The Annals of Applied Probability

2003, Vol. 15, No. 3, 2172-2202

DOI 10.1214/105051605000000412

© Institute of Mathematical Statistics, 2005

A REGRESSION-BASED MONTE CARLO METHOD TO SOLVE
BACKWARD STOCHASTIC DIFFERENTIAL EQUATIONS'

BY EMMANUEL GOBET, JEAN-PHILIPPE LEMOR AND XAVIER WARIN

Centre de Mathématiques Appliquées, Electricité de France
and Electricité de France

We are concerned with the numerical resolution of backward stochastic
differential equations. We propose a new numerical scheme based on
iterative regressions on function bases, which coefficients are evaluated using
Monte Carlo simulations. A full convergence analysis is derived. Numerical
experiments about finance are included, in particular, concerning option
pricing with differential interest rates.

1. Introduction. In this paper we are interested in numerically approximating
the solution of a decoupled forward—backward stochastic differential equation
(FBSDE)
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In this representation, S = (S;:0 <t < T) is the d-dimensional forward compo-
nent and Y = (¥;:0 <t < T) the one-dimensional backward one (the extension
of our results to multidimensional backward equations is straightforward). Here,
W is a g-dimensional Brownian motion defined on a filtered probability space
(2, F,P, (F1)o<t<T), where (F;); is the augmented natural filtration of W. The
driver f(-,-,-,-) and the terminal condition ®(-) are, respectively, a determin-
istic function and a deterministic functional of the process S. The assumptions
(H1)—(H3) below ensure the existence and the uniqueness of a solution (S, Y, Z)
to such equation (1)—(2).

Applications of BSDEs. Such equations, first studied by Pardoux and Peng [26]
in a general form, are important tools in mathematical finance. We mention some
applications and refer the reader to [10, 12] for numerous references. In a complete
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market, for the usual valuation of a contingent claim with payoff ®(S), Y is the
value of the replicating portfolio and Z is related to the hedging strategy. In that
case, the driver f is linear w.r.t. ¥ and Z. Some market imperfections can also be
incorporated, such as higher interest rate for borrowing [4]: then, the driver is only
Lipschitz continuous w.r.t. Y and Z. Related numerical experiments are developed
in Section 6. In incomplete markets, the Follmer—Schweizer strategy [14] is given
by the solution of a BSDE. When trading constraints on some assets are imposed,
the super-replication price [13] is obtained as the limit of nonlinear BSDEs. Con-
nections with recursive utilities of Duffie and Epstein [11] are also available. Peng
has introduced the notion of g-expectation (here g is the driver) as a nonlinear pric-
ing rule [28]. Recently he has shown [27] the deep connection between BSDEs and
dynamic risk measures, proving that any dynamic risk measure (&;)o<;<7 (satis-
fying some axiomatic conditions) is necessarily associated to a BSDE (Y;)o</<7
(the converse being known for years). The least we can say is that BSDEs are now
inevitable tools in mathematical finance. Another indirect application may concern
variance reduction techniques for the Monte Carlo computations of expectations,
say E(®) taking f = 0. Indeed, fOT ZsdW;s is the so-called martingale control
variate (see [24], for instance). Finally, for applications to semi-linear PDEs, we
refer to [25], among others.

The mathematical analysis of BSDE is now well understood (see [23] for recent
references) and its numerical resolution has made recent progresses. However,
even if several numerical methods have been proposed, they suffer of a high
complexity in terms of computational time or are very costly in terms of computer
memory. Thus, their uses in practice on real problems are difficult. Hence, it is
still topical to devise more efficient algorithms. This article contributes in this
direction by developing a simple approach, based on Monte Carlo regression on
function bases. It is in the vein of the general regression approach of Bouchard
and Touzi [6], but here it is actually much simpler because only one set of
paths is used to evaluate all the regression operators. Consequently, the numerical
implementation is easier and more efficient. In addition, we provide a full
mathematical analysis of the influence of the parameters of the method.

Numerical methods for BSDEs. In the past decade, there have been several
attempts to provide approximation schemes for BSDEs. First, Ma, Protter and
Yong [22] propose the four step scheme to solve general FBSDEs, which requires
the numerical resolution of a quasilinear parabolic PDE. In [2], Bally presents a
time discretization scheme based on a Poisson net: this trick avoids him using
the unknown regularity of Z and enables him to derive a rate of convergence
w.r.t. the intensity of the Poisson process. However, extra computations of very
high-dimensional integrals are needed and this is not handled in [2]. In a recent
work [29], Zhang proves some L-regularity on Z, which allows the use of a
regular deterministic time mesh. Under an assumption of constructible functionals
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for ® (which essentially means that the system can be made Markovian, by adding
d’ extra state variables), its approximation scheme is less consuming in terms of
high-dimensional integrals. If for each of the d + d’ state variables, one uses M
points to compute the integrals, the complexity is about M d+d’ per time step, for
a global error of order M ~! say (actually, an analysis of the global accuracy is not
provided in [29]). This approach is somewhat related to the quantization method
of Bally and Pages [3], which is an optimal space discretization of the underlying
dynamic programming equation (see also the former work by Chevance [8], where
the driver does not depend on Z). We should also mention the works by Ma,
Protter, San Martin and Soledad [21] and Briand, Delyon and Mémin [7], where
the Brownian motion is replaced by a scaled random walk. Weak convergence
results are given, without rates of approximation. The complexity becomes very
large in multidimensional problems, like for finite differences schemes for PDEs.
Recently, in the case of path-independent terminal conditions ®(S) = ¢ (S7),
Bouchard and Touzi [6] propose a Monte Carlo approach which may be more
suitable for high-dimensional problems. They follow the approach by Zhang [29]
by approximating (1)—(2) by a discrete time FBSDE with N time steps [see (5)-(6)
below], with an Lj-error of order N~!/2. Instead of computing the conditional
expectations which appear at each discretization time by discretizing the space
of each state variable, the authors use a general regression operator, which can
be derived, for instance, from kernel estimators or from the Malliavin calculus
integration by parts formulas. The regression operator at a discretization time is
assumed to be built independently of the underlying process, and independently of
the regression operators at the other times. For the Malliavin calculus approach,
for example, this means that one needs to simulate at each discrete time, M copies
of the approximation of (1), which is very costly. The algorithm that we propose
in this paper requires only one set of paths to approximate all the regression
operators at each discretization time at once. Since the regression operators are
now correlated, the mathematical analysis is much more involved.

The regression operator we use in the sequel results from the Lj-projection on
a finite basis of functions, which leads in practice to solve a standard least squares
problem. This approach is not new in numerical methods for financial engineering,
since it has been developed by Longstaff and Schwartz [20] for the pricing of
Bermuda options. See also [5] for the option pricing using simulations under the
objective probability.

Organization of the paper. In Section 2 we set the framework of our study,
define some notation used throughout the paper and describe our algorithm based
on the approximation of conditional expectations by a projection on a finite basis
of functions. We also provide some remarks related to models in finance.

The next three sections are devoted to analyzing the influence of the parameters
of this scheme on the evaluation of ¥ and Z. Note that approximation results on Z
were not previously considered in [6]. In Section 3 we provide an estimation of the
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time discretization error: this essentially follows from the results by Zhang [29].
Then, the impact of the function bases and the number of simulated paths is
separately discussed in Section 4 and in Section 5, which is the major contribution
of our work. Since this least squares approach is also popular to price Bermuda
options [20], it is crucial to accurately estimate the propagation of errors in this
type of numerical method, that is, to ensure that it is not explosive when the
exercise frequency shrinks to 0. Lp-estimates and a central limit theorem (see
also [9] for Bermuda options) are proved.

In Section 6 explicit choices of function bases are given, together with numerical
examples relative to the pricing of vanilla options and Asian options with
differential interest rates.

