan D., Manolarakis K. and Touzi N.(2010) : On the Monte Carlo simulation of BSDEs : An

improvement on the Malliavin weights. Stochastic Processes and Their applications, to appear.
(Cited on pages 6, 20 and 62.)



[21]
[22]
23]
[24]
[25]

[26]

[27]

28]
[29]

[30]

[31]
[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

128 Bibliographie

Crisan D., Manolarakis K.(2010) : Second order discretization of Backward SDEs.
Arizv :1012.5650v1. Annals of the Applied Probability, to appear. (Cited on page 6.)

Crisan D., Manolarakis K.(2012) : Solving Backward Stochastic Differential Equations using the
Cubature Method. SIAM Journal on Mathematical Finance, 534-571. (Cited on page 6.)

DEL MORAL, P. & GARNIER, J., Genealogical particle analysis of rare events Ann. Appli. Probab.
15, 2496-2534, 2005. (Not cited.)

Denis, L. : Solutions of stochastic partial differential equations considered as Dirichlet processes.
Bernoulli J.of Probability10, 783-827 (2004).2093611 (Not cited.)

Denis L., Matoussi A. and Stoica, I. L. : LP estimates for the uniform norm of solutions of quasili-
near SPDE’s. Probability Theory Related Fileds 133, 437-463 (2005).2197109 (Cited on page 62.)

Denis L., Matoussi A. and Stoica L. : Maximum Principle and Comparison Theorem for Quasi-
linear Stochastic PDE’s. FElectronic Journal of Probability, 14, p. 500-530 (2009). (Cited on
page 62.)

L. Denis, A. Matoussi, L. Stoica. Moser iteration applied to parabolic SPDE4s : first approach.
Quaderni di Matematica, Stochastic Partial Differential Equations and Applications Vol. 25, pp
99-125 (2010). (Cited on page 62.)

Denis L. and Stoica, I. L. : A general analytical result for non-linear s.p.d.e.’s and applications,
Electronic Journal of Probability 9, 674-709 (2004).2480551 (Cited on pages 62, 64, 65 and 66.)

Diopr, C. & AL, Tripoli-4 : a 3D continuous-energy Monte Carlo transport code, Trans. Am. Nuc.
Soc. 95, 661, 2006 (Cited on pages 14 and 101.)

Dumonteil, E., On a New Variance Reduction Technique : Neural Network Biasing - A Study of
Two Test Cases with the Monte Carlo Code Tripoli4, Nuclear Technology 168(3), 793-798, 2009.
(Cited on pages 14, 101 and 124.)

El Karoui N., Peng S.,Quenez M.C.(1997) : Backward Stochastic Differential Equations in finance.
Mathematical Finance, Vol.7, No. 1, 1-71. (Cited on pages 2, 23, 33, 34, 56 and 59.)

Gerencsér M., Gyongy 1. (2013) : Finite element schemes for stochastic partial differential equations
in sobolev spaces. Arxiv : 1308.4614v1. (Cited on pages 6 and 7.)

Gobet, E., Lemor, J.P, Warin X.(2005) : A regression-based Monte Carlo method to solve backward
stochastic differntiel equations. The Annals of Applied Probability, vol.15 | no. 3, 2172-2202. (Cited
on pages 6, 12, 20 and 62.)

Gobet, E., Lemor, J.P, Warin X.(2006) : Rate of convergence of an empirical regression method
for solving generalized backward stochastic differential equations. Bernoulli 12 , no. 5, 889-916.
(Cited on pages 1, 6, 12, 20, 44, 49, 62, 79, 80 and 87.)

Gobet, E., Turkedjiev, P.(2013) : Linear Regression MDP Sheme For Discrete Backward Stochastic
Differential Equation. Mathematics Of Computation. (Cited on pages 1, 12, 13, 87, 93, 97, 99
and 100.)

GUYADER, A., HENGARTNER, N., MATZNER-LOBER,E., Simulation and Estimation of Extreme
Quantiles and Extreme Probabilities, Applied Mathematics & Optimization 64(2), 171-196, 2011.
(Cited on pages 1, 13, 14, 15, 16, 17, 101, 102, 103, 104, 124 and 125.)