2. Assumptions, notation and the numerical scheme.

2.1. Standing assumptions. Throughout the paper we assume that the follow-
ing hypotheses are fulfilled:

(H1) The functions (¢, x) — b(t, x) and (¢, x) — o (¢, x) are uniformly Lipschitz
continuous w.r.t. (¢, x) € [0, T] x R4,
(H2) The driver f satisfies the following continuity estimate:

| f(t2, x2, ¥2,22) — f(t1, X1, y1, 21)|
<Crlto— 111" + |x2 — x1| + ly2 — y1] + 22 — z11)

for any (11, x1, y1,21), (12, ¥2, 2, 22) € [0, T] x R x R x RY.
(H3) The terminal condition & satisfies the functional Lipschitz condition, that is,
for any continuous functions s' and s2, one has

|D(s') — d(s?)| < C sup |5} —s2).
t€l0,T]
These assumptions (H1)—-(H3) are sufficient to ensure the existence and uniqueness
of a triplet (S,Y,Z) solution to (1)—(2) (see [23] and references therein). In
addition, the assumption (H3) allows a large class of terminal conditions (see
examples in Section 2.4).

To approximate the forward component (1), we use a standard Euler scheme
with time step £ (say smaller than 1), associated to equidistant discretization times
(tt =kh = kT /N)o<k<n. This approximation is defined by S(I)V = Sp and
3) Si

N N N
tet 1 = Stk + b(tk, Stk )h + O'(tk, Sl‘k )(Wtk+1 — Wfk)'
The terminal condition ®(S) is approximated by oN (P/}X ), where ®V is a
deterministic function and (Ptiv Jo<k<n 1s a Markov chain, whose first components

are given by those of (S,]Z Jo<k<n- In other words, we eventually add extra state
variables to make Markovian the implicit dynamics of the terminal condition. We
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also assume that P,iv is #; -measurable and that E[®V (P,];\f )]? < 0o. Of course,
this approximation strongly depends on the terminal condition type and its impact
is measured by the error E|®(S) — oN (Ptjlg )|? (see Theorem 1 later). Examples of

function ®V are given in Section 2.4.

Another hypothesis is required to prove that a certain discrete time BSDE
(Y,iV )t can be represented as a Lipschitz continuous function y (#,-) of Ptiv
(see Proposition 3 later). This property is mainly used in Section 6 on numerical
experiments to derive relevant regression approximations.

(H4) The function ®¥(-) is Lipschitz continuous (uniformly in N) and

supy |®V (0)| < oco. Tn addition, E|PN*0* — pNHkox'2 4 1[«:,|PtiV ko

N,ko,x" 2 "2 . .
Ptko+1 | < C|x — x'|* uniformly in kp and N.

Here, (PN’k0 ")+ stands for the Markov chain (PN )k starting at PN = x.

Moreover, since we deal with the flow properties of (P )k, We use the standard
representation of thls Markov chain as a random 1terat1ve sequence of the form
PN FN(Uk, tk l) where (F )x are measurable functions and (Uy)y are i.i.d.
random variables.

2.2. Notation.

PROJECTION ON FUNCTION BASES.

e The Ly(2, IP) projection of the random variable U on a finite family ¢ =
(o1, ..., Pnl" (cons1dered as a random column vector) is denoted by £y (U).
We set Ry (U) = P (U) for the projection error.

e At each time #, to approximate, respectively, Y, and Z;, (Z;, is the [th
component of Z;, 1 <[/ < q), we will use, respectively, finite-dimensional
function bases po,k(PtiV ) and pl,k(P,iV ) (1 <1 < ¢q), which may be also written
pokx and p;r (1 <1 < gq) to simplify. In the following, for convenience,
both (p«(-)) and ( pl,k(P,iV )) are indifferently called function basis. Explicit
examples are given in Section 6. The projection coefficients will be denoted
o0k, A1 ks - -+, Qg x (viewed as column vectors). We assume that Elpl,k|2 <
oo (0 <[ <g) and wl.o.g. that E(p; pl* ) 1s invertible, which ensures the
uniqueness of the coefficients of the projection &, , (0 <[ < q).

o To simplify, we write fi(ok, ..., aq k) or fi(ay) for f (1, Szk SO0k " DOks - -«
Qg .k Pq.k) [S,’Z is the Euler approximation of §;,, see (3)].

e For convenience, we write Ex () = E(-|F,). We put AW, =W, — Wy, (and

AW, component-wise) and define vy the (column) vector given by [vi]* =
* x AW x AWgk
(po,k’pl,k—\/ﬁ 1o Py k \/% ) ‘ ' .
e For a vector x, |x| stands, as usual, for its Euclidean norm. The relative

dimension is still implicit. For an integer M and x € R™, we put |x|/2w =
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ﬁ Znﬂle |x|. For a set of projection coefficients « = (o, .. ., 0g), We set
|| = maxg</<4 |oy| (the dimensions of the oy may be different). For the set
of basis functions at a fixed time #, | pi| is defined analogously.

e For a real symmetric matrix A, |A| and ||A| F are, respectively, the maximum
of the absolute value of its eigenvalues and its Frobenius norm (defined by

2 2
A1 =3 a2 ).

We refer to Section 6 for explicit choices of function bases, but to fix ideas,
a possible choice could be to define, for each time #, grids (xli 1 <i <
n)o<i<q and define p; () as the basis of indicator functions of the op;en Voronoi
partition [17] associated to (x,’"kzl <i <n), that is, p;x(-) = (lc;-k(-))lfifn,

where Cj , = {x:|x —x] ;| < [x —x/, [, Vj #i}.

SIMULATIONS. In the following, M independent simulations of (Ptiv )o<k<N>
(AWi)o<k<n—1 will be used. We denote them ((P,iv’m)oskSN)lsmSM,
((AW)o<k<N-1)1<m<M:

e The values of basis functions along these simulations are denoted (p}", =

N,
Pl(sz m))Oflgq,ngfN—l, l<m<M-

e Analogously to fi(co, ..., 0q k) or fi(ax), we denote f;" (aok, ..., 0q k) OF
N,
S (o) for f(t, i ™ @0k - POlgs -+ gk - P )-
We define the following:
AWm AWm
e the (column) vector v} by [v}'1* = (pgs. PT's \/;il.k’ ...,p;””’,;TZ"‘);

o the matrix VM = ﬁ M v
o the matrix P = ; 0L, p/[p}i]* (0 <1 <q).

TRUNCATIONS. To ensure the stability of the algorithm, we use threshold
techniques, which are based on the following notation:

e In Proposition 2 below, based on BSDEs’ a priori estimates, we explicitly build
some R-valued functions (pl]}’k)oflfq,ofkf N—1 bounded from below by 1. We
set p,ﬁV(P,iV) = [péYk(Ptiv), ,..,pé\{k(PtiV)]*.

e Associated to these estimates, we define (random) truncation functions ﬁl]’vk x)=

AN N N
P/Yk(P[Q/)S(x/PZ{Vk(P[Q/)) and Pl,k’m(x) = Pll?/k(sz 7m)‘§(x/P;Yk(sz ’m)), where
E:R—~Risa C}%—function, such that £(x) = x for |x| <3/2, |§|cc <2 and
1§00 < 1.

In the next computations, C denotes a generic constant that may change from line
to line. It is still uniform in the parameters of our scheme.
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2.3. The numerical scheme. We are now in a position to define the simulation-
based approximations of the BSDE (1)-(2). The statements of approximation
results and their proofs are postponed to Sections 3, 4 and 5.

Our procedure combines a backward in time evaluation (from time ty = T to
time #ty = 0), a fixed point argument (using i = 1, ..., I Picard iterations), least
squares problems on M simulated paths (using some function bases).

Initialization. 'The algorithm is initialized with Y,’IX ALM _ N (P/}X ) (indepen-
dently of i and I). Then, the solution (Y, Zy 4, ..., Z4) at a given time #; is
. . . iI,M
represented via some projection coefficients (o', ™ )o<i<g by

N,i,I,.M AN i,I.M N,i,I.M AN i,I.M
Y, = Pox (@K - Pok); \/Zzz,tk = pre(Whey M pri)

(,6(])\/ , and ,61Nk are the truncations introduced before). We now detail how the

coefficients are computed using independent realizations ((Ptiv’m)()ikg N)l<m<M>
((AW]Zn)ngEN—l)lfmﬁM-

Backward in time iteration at time t; < T. Assume that an approxima-
. NLILM _ A LIM . . N.LIM.m _
tion Y, = po,k+1(“0,k+1 - Po.k+1) 1s built, and denote Y =

Tie+1
~N,m 1,I.M

Po.i+1(0 k1 * Po.k41) its realization along the mth simulation.
— For the initialization i = 0 of Picard iterations, set Ytiv OLM — 0 and

zy "M =0, thatis, o)) M =0 (0<1 < g).

— For i = 1,...,1, the coefficients a,i’I’M = (af’,{’M)()SlSq are iteratively
obtained as the arg min in («p, ..., a4) of the quantity
1 & nrim LM, ’
A1 M,m i—1,1,
@ 5L (Y R T R SCTE pmwz’?z) -
m=1 =1

If the above least squares problem has multiple solutions (i.e., the empirical
regression matrix is not invertible, which occurs with small probability when M
becomes large), we may choose, for instance, the (unique) solution of minimal
norm. Actually, this choice is arbitrary and has no incidence on the further analysis.

The convergence parameters of this scheme are the time step 4 (h — 0), the
function bases, the number of simulations M (M — +-00). This is fully analyzed
in the following sections, with three main steps: time discretization of the BSDE,
projections on bases functions in L, (€2, P), empirical projections using simulated
paths. An estimate of the global error directly follows from the combination of
Theorems 1, 2 and 3. We will also see that it is enough to have I = 3 Picard
iterations (see Theorem 3).

The intuition behind the above sequence of least squares problems (4) is actually
simple. It aims at mimicking what can be ideally done with an infinite number of
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simulations, Picard iterations and bases functions, that is,

(v, zl)= arginf E(Y) —Y+nf(u. S

/3 o Tk+1 7
(Y.2)eLa(F,)

Y, Z) — ZAW:)?,

where, as usual, Ly(¥;,) stands for the square integrable and ¥; -measurable,
possibly multidimensional, random variables. This ideal case is an appoximation
of the BSDE (2) which writes

Tr41 Tk+1

Ytk+1+ ] f(svSSaYs’Zs)dSZYtk+ ) ZsdWs

k k
over the time interval [#, fx4+1]. (Y, ziv )i will be interpreted as a discrete time BSDE
(see Theorem 1).

2.4. Remarks for models in finance. Here, we give examples of drivers f
and terminal conditions ®(S) in the case of option pricing with different interest
rates [4]: R for borrowing and r for lending with R > r. Assume for simplicity
that there is only one underlying risky asset (d = 1) whose dynamics is given by
the Black—Scholes model with drift © and volatility o (¢ = 1): dS; = S; (e dt +
odW;).

e Driver:Ifweset f(t,x,y,2) = —{yr+z0 —(y — )" (R—r)}, where § = ===,
Y; is the value at time ¢ of the self-financing portfolio replicating the payoff
®(S) [12]. In the case of equal interest rates R = r, the driver is linear and we
obtain the usual risk-neutral valuation rule.

e Terminal conditions: A large class of exotic payoffs satisfies the functional
Lipschitz condition (H3).

— Vanilla payoff: ®(S) = ¢(S7). Set P} = S and ®N(PY) = ¢(P).
Under (H3), it gives E|®Y (PY) — ®(S)|> < Ch.

— Asian payoff: ®(S) = ¢(Sr. [y Srdt). Set PN = (SN, h¥i=) SY) and
oN (le,t,[ ) = qb(Pt’}\v’). For usual functions ¢, the Ls-error is of order 1/2
w.r.t. h. More accurate approximations of the average of S could be
incorporated [18].

— Lookback payoff: &(S) = ¢(S7,minepo,77S;, maxsefo,775:). Set
CDN(P,?,’) = ¢(P/IX) with P,iv = (S;Z,minifk S,jiv, max; <k St[iv). In general,
this induces an Lj-error of magnitude /hAlog(1/h) [29]. The rate /A
can be achieved by considering the exact extrema of the continuous Euler
scheme [1].

Note also that (H4) is satisfied on these payoffs.

We also mention that the price process (S;); is usually positive coordinatewise,
but its Euler scheme [defined in (3)] does not enjoy this feature. This may be an
undesirable property, which can be avoided by considering the Euler scheme on
the log-price. With this modification, the analysis below is unchanged and we refer
to [15] for details.
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3. Approximation results: step 1. We first consider a time approximation of
equations (1) and (2). The forward component is approximated using the Euler
scheme (3) and the backward component (2) is evaluated in a backward manner.

First, we set th = QDN(P/IX). Then, (Ytiv, Z;,Y)Oska—l are defined by

1
N N
®)) Zl,tk = EEI‘(Y’HIAW“‘)’
N N N N N
(6) Ytk = ]Ek(Ytk+]) + hf(tk, Stk , Ytk , Ztk )

Using, in particular, the inequality |Zl,Ntk| < ﬁ Er (YN )2, it is easy to see by

Tk+1
a recursive argument that Y,iv and Z{kv belong to L (¥7,). It is also equivalent to
assert that they minimize the quantity

(7) E(YN Y, Z) - ZAW;)?

Tie+1

— Y +hf(t, SY

173
over L (¥7,) random variables (Y, Z). Note that Y,iv is well defined in (6), because

the mapping Y +— Ek(Y,iVH) + hf (1, St];’, Y, Z{Z) is a contraction in Lo (F7,), for

h small enough. The following result provides an estimate of the error induced by
this first step.

THEOREM 1. Assume (H1)—(H3). For h small enough, we have

N2 N=1 ey N2
Orfr}(afoE|Y,k—Ytk| +,§)/;k E|Z — 2z, | dt

< C((1+1SoPh+E[D(S) — oV (PN ).

PROOF. From [29], we know that the key point is the L2-regularity of Z.
Here, under (H1)—(H3), Z is cadlag (see Remark 2.6.ii in [29]). Thus, Theorem 3.1
in [29] states that

N-1 Tkt1 2 2

> E/ |Z: — Zy|"dt < C(1+ |So|*)h.
k=0

With this estimate, the proof of Theorem 1 is standard (see, e.g., the proof of

Theorem 5.3 in [29]) and we omit details. [

Owing to the Markov chain (Ptiv Jo<k<N, the independent increments
(AWp)o<k<n—1 and (5)—(6), we easily get the following result.

PROPOSITION 1. Assume (H1)-(H3). For h small enough, we have
®) Yy =yY(PY),  Z) =z%(PY) for0O<k<Nand 1<i<q,

where (y,iv ()k and (Z;Yk('))k,l are measurable functions.
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It will be established in Section 6 that they are Lipschitz continuous under the
extra assumption (H4).

4. Approximation results: step 2. Here, the conditional expectations which
appear in the definitions (5)—(6) of Ytiv and Zl[?/tk (1 <1 < g) are replaced by a
L, (2, IP) projection on the function bases pg x and p; x (1 </ < g). A numerical
difficulty still remains in the approximation of th(v in (6), which is usually obtained
as a fixed point. To circumvent this problem, we propose a solution combining
the projection on the function basis and / Picard iterations. The integer / is a
fixed parameter of our scheme (the analysis below shows that the value I = 3 is
relevant).

DEFINITION 1. We denote by Y,iv’i’l the approximation of Ytiv , where i Picard
iterations with projections have been performed at time #; and / Picard iterations

with projections at any time after #;. Analogous notation stands for zNi T We

l tx
associate to ¥, Nl and z ,Nt’ I their respective projection coefficients ozo i ! and ozl k’

on the functlon bases po and ik (1 =<1 <q).

We now turn to a precise definition of the above quantities. We set Ytllg’i’l =
N (P,?V’ ), independently of i and /. Assume that Y,N’]’I is obtained and let us
define Ytiv’i ! Zl 1 fori =0,...,1. We begin with Y, N 01 =0 and ZZZ’O’I =0,

corresponding to “l,’k =0 (O <1l <gq). By analogy With (7), we set a}i{,l _

(af: ,ﬁ )o<i<q as the argmin in (o, ..., a4) of the quantity
q 2
) E(Yéﬁ{ T —ay - pox+hfila ) =D pz,kAWz,k> .
I=1
Iterating withi =1, ..., I, at the end we get (ozl % )0<l<q, thus, YN LI _ oeé,i DO.k
and Z;Yt}f’l all kI pik (1 <1 < g). The least squares problem (9) can be

formulated in different ways but this one is more convenient to get an intuition
on (4). The error induced by this second step is analyzed by the following result.