Gyongy I., Krylov N. (2010) : Accelerated finite difference schemes for linear stochastic partial
differential equations in the whole space. SIAM J.Math. Anal.,42, 2275-2296. (Cited on pages 6, 9,
19, 20, 21, 39, 42 and 43.)

Gyongy 1., Nualart D. (1995) : Implicit scheme for quasi-linear parabolic partial differential equa-
tions perturbed by space-time white noise. Stochastic Processes and Their applications 58(1995),
57-72. (Cited on pages 6, 20 and 39.)

Gyongy I. (1995) : Lattice approximations for stochastic quasi-linear parabolic partial differential
equations driven by a space-time white noise I. Potential Anal. 11 (1999), 1-37. (Cited on pages 6,
20 and 39.)

HAMMERSLEY, J. AND HANDSCcOMB, D., Monte Carlo methods, Methuen, London, 1965. (Cited
on page 120.)



Bibliographie 129

[41]
[42]
[43]

[44]

[45]

[46]

[47]
48]
[49]
[50]
[51]

[52]

[53]
[54]

[55]

[56]

[57]

[58]
[59]
[60]
[61]

[62]

Hastings, W. K., Monte Carlo sampling methods using Markov chains and their applications,
Biometrika 57, 97-109, 1970. (Cited on pages 14, 102 and 104.)

HoocGeENBOOM, E., Zero-variance Monte Carlo schemes revisited, Nucl. Sci. Eng. 160, 1-22, 2008.
(Cited on pages 14 and 101.)

KanN, H., Applications of Monte Carlo, RM-1237-AEC, Rand Corporation, 1956. (Cited on
pages 14 and 101.)

Jentzen A., Kloeden P. (2010) : Taylor Expansions of solutions of stochastic partial differential
equation with additive noise. The Annals of Probability, 2010. Vol.38, No.2,532-569. (Cited on
pages 7, 19, 20 and 39.)

Kloeden P.E., Platen,E. (1992) : Numerical Solution of Stochastic Differential Equations. Springer,
Berlin. (Cited on page 28.)

Kunita H. : Stochastic differential equations and stochastic flows of diffeomorphisms. Ecole d’étde
Probabilitde Saint-Flour XII -1982 (PL Hennequin, ed), Lecture Notes in Mathematics, vol.1097,
Springer-Verlag, Berlin Heidelberg New York Tokyo, 1984, 143-303. (Cited on page 23.)

Kunita, H. (1994) : Stochastic Flows Acting on Schwartz Distributions. Journal of Theoretical
Probability, 7, 247-278. (Cited on page 19.)

Kunita, H. (1994) : Generalized Solutions of a Stochastic Partial Differential Equation. Journal of
Theoretical Probability, 7, 279-308. (Cited on page 19.)

Kunita, H. (1990) : Stochastic Flows and Stochastic Differential Equations. Cambridge University
Press. (Cited on pages 19 and 23.)

Los ALAMOS NATIONAL LABORATORY, Monte Carlo Code Group, https ://menp.lanl.gov/. (Cited
on pages 14 and 101.)

Lototsky S., Mikulevicius R., Rozovskii B. L. (1997) : Nonlinear filtering revisited : a spectral
approach. SIAM J. Control Optim., 35 (2) : 435-461. (Cited on pages 7 and 20.)

Lototsky S. (2004) : Optimal filtering of stochastic parabolic equations. in recent developments
stochastic analysis and related topics, pages 330-353. World Sci. Publ., Hackensack, NJ. (Cited on
page 20.)

Matoussi A. and Scheutzow, M. (2002) : Semilinear Stochastic PDE’s with nonlinear noise and
Backward Doubly SDE’s. J. of Theoret. Probab. 15, 1-39. (Cited on pages 19 and 39.)

Matoussi A., Stoica L. : The Obstacle Problem for Quasilinear Stochastic PDE’s. Annals of Pro-
bability, Vol. 38, N.3, 1143-1179 (2010). (Cited on pages 1, 11, 62, 63 and 66.)

METROPOLIS, N., ROSENBLUTH, A. W., ROSENBLUTH, M. N., TELLER, A. H. & TELLER, E.,
Equations of state calculations by fast computing machines, J. Chem. Phys. 21, 1087-32, 1953.
(Cited on pages 14, 102 and 104.)