THEOREM 2. Assume (H1)-(H3). For h small enough, we have

N.I.I N N, 1,1 N |2
Oir}cax IE|Y —-Y, I +hZE|Z sz|
< CRY=2[1 4+ || +E|<I>N(P#NV)|2]

N-1 N—-1 ¢q

2 2
+C Z E|'Rpoﬁk (Ytiv)| +Ch Z ZE|sz,k(le,\lzk)| .
k=0 k=0 [=1
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The above result shows how projection errors cumulate along the backward
iteration. The key point is to note that they only sum up, with a factor C which
does not explode as N — oo. These estimates improve those of Theorem 4.1
in [6] for two reasons. First, error estimates on ZV are provided here. Second,

in the cited theorem, the error is analyzed in terms of E|R), (Ytiv ’]’1)|2 and
E|Rp, (Z th}(],[)|2 say: hence, the influence of function bases is still questionable,
since it is hidden in the projection residuals &R, and also in the random variables

Y,iv’” and Z INZ T Our estimates are relevant to directly analyze the influence of
function bases (see Section 6 for explicit computations). This feature is crucial in
our opinion. Regarding the influence of I, it is enough here to have I =2 to get an

error of the same order as in Theorem 1. At the third step, / = 3 is needed.

PROOF OF THEOREM 2. For convenience, we denote 4~ (Sp) = 1+ |So|? +
E|®N (P,’IX )2, In the following computations, we repeatedly use three standard
inequalities:

1. The contraction property of the L,-projection operator: for any random variable
X € Ly, we have E|.P), , (X)|> <E|X|%.

2. Tlhe ﬁzfoung inequality: Vy > 0, VY (a,b) € R?, (a + b)> < (1 + yh)a® + (1 +

3. %he discrete Gronwall lemma: for any nonnegative sequences (dx)o<k<N.,
(br)o<k<n and (Ck)0<k<N SatiSfyiﬂg a1+ cx—1 < (1 + yh)ay + by (with
y > 0), we have a; + Zl i’ Loy <e?T—Way + ZN 'bi1. Most of the time, it
will be used with ¢; = 0.

Because AWy is centered and independent of (p; x)o<i<g, it is straightforward to
see that the solution of the least squares problem (9) is given, for i > 1, by

1
N.i.I N.II
(10) Z z,: = hf'pz,k(YrkH AW k),
NI y NI N.i—1,1 N.i—11
(1) Yot =P (Vi +hf (0, SY o Ye T2y ).

The proof of Theorem 2 may be divided in several steps.

Step 1: a (tight) preliminary upper bound for EIZZIYt}f’Ilz. First note that

N,i,I

Z,; is constant for i > 1. Moreover, the Cauchy—Schwarz inequality yields

B (YNLAW 2 = B — Br(r YL 1AW 012 < h@rlY 12—

k+1 k+1 k+1 k+1

Ek(Y,iVH[ 1) 2). Since ( Pkl 18 Fy -measurable and owing to the contraction of

the projection operator, it follows that

i,l2 1 1 2
|z = = 7B o B[Vl AW < B (E] Yoo AW )
12
(42 < LRy NLI g (NP
_Z( [ tet1 ] - [ k( tht1 )] )
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As it may be seen in the computations below, the term E[Ek(Y,iv +II I )% in (12)

plays a crucial role to make further estimates not explosive w.r.t. 4.

Step 2: Ly bounds for YN Y and h ZN’ I Actually, it is an easy exercise

to check that the random variables Ytiv E 1 and «/EZINIZ’I are square integrable.

We a1m at proving that uniform L; bounds w.r.t. i, I, k are available. Denote
Y eLZ(g?,k) > Poox Vi P Fhf (e, SN, le LYy e Lo(F,). Clearly,

Tkt 738
IE| W) = TP < (Cph)*E|Y2 — Yi|%, where C is the Lipschitz
constant of f. Consequently, for 2 small enough, the application X,ﬁv T s

N,i,1

contracting and has a unique fixed point Ytiv 0ol ¢ L2 (#,) (remind that Z; fe

does not depend on i > 1). One has

N, 00,1 y N1 N,0o,I N,I,I
(13) Y, 0 =Py (Vi hf (e, Sy, Y00z ),
(14) E| Noo] YNII‘2<(C h)ZZE‘ NooI,Z

N,0,1

since ¥y, = 0. Thus, Young’s inequality yields, for i > 1,

Tk

E|YN,i,I|2 < ( >E|YN ool Nz 1| L0+ h)IE|YiV’°°’I|2

(15)
< (14 CE[YY"1P,

The above inequality is also true for i =0 because Ytiv’o’l = 0. We now estimate
E|YlN o 1|2 from the identity (13). Combining Young’s inequality (with y to
be chosen later), the identity &y, k(YN I, [) = Ppo ExlY, NI, l]), the contraction

Te+1 Tie+1
of &#p, . and the Lipschitz property of f, we get

N,00,112 yNLIY2
E‘Ytk 00 ’ <(1—|—yh)E|Ek[ o ]‘
(16)
+ Ch(h + ;)[Esz(o, ,0) +E|yY P 1 E|Z) P
Bringing together terms ElYév’oo’llz, then using (12) and the easy upper bound
Ef2(0,...,0) < C(1 +|So[%), it readily follows that

1 h
E|Y,N’°°’I|2§ (I+vyh) E|Ek[Y,N’]’I]|2
i I —Chh+1/7) it
Chth+1/y) )
17 1 S
(17) +1—Ch(h+1/)/)[+|0|]
Cth+1/y)

A, 2
Bl [~ BBy 1),

1—Ch(h+1/y)
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provided that 4 is small enough. Take y = C to get
N,00,1|2 2 N.1I
E|Y, 7" < Ch[1+1S0|°1+ (1 4+ Ch)EJY,

o '1P+ CHE[E[Y, ]2

Tk+1
(18)

< Chll + ST+ (1 +2CRE|Y I P
with a new constant C. Plugging this estimate into (15) with i = I, we get

IElYN’I’IIZ < Ch[1 + |So]*1 + (1 + Ch)]E|YN’I’I|2 and, thus, by Gronwall’s

178 Tk+1

lemma, supy—; <y ]E|Yt]kv’l’1 |2 < CAN(Sp). This upper bound combined with (18),

(15) and (12) finally provides the required uniform estimates for IE|Y,1V i1 |2 and
E|Z% 2

(19) supsup sup (E|Y;Y "' [P+ hE|Z 7)< AN (Sp).
I>1i>00<k<N ’

Step 3: upper bounds for n,lcv’l = ElYN’I’I — Ytiv|2. Note that n%’l =0. Our

Tk
purpose is to prove the following relation for 0 <k < N:
m ' < (L Chymyy + Ch = AN (So)
(20)

q

2 2

+ CE|‘RP0J<(Y11V)} +ChZE{'RP1,k(Zl,Nzk)| .
=1

Note that the estimate on maxg<g<y E| Y,iv LI Y,iv |2 given in Theorem 2 directly

follows from the relation above. With the arguments used to derive (15) and using
the estimate (19), we easily get

n[[{v,[ < ChZIileAN(SO) + (1 +h)E|YtiV,OO,1 _ Yti\l|2
— 2
21 = ChIAN (So) + (14 WE[ R (Y]
2

+ L+ DE[Y, ™ — 2y, (V)

where we used at the last equality the orthogonality property relative to &y,
N,o0,1 N2 Ny|2 N,o00,1 Ny 2
(22) E‘Ytk o — sz | = E}‘RPO,k (Ytk )| +E|Ytk o — f'po,k (Ytk )’ .
Furthermore, with the same techniques as for (12) and (16), we can prove

E|z)" - ZN ]

’

q
2 2
IE|‘ﬂpl.k (le,vtk)| + ZE|ZZIYI;<I?I - ‘(Ppl,k (Zl]?/lk):”
1 =1

MQ

-
Il

(23)
E{ﬁpl,k (le,vl‘k) |2

A
B

~

1

B[y —yN

Te+1 Tk+1

2 N,I,1 2
" —E[E(v,., =Y )T)

+

d
h
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and
N, 00,1 2
E‘Ytk o7 — ‘?P(),k(Ytiv)‘
(24) <+ ymEEJ[Y) I -y P

1
O+ )XY - Bz - Z) )

Replacing the estimate (23) in (24), choosing y = Cd and using (22) directly leads
to
N,o0,1 2
(1 - Ch)E|Ytk ol — J)po,k(YtiVH
(25) < (1 +Chn:!

q

2 2

+ ChZE{ﬁPl,k (ZlNzk)| +ChE|'Rpo,k(Ytiv)| .
=1

Plugging this estimate into (21) completes the proof of (20).