MEYN, S.P. & TWEEDIE, R. L., Markov chains and stochastic stability, Cambridge university
press, 2009. (Cited on pages 14 and 105.)

Milstein G.N. and Tretyakov M.V.(2009) : Solving Parabolic Stochastic Partial Differential Equa-
tions via Averaging Over Characteristics. Mathematics of computation T8, 2075-2106. (Cited on
pages 7 and 20.)

Nualart D. (2006) : The Malliavin calculus and related topics. Springer-Verlag Berlin Heidelberg.
(Cited on page 33.)

Nualart, D. and E. Pardoux (1988) : Stochastic calculus with anticipating integrands. Prob. Theory
Relat. Fields 78, 535-581. (Cited on pages 9, 21 and 23.)

NUMMELIN, E., General irreducible Markov chains and non-negative operators, Cambridge Uni-
versity Press, 1984. (Cited on pages 105 and 107.)

Pardoux, E., Peng, S (1990). Adapted solution of a backward stochastic differential equation,
Systems Control Lett., 14 : 55-61.

Pardoux E., Peng S. (1992) : Backward Stochastic Differential Equations and Quasilinear Parabolic
Partial Differential Equations. Lect. Notes Inf. Sci., vol. 176, 200-217. (Cited on pages 1 and 2.)



[63]

[64]

[65]
[66]

[67]

[68]
[69]
[70]
[71]

[72]

130 Bibliographie

Pardoux E., Peng S. (1994) : Backward doubly stochastic differential equations and systems of
quasilinear SPDE’s. Probab. Theory Relat. Fields 98, 209-227. (Cited on pages 33 and 34.)
Pardoux E., Pradeilles F., Rao Z. (1997) : Probabilistic interpretation of a system of semi-linear
parabolic partial differential equations. Annales de I’ H.P. 33(4), 467-490. (Cited on pages 3, 4,
9, 19, 21, 23, 26, 33, 34, 37, 43, 52, 61 and 68.)

Picard J. (1984) : Approximation of nonlinear filtering problems and order of convergence. Lecture
Notes in Control and Inf. Sci. 61, Springer (1984) 219-236.. (Cited on page 33.)

Prevot, C., Rochner, M. (2007). A concise course on stochastic partial differential equations. Lecture
Notes in Mathematics 1905, Springer, Berlin. (Cited on page 20.)

TIERNEY, L., Markov chains for exploring posterior distributions, The annals of statistics 22,
1702-1762, 1994. (Cited on page 19.)

(Cited on pages 104, 105 and 108.)

Stoica, L. : A probabilistic interpretation of the divergence and BSDE’s. Stochastic Process and
their Applications 103, 31-55 (2003). 1947959 (Cited on pages 10, 61, 63, 64 and 66.)

Walsh J. B. (2005) : Finite Elements Methods for Parabolic Stochastic PDE’s. Potential Analysis
(2005) 23, 1-43. (Cited on pages 7, 20 and 39.)

Zhang J. (2004) : A numerical scheme for BSDE’s. The Annals of Applied Probability, Vol. 14 ; No.
1, 459-488 (Cited on pages 1, 6, 11, 20, 36, 62 and 76.)

Zo1A, A., & AL, Branching exponential flights : traveled lengths and collision statistics, J. Phys.
A : Math. Theor. 45, 425002, 2012. (Cited on pages 14 and 101.)

Zo1ia, A., & AL, Collision densities and mean residence times for d-dimensional exponential flights,
Physical Review E83, 041137, 2011. (Cited on pages 14 and 101.)






LU o

PELF [3F AFCHEATHE BT CEREF IERENT RIFERjELA

Universit:tlémaine

Le Mans - Laval

These de Doctorat

Achref BACHOUCH

Numerical computations for Backward Doubly Stochastic
Differential Equations and Non-linear Stochastic PDEs.

Résumé

L’objectif de cette theése est I’étude d’un schéma numérique
pour les équations différentielles doublement stochastiques
rétrogrades (EDDSR). On propose une méthode numérique
qui nous permet d’attaquer une large gamme d’équations aux
dérivées partielles stochastiques (EDPS) non-linéaires. Ceci
est possible par le biais de leur représentation probabiliste en
termes d’EDDSRs. Dans la derniére partie, nous étudions une
nouvelle méthode des particules dans le cadre des études de
protection en neutroniques.