Step 4: upper bounds for ¢N = h Z,ICV:_OI IEIZZZ’I’I — Z;’Z|2. We aim at showing

N—-1 ¢q

(N < ChRH2AN(Sp) +Ch Y. SUEIR,,, (281
k=0 =1
20 N 2 NI
C Y E|R,, (YN C !
+ kg(:) { po I )"+ 05?55—1’7"
In view of (23), we have
N—-1 ¢ 5
N <h Yy Y EIRy, (2]
k=0 =1

N—1
A, 2 I, 2
+d Z (E[Ytiv L Ytiv] - E[Ek(Yl‘i\Q_II = Ytiv+|)] )
k=0

Owing to (21) and (24), we obtain

E|YN,I,] _ Yti\/|2 _E[Ek(YN,I,I _ YN )]2

Ik Tk41 Tyl
< Ch=1 AN (sp)
+ CE[Rp,, (Ytiv)‘z + (1 +n)(A+yh) — 1]E|Ek[YN’I’I _yN

2
Tre+1 tk+1]|

Tk

1
+ Ch(h + ;)[E|th'°°” — YN+ E|ZN -z
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Taking y =4Cd and h small enough such that dC (h + %) < %, we have proved

N—-1 ¢q N-—1
_ 2 2
N < CRI2AN(S0) + Ch Y S EIR, (25 +C Y EIRpy (V)]
k=0 =1 k=0

LS R NooI_YN
+C0<§ga§1nk "+ Z Y P+1¢

But taking into account (22) and (25) to estimate E|Y,iv 0ol _ Ytiv |2, we clearly
obtain (26). This easily completes the proof of Theorem 2. [J

5. Approximation results: step 3. This step is very analogous to step 2,
except that in the sequence of iterative least squares problems (9), the expectation
E is replaced by an empirical mean built on M independent simulations of
(Ptiv)ogng, (AWi)o<k<n—1. This leads to the algorithm that is presented at
Section 2.3. In this procedure, some truncation functions /61]?2 and ﬁl]?’k’m are used
and we have to specify them now.

These truncations come from a priori estimates on Y, Nl oz thk’ !

to force their simulation-based evaluations Ytivl IL.M,m Zthl LM.m o satisfy the
same estimates. These a priori estimates are given by the following result (which

is proved later).

and it is useful

PROPOSITION 2. Under (H1)-(H3), for some constant Cq large enough, the
sequence of functions (pl’Nk(-) =max(l, Colpix()):0<l<qg,0<k<N-—-1)is
such that

|Ytiv’i’l| = P(I)\,/k (Ptiv)’ “/lele I| = pi k(PN) a5

foranyi>0,1>0and0 <k <N —1.

With the notation of Section 2, the definition of the (random) truncation
functions ﬁlNk (resp. ,élN k’m) follows. Note that they are such that:

e they leave invariant aé”i pox =Y if 1 =0or fozl K PLk= fZ,Ntk’ T
[ >1 (resp. aé”i “por ifl=0o0r \/_al’k Pl ifl > 1);

e they are bounded by 2pl’Nk(PliV) [resp. 2plj}’k(P,Q/’m)];

e their first derivative is bounded by 1;

e their second derivative is uniformly bounded in N, [, k, m.

Now, we aim at quantifying the error between (Y, yNIIM ZN LLM

(¥, N.LI . h ZN & 1)1 &, in terms of the number of s1mu1at10ns M, the function
bases and the tlme step h. The analysis here is more involved than in [6] since

)ik and
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all the regression operators are correlated by the same set of simulated paths. To
obtain more tractable theoretical estimates, we shall assume that each function
basis pj i is orthonormal. Of course, this hypothesis does not affect the numerical
scheme, since the projection on a function basis is unchanged by any linear
transformation of the basis. Moreover, we define the event

Al ={Vjelk,...N=1}:|VM —1d| <h, | P, —1d| < h
27 "
and || P —Id|| < 1 for 1 <l <gq}
(see the notation of Section 2 for the definition of the matrices VjM and PI{VJI.). Under
the orthonormality assumption for each basis p; x, the matrices (VkM )o<k<N—1,
(Plka)oglfq’ong N—1 converge to the identity with probability 1 as M — oo. Thus,
we have limys_ o IP’(A,iW ) = 1. We now state our main result about the influence
of the number of simulations.

THEOREM 3. Assume (H1)-(H3), I > 3, that each function basis pj is
orthonormal and that Elpl’k|4 < oo for any k,l. For h small enough, we have,
forany0 <k <N —1,

E|YN,I,[ _ YN 1,1, M|2 +h Z E|ZN 1,1 Z[l;/,[,I,M|2

173

=k
N-1 ) N-1 ) )
<9 > E(of (PY) [ Apappe) +ChI™E Y T [1+1S0l” +El o] (P[]
j=k j=k
C N—-1 N
T, k<E”UJ  —1dIE|p} (P )
J:

+E(lvj1*1po.j+11*)Elog (PN

+h2]E[|vJ (1 +}SN! +|po,|2E|po,(PN)!

LS P () >])

1 1

The term with [A,IC” ¢ readily converges to 0 as M — oo, but we have not
made estimations more explicit because the derivation of an optimal upper bound
essentially depends on extra moment assumptions that may be available. For
instance, if p i (PN ) has moments of order higher than 2, we are reduced via

Holder inequality to estimate the probability IP’([Ak 19 < ZN kl [P VM —Id|| >
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h) + IP(||P(% I >h+XY], P(||P,{Vj’. —Id|| > 1)]. We have P(||VM —1d| >
h) < h2E|VM — 1d|I> < h2E|VM - 1d|)3 = (Mh*)~'E|lugv} — 1d||%. This
simple calculus illustrates the possible computations, other terms can be handled
analogously.

The previous theorem is really informative since it provides a nonasymptotic
error estimation. With Theorems 1 and 2, it enables to see how to optimally choose
the time step &, the function bases and the number of simulations to achieve a
given accuracy. We do not report this analysis which seems to be hard to derive for
general function bases. This will be addressed in further researches [19]. However,
our next numerical experiments give an idea of this optimal choice.

We conclude our theoretical analysis by stating a central limit theorem on the
coefficients oz’ LM as M goes to 0o. This is less informative than Theorem 3 since
this is an asymptotic result. Thus, we remain vague about the asymptotic variance.
Explicit expressions can be derived from the proof.

THEOREM 4. Assume (H1)—(H3), that the driver is continuously differentiable
w.rt. (y,z) with a bounded and uniformly Holder continuous derivatives and
that E|plk|2+8 < oo for any k,l (¢ > 0). Then, the vector [ M (oz’ LM _

ozk )]l< 1.k<N—1 weakly converges to a centered Gaussian vector as M goes to oo.

PROOF OF PROPOSITION 2. In view of Proposition 1, it is tempting
to apply a Markov property argument and to assert that Proposition 2 re-
sults from (19) written with conditional expectations [E;. But this argumenta-
tion fails because the law used for the projection is not the conditional law
Er but Eg. The right argument may be the following one. Write Y,iv i1

aé’; Po,k (P N) On the one hand, by (19), we have CAN(Sy) > IE|YN il _
oeo k ~Elpopg, k]aO k= |O‘o * 12 Amin (B[ po, kP§ ). On the other hand, Y, <

o110k (PI] < 1po.kly/ CAN (So)/Amin(ELpoxpi D). Thus, we can  take
PO (x) = maX(l,Ipo,k(x)I\/CAN (80)/*min(Elpo.k pg i 1))-  Analogously, for

VRIZH, we have pf () = max(L, | prx(0)]/CAN (o) /2min BLpLk Pt ).
Note that if p; & is an orthonormal function basis, we have Amin(E[py « pl"j D=1
and previous upper bounds have simpler expressions. [J

PROOF OF THEOREM 3. In the sequel, set
1y N
N
= > loox(Py"
m=1

Obviously, we have E(A; ") = E|p{,(PN)[* and E(B,ﬁV’M) <+ [SoP).
Now, we remind the standard contraction property in the case of least squares

1
2 £liv,M _
M

Ifk ©,...,0)%.

||ME
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problems in RM | analogously to the case L, (2, P). Consider a sequence of real
numbers (x")1<m<m and a sequence (vV")1<m<m of vectors in R”, associated
to the matrix VM = ﬁ an/[: (V" [v"]* which is supposed to be invertible
[Amin(VM) > 0]. Then, the (unique) R"-valued vector 9, = arginfy [x — 6 - vlﬁ,l
is given by

M M
(28) Ox [V Z

The application x — 6, is linear and, moreover, we have the inequality
M 2 2 2

(29) Amin(V7)|60x | < 16y - vy < [x[y-

For the further computations, it is more convenient to deal with

(QIIM) ( E)ch* \/%Oti’;{’M*,. \/E IIM*)

instead of oz’ LM . Then, the Picard iterations given in (4) can be rewritten
i+1.0,M 1 oy, LM 2
(30) 6, —arg@infﬁ 2:(/60,:_"'_1(0{0k+l PO 1) RS (al ) — 6"
m=1

Introducing the event A,IC"I , taking into account the Lipschitz property of the
functions /3%{ and using the orthonormality of p; x, we get

E’Yli\f,l,[ . Ytiv 1,1, M 2 +h Z E’ZN 1,1 Z;;[’I’I’M‘z

j=k
31) <9 Z (IoY (P | ) ape)
LIM LI = LILM LI
(IAMla ao:klz) + h ZE(]‘AMlal ] al”j |2)
j=k =1
LIM

To obtain Theorem 3, we estimate |6, — le’l|2 on the event A,JC"I . This is

achieved in several steps.

Step 1: contraction properties relative to the sequence (Qi’I’M),-Zo. They are
summed up in the following lemma:

LEMMA 1. For h small enough, on A,iw the following properties hold:

(a) |91+11M lIM|2<Ch|911M—9]lc_1’I’M|2.
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(b) There is a unique vector t9k°° LM cuch that
LM 1 & M M 2
00,1, . ~ 00,1,
O :afggmfﬁ > (Poiti ety - Pa) +hfL @) =6,
m=1

(c) We have |6 LM QkI’I’M|2 < [Ch]’|9,f°’]’M|2,

PROOF.  We prove (a). Since 1 — & < Amin(VM) and Amax(PY) <2 (0 <1 <

g) on AM in view of (29), we obtain that (1 — h)|6; """ —61-"-M 2 is bounded
by

hr g iLM =11, M2
MZ(]CIT(akH )= fi' (0 T))

<ChZZ|O{lIM l lIMl mdx(Pl%)

i, M i—1,1,M 2

Now, statements (a) and (b) are clear. For (c), apply (a), reminding that 9,? LM _ o,
O

Step 2: bounds for |9,i’1 M | on the event A,Ic” . Namely, we aim at showing that
(32) 60" M2 < c(AyY +r8Y M) onAM.
We first consider i = 0o. As in the proof of Lemma 1, we get

(1 —h)|o>> M2

I s I,M\q2
=u D LBg it (@it - Pae) + A @ )]
m=1

< (L+ymyAY +Ch(h+ ><£,§’M+Z| oM max(P,{‘,{)).
=0

Take y = 8C and & small enough to ensure 2C (h + %)(1 +h) < %(1 —h). Itreadily
follows |t9k°°’1’M > < C(A11<v+,11v1 + h!B,ﬁV’M), proving that (32) holds for i = oc.
Lemma 1(c) leads to expected bounds for other values of i.

Step 3: we remind bounds for #“!. Using Proposition 2 and in view of
(10)—(14), we have, fori > 1,

|911k1| <E|p; k(PN)

; 0<l=gq;
(33)
60" = 6" < (Crmy P El o (P
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Remember also the following expression of Qkoo ! , derived from (10)—(13) and the
orthonormality of each basis pj x:

(34) 0> =E(velog iy - Poktt +hfela® ).

Step 4: decomposition of the quantity E(lAly |9k[’1’M— le’llz). Due to Lemma 1,
on AM we get (97071 —gl M2 < crt 192> M2 < ChT 1930 P+ ChT 1670 —
62> 2. Thus, using (33), it readily follows that E(1 AV 16"M —6!"12) is bounded
by

AM 102
(1+ WE(yplo7" "M =621 1)

1
(35) + 2(1 - —){E(lAy oM — gt M 12y gl — 92> 2

h

< (1+ CIE(Lyp |67 =671 17) + Ch' 'Eo) (PY)[?

El

taking account that /7 > 3. On A,i” , VkM is invertible and we can set

By = (Id — (VM) =o',

M
My—1 AN,
By = (V") |: (0B k41 (@1 - POKED)) — ka RCT e P0k+1):|
u I
33=(VkM)_1h|:E(kak(“k Z A Craal }
VL& ANm M
By = ka [POk+1(O‘0k+1 P0k+1) P0k+1(“0k+1 P0k+1)

M

m=1
AU @D = @)

Thus, by (28)~(34), we can write 67> — 62" = B, 4+ B, 4+ B3 + By, which
gives on AY

1
(36) |9/fo’l—9130’1’M|253(1+E)(|31|2+|32|2+|B3|2)+(1+h)|34|2-

Step 5: individual estimation of By, B2, B3, B4 on A,ﬂ” . Remember the classic
result [16]: if [Id — F|| <1, F~! —1d = ¥2,[1d — FIF and |Id — F~!| <
%. Consequently, for F = VkM, we get E(lA;{ullld — (VkM)_1||2) <1 -
WEId - VMIP < (1 =mEIVY —1d|1F = M1 =) E|uevf — 1d]17
Thus, we have

c
E(1B11"1yy) < - Ellvev] — WIFE|p) (7).
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Since on A,i” one has || (VkM <2, it readily follows

2

9

C
E(1 B2l 1ap) = E(uilposcer DEI Y (Py)

Ch?
E(1B3"1yp) < 7E|:|vk|2<1 + SN + 1o PEl b (PY) P

1 q
+o D |pz,k|2E|p;Yk(Pt§V)|2>]

=1

As in the proof of Lemma 1 and using || P(%{ 4l <l+hon A,?’[ , we easily obtain

(=B < A+ W)L+ yDlagi — gt
1 ! 00,1 0o, 1,M 2
+ Ch h+; D oyt —ey
=0

Step 6: final estimations. Put €, = Elvivy — Idll%FIEI,olﬁv(Ptf/)|2 +
E(|vk 1?1 po.+11DEL0d (PAOI? + h*Elve>(1 4 [SY 2 + | po.x*Elpd (PY)I* +
%Zle |p1,k|2E|prk(P,iV) |2)]. Plug the above estimates on By, B, B3, B4 into (36),
choose y =3C and # close to 0 to ensure Ch + % < %; after simplifications, we
get

€k
E(1 057" — 0217 < Coyg T+ Ch)E(lA,f(”|°‘(€,’/£+1 —agi ).

But in view of Lemma 1(c¢) and estimates (32)—(33), we have

1,1 1,1,M 2
E(IA,’("’|O[O,I<+1 —agr1l)

v M2
< +h)1E(1A£4|agf’k+1 —agiyr 1)

_ 2 2
+ ChI T (14 1801 + El g 1 (PY )™+ El 00k 2 (P )]
Finally, we have proved
E(Lyy 107 = 6351
€k - 2 2
Rl Ch' = (1 +1Sol” + E|pg 41 (P )" +Elpd 12 (PY))

+ (1 CE (L lerg 1 — gt ).