Dans le chapitre 2, on propose un schéma numérique pour les
EDDSRs. Nous étudions I’erreur de discrétisation en temps et
nous donnons la vitesse de convergence associée. Ensuite,
nous déduisons un schéma numérique pour les solutions
faibles d’EDPS semilinéaires et nous déduisons la vitesse de
convergence en temps.

Dans le chapitre 3, nous étendons notre méthode aux
équations différentielles doublement stochastiques rétrogrades
généralisées (EDDSRG). Nous étudions I’erreur de
discrétisation en temps et donnons la vitesse de convergence
associée. Nous déduisons un schéma numérique pour les
EDPS quasilinéaires associées aux EDDSRG, en donnant la
vitesse de convergence.

Dans le chapitre 4, on propose un schéma pour 1’approxima-
tion par projections et simulations de Monte-Carlo des
EDDSRs discretes. On étudie ’erreur de régression dans un
cas particulier mais trés instructif. On procéde a une analyse
conditionnelle de I’erreur sachant les trajectoires de ce bruit
extérieur. On obtient des bornes supérieures presque slres
non asymptotiques mais explicites de I’erreur de régression
conditionnelle, qui assurent la convergence de notre schéma.
Dans le chapitre 5, on étudie un probléme d’estimation de
probabilités faibles dans le cadre des études de protection en
neutroniques. On adapte une méthode récente d’estimation de
faibles probabilités par un systéme de particules en
interaction, se basant sur 1’algorithme de Hastings-Metropolis
et qui est proposée initialement pour les variables aléatoires,
au cas des chaines de Markov. On montre la convergence de notre
algorithme. L’implémentation de la méthode est donnée en détails
dans le cas unidimensionnel ainsi que dans le cas bidimensionnel.

Mots clés: Equations différentielles doublement
stochastiques rétrogrades, Equations aux dérivées
partielles stochastiques nonlinéaires, Projections,
Simulations de Monte-Carlo, régression , Systéeme de
particules en intéraction , Algorithme de Hastings-
Metropolis, Chaines dee Markov.

Abstract

The purpose of this thesis is to study a numerical method for
backward doubly stochastic differential equations (BDSDEs
in short). Our numerical method allows us to tackle a large
class of nonlinear stochastic partial differential equations
(SPDEs in short), thanks to their probabilistic interpretation in
terms of BDSDE:s. In the last part, we study a new particle
method in the context of shielding studies.

In chapter 2, we propose a numerical scheme for BDSDE:s.
We study the error arising from the time discretization and we
give the associated rate of convergence. Then, we deduce a
numerical scheme for the weak solutions of the associated
semilinear SPDEs and we deduce the rate of convergence in
time.

In chapter 3, we extend our method to generalized backward
doubly stochastic differential equations (GBDSDEs in short).
We study the time discretization error and we give the
associated rate of convergence. Then, we deduce a numerical
scheme for the quasilinear SPDEs associated to the
GBDSDEs and we deduce the rate of convergence.

In chapter 4, we propose a scheme based on projections and
Monte-Carlo simulations to approximate solutions of discrete
BDSDEs. We study the regression error in a particular but
very instructive case. We proceed to a conditional analysis of
the error given the trajectories of the exterior noise. We obtain
non asymptotic but explicit almost sure upper bounds for the
regression conditional error.

In chapter 5, we study a problem of small probability
estimation in the context of shielding studies in neutron
transport. We adapt a recent interacting particle method for
small probabilities estimation, based on Hastings-Metropolis
algorithm and given initially for random

variables, to the case of Markov chains. We show the
convergence of our algorithm. Then, the practical
implementation is given in details in the one and two-
dimensional cases.

Key Words: Backward Doubly Stochastic Differential
Equations, Semilinear Stochastic PDEs, Generalized
Backward Doubly Stochastic Differential Equations,
Quasilinear Stochastic PDEs, Projections, Monte-Carlo
simulations, regression, Interacting particle systems,
Hastings-Metropolis algorithm, Markov chains.
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