<C

Using a contraction argument as in (35), the index oo can be replaced by 7, without
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changing the inequality (with a possibly different constant C). This can be written

E(IAM |“él€ M “(I)Zli |2) +h ZE(IAM |O‘11k1 M “zI,’kI |2)
=1

€k _ 2
ECW'*‘C}ZI 1(1“‘|50|2"‘H’3|/0(])\,Ik+1( zk+1)| +E|Po k+2(Ptk+2)| )

+ (1 + COEyplef it — o).

Using Gronwall’s lemma, the proof is complete. [

REMARK 1. The attentive reader may have noted that powers of / are smaller
here than in Theorem 2, which leads to take / > 3 instead of / > 2 before. Indeed,
we cannot take advantage of conditional expectations on the simulations as we did
in (12), for instance.

Note that in the proof above, we only use the Lipschitz property of the truncation

. A ~N
functions 5V, and g, ;"

PROOF OF THEOREM 4. The arguments are standard and there are essentially
notational difficulties. The first partial derivatives of f w.rt. y and z; are,
respectively, denoted dg f and 9; f. The parameter g8 € ]0, 1] stands for their Holder
continuity index. Suppose w.l.o.g. that ¢ < 8 and that each function basis p; i is
orthonormal. For k < N — 1, define the quantities

Al (@) = Zv Af(te Sy 00 P - -v g - PP
B/iw— ka [Pon]’s DY =vMAd- V¥,
m 1
(@)
% VPO e Py + AT (@] — E(uelag - Pojr1 + hfi(e)D)
= VM

For k = N — 1, we set B,ﬁ‘/[ =0 and in C,?’I(ot), the terms a(l):,{“ . pgfk_H and
aé: | 1 Po.k+1 have to be replaced, respectively, by &~ (PN and @V (PN). The
definitions of A{"”k(a) and D,IC” are still valid. For convenience, we write X =

if the (possibly vector or matrix valued) sequence (X™),; weakly converges
to a centered Gaussian variable, as M goes to infinity. For the convergence in

.. P . . . .
probability to a constant, we denote X = . Since simulations are independent,
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observe that the following convergences hold:

M, i M M P
(AL s B Vi) icr 1 1< ken—1 = »

37) ‘
M M, i\ M w
6" = (C" (). D) <p—11<ghan—1 = -

Note that limps— 0 VkM = 1d is invertible Linearizing the functions f and ,5(1)\/ Iﬁl

in the expressions of Qk = ]E(vk[ozo k1 ° Pok+1 + hfk(a(’) kl I, a;j,cl’l)]) and
9,2 I:M given by (28) leads to
VkM\/_(Q’ LM _Qli,l) _ Dllyeli oMl 1.1
M LILM LI
= Bi' VM (g — g kyr)
(38) _hZAlk(al 11) / ( i— IIM a;’;{l,l)
C  rim 11 2 i/[: 2
<lien—1 ,—|a0 k+1 — 0’k+1| |U1’<n||p0m,k+1|
m=1

M
b ek a0 .
To get Theorem 4, we prove by induction on k that ([«/—(91 LM _ 6’ I)]Jzk,,-g,
gM) —. Remember that 90 LM _ 90 I'=0 for any j. Consider ﬁrst k=N—1,
for which BY =0, and i = 1. In view of (37)~(38), clearly ([vM (04"} —
N 1)],<1 9 ) X Fori= 2, we may invoke the same argument using (37)—(38)

and obtain ([vM (9’ L M — 91’\,1_ Dli<2, g,M ) = provided that the upper bound
in (38) converge to 0 in probability. To prove this, put MM = M~1=8/2

. 1,I,.M 11
St Wl I'7FF and write oy — ey 1P o 1| x
P2 1P = (VM"Y — ot DIP MM Since w My — oyt Dlu

is tight, our assertion holds 1f MM converges to 0 as M — oo. Note that
|UN_1||pN_1|1+5 € L(2+8)/(2+ﬂ)(IP>). Thus, the strong law of large numbers, in
the case of i.i.d. random variables with infinite mean, leads to Znﬂle iyl x
Ip%_ 7P = O(MCHP/CTOTT a5 for any r > 0. Consequently, from the
choice of r small enough, it follows MM — 0 a.s.

Iterating this argumentation readily leads to ([\/7 (91 LM —9]"\’,1_ Dli<1, 9M ) =X,
For the induction for k < N — 1, we apply the techmques above. There is an
additional contribution due to B,ﬁ” , which can be handled as before. [
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6. Numerical experiments.

6.1. Lipschitz property of the solution under (H4). To use the algorithm, we
need to specify the basis functions that we choose at each time #; and for this, the
knowledge of the regularity of the functions y,iv (-) and Z;\,Ik(') from Proposition 1 is
useful (in view of Theorem 2). In all the cases described in Section 2.4 and below,
assumption (H4) is fulfilled. Under this extra assumption, we now establish that
y,ﬁv (-) and z{Yk(-) are Lipschitz continuous.

PROPOSITION 3. Assume (H1)-(H4). For h small enough, we have
(39) Vv () — YR )]+ Vi () — 2 ()] < Clx — x|

uniformly in ko < N — 1.

PROOF. As for (17), we can obtain

N ,ko,x N.ko,x" |2
E|Yl‘k - Ytk |

- (1+yh)
~1—Chh+1/y)
Ch(h+1/y) N ko,x
E|S;
1—Ch(h+1/y)

C(h + 1/3/) ( N, kg,x . YN,k(),X”Z
L—Chh+1/y)" "+ 1

_ E’Ek(YN,ko,x _ YN,ko,x/) }2)

Tk+1 Tk+1

N, ko, N, ko,x'\ |2
| k(Ylk+10x_Yfk+10x)|

N, ko,x" |2
- Slk |

Choosing y = C and h small enough, we get (for another constant C)
N ko, N ko,x' |2
E‘Yl‘k Ox_Ytk o ‘

< (1+ CRE[Y o or — y N Ao |2 4 cpg|sy o — o2,

Tie+1 Tie+1

The last term above is bounded by C|x — x’ > under assumption (H1). Thus, using
Gronwall’s lemma and assumption (H4), we get the result for y,?ol (). The result for

\/i_zz,](\(')(-) follows by considering (5). [

6.2. Choice of function bases. Now, we specify several choices of function
bases. We denote d’ (> d) the dimension of the state space of (Pziv k-

Hypercubes (HC in the following). Here, to simplify, p;;x does not de-
pend on [ or k. Choose a domain D C R4 centered on Pév , that is, D =
]_[fil ]P&’i — R, POIYZ. + R], and partition it into small hypercubes of edge §. Thus,
D :Uil i Diy

..... iy yeens
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]PO o — R+iqd, P0 o — R+ (ig + 1)3]. Then we define p; x as the indi-
cator functions associated to this set of hypercubes: p; x(-) = (lDip-.--id/ (Niyooiy
With this particular choice of function bases, we can explicit the projection error
of Theorem 2:

E(Rp,. (V)" )

< 2+ E( ¥ P1oe(P))).

where x;, ;. is an arbitrary point of D;, ;, and where we have used the

slg! g
Lipschitz property of y,ﬁv on D. To evaluate IE(|YtiV 11 Dc(PtiV )), note that, by
adapting the proof of Proposition 3, we have |Yt]k\’|2 <Ca+]|S le + Ekl N|2)
Thus, if sup; v ElPthVP‘ < oo for @ > 2, we have E(|Y,§V|21Dc( Ny) < R“ —=e, with

an explicit constant Cy. The choice R ~ h=2/=2) and § = h leads to
2
E| R, (¥))[* < CH.

The same estimates hold for IEL‘R,,,,,((\/EZI’N%)F. Thus, we obtain the same
accuracy as in Theorem 1.

Voronoi partition (VP). Here, we consider again a basis of indicator functions
and the same basis for all 0 <[/ < g. This time, the sets of the indicator
functions are an open Voronoi partition ([17]) whose centers are independent
simulations of P". More precisely, if we want a basis of 20 indicator functions,
we simulate 20 extra paths of PV, denoted (P"N-M*+),_; 59, independently of

(PN <m<p. Then we take at time (PtN’M+l)1<i<2o to define our Voronoi

N M
partition (Cg i)1<i<20, Where Cy; = {x:|x — ,kN +’| <infj4 [x — +j|}

Then p; () = (ICk,,( ))i. We can notice that, unlike the hypercubes bas1s the
function basis changes with k. We can also estimate the projection error of
Theorem 2, using results on random quantization and refer to [17] for explicit
calculations.

In addition, we can consider on each Voronoi cells local polynomials of
low degree. For example, we can take a local polynomial basis consisting of
1,x1,...,xg for pox and 1 for p;x (I = 1) on each Ci ;. Thus, poi(x) =
(e (), x1ley; (%), - ooy xale ()i and ppr(x) = (g, ()i, 1 <1 < q. We
denote this particular choice VP(1, 0), where 1 (resp. 0) stands for the maximal
degree of local polynomial basis for pg x (resp. pix, 1 <! <q).

Global polynomials (GP). Here we define po; as the polynomial (of d’
variables) basis of degree less than dy and p; i as the polynomial basis of degree
less than d;.
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6.3. Numerical results. After the description of possible basis functions, we
test the algorithm on several examples. For each example and each choice of
function basis, we launch the algorithm for different values of M, the number
of Monte Carlo simulations. More precisely, for each value of M, we launch 50
times the algorithm and collect each time the value Ytév LM The set of collected
values is denoted (YIQ{;I’I’M)lgigo. Then, we compute the empirical mean
SN.LIM N.LILM _

50 yN.IIM - .
Yy =55 2i=1 Yy.; and the empirical standard deviation o,

| <50 \uN.LLM
/@Zi:HY -Y

N,I,I.M
to,1 fo

|2. These two statistics provide an insight into the

accuracy of the method.

6.3.1. Call option with different interest rates [4]. We follow the notation of
Section 2.4 considering a one-dimensional Black—Scholes model, with parameters

m o r R T S K
006 02 004 006 05 100 100

Here K is the strike of the call option: ®(S) = (ST — K)+. We know by the
comparison theorem for BSDEs [12] and properties of the price and replicating
strategies of a call option, that the seller of the option has always to borrow money
to replicate the option in continuous time. Thus, Yy is given by the Black—Scholes
formula evaluated with interest rate R:Yo = 7.15. This is a good test for our
algorithm because the driver f is nonlinear, but we nevertheless know the true
value of Yy. We test the function basis HC for different values of N, D and §.

—SN.I.I.M 1LIL.M
Results (Y N1

values of M. Clearly, ?g’I’I’M converges toward 7.15, which is exactly the Black—
Scholes price Y calculated with interest rate R. We observe a decrease of the
empirical standard deviation like 1/+/ M, which is coherent with Theorem 4.

and o

% in parenthesis) are reported in Table 1, for different

6.3.2. Calls combination with different interest rates. We take the same
driver f but change the terminal condition: ®(S) = (St — K1)t —2(S7 — K»)™.

TABLE 1
Results for the call option using the basis HC

M N=5 D=[60,140],6 =5 N =10,D =[60,140],6 =1
128 6.83(0.31) 7.02(0.51)
512 7.08(0.11) 7.12(0.21)
2048 7.13(0.05) 7.14(0.07)
8192 7.15(0.03) 7.15(0.03)

32768 7.15(0.01) 7.15(0.02)
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We take the following values for the parameters:

m o r R T S Ki K,
0.05 0.2 001 006 025 100 95 105

We denote by BS; (r) the Black—Scholes price evaluated with strike K; and interest
rate r. If we try to predict Yy by a linear combination of Black—Scholes prices, we
get

BS|(R) —2BS»(R) 2.5
BS|(r) —2BS2(r)  2.76
BS|(r) —2BS>,(R) 1.92
BS|(R) —2BS»(r) 3.60

Using comparison results, one can check that the first three rows provide a lower
bound for Yy, while the fourth row gives an upper bound. According to the results

of HC and VP, 72:’1’ "M seems to converge toward 2.95. This value is not predicted
by a linear combination of Black—Scholes prices: in this example, the nonlinearity
of f has a real impact on Y. The financial interpretation is that the option seller
has alternatively to borrow and to lend money to replicate the option payoff.

Comparing the different choices of basis functions, we can notice that the
column N =5 of VP (Table 3) shows similar results with an equal number of basis
functions than the column N = 5 of HC (Table 2). In Table 3, the last two columns
show that using a local polynomial basis may significantly increase the accuracy.
We also remark by considering the rows M = 128, 512 of Table 2 that the standard
deviation increases with N and the number of basis functions, which is coherent
with Theorem 3. Finally, from Table 4 the basis GP also succeeds in reaching the
expected value, as we increase the number of polynomials in the basis.

6.3.3. Asian option. The dynamics is unchanged (with d = g = 1) but now
the interest rates are equal (» = R). The terminal condition equals ®(S) =
(% fOT S; dt — K) 4 and we take the following parameters:

n o r T S K
0.06 02 0.1 1 100 100

To approximate this path-dependent terminal condition, we take d’ = 2 and
simulate PN (SN - il Zf:o Sfiv )* (see [18]). The results presented in Table 5
are coherent because the price given by the algorithm is not far from the reference
price 7.04 given in [18].

As mentionned in [18], the use of ﬁ >V, Szliv to approximate % fOT Sy dt
is far from being optimal. We can check what happens if we change PV to
better approximate } fOT S;dt. As proposed in [18], we approximate } fOT S; dt
by & SN SN+ ph + $AW,), which leads to PY = (SN, 1 YhZ SN (1 +

k
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TABLE 2
Results for the calls combination using the basis HC

N=5 N =20 N =50
M D =[60,140] D =[60,200] D =[40,200]

§=5 §=1 §=0.5
128 3.05(0.27) 3.71(0.95) 3.69(4.15)
512 2.93(0.11) 3.14(0.16) 3.48(0.54)
2048 2.92(0.05) 3.00(0.03) 3.08(0.12)
8192 2.91(0.03) 2.96(0.02) 2.99(0.02)
32768 2.90(0.01) 2.95(0.01) 2.96(0.01)

TABLE 3

Results for the calls combination using the bases VP and VP(1, 0)

Basis VP Basis VP Basis VP Basis VP(1,0)
M 16 Voronoi regions 64 Vor. reg. 10 Vor. reg. 10 Vor. reg.
N=5 N =20 N =20 N=20
128 3.23(0.30) 4.50(1.71) 3.08(0.25) 3.23(0.23)
512 3.05(0.13) 3.36(0.10) 2.91(0.11) 3.03(0.08)
2048 2.94(0.06) 3.05(0.04) 2.90(0.06) 2.97(0.04)
8192 2.92(0.03) 2.96(0.02) 2.86(0.03) 2.95(0.02)
32768 2.90(0.02) 2.94(0.01) 2.86(0.02) 2.95(0.01)
TABLE 4
Results for the calls combination using the basis GP
N=5 N =20 N =50 N =50
M dy=1,d;=0 dy=2d;=1 dy=4,d;=2 dy=9,d;=9
128 2.87(0.39) 3.01(0.24) 3.02(0.22) 3.49(1.57)
512 2.82(0.20) 2.94(0.12) 2.97(0.09) 3.02(0.1)
2048 2.78(0.07) 2.92(0.07) 2.92(0.04) 2.97(0.03)
8192 2.78(0.05) 2.92(0.04) 2.92(0.02) 2.96(0.01)
32768 2.79(0.03) 2.91(0.02) 2.91(0.01) 2.95(0.01)
TABLE 5

Results for the Asian option using the basis HC

N=5 N =20 N =50
M §=5 §=1 §=0.5

D =[60,200> D =[60,200]> D =[60,200]>
128 6.33(0.41) 4.47(3.87) 3.48(13.08)
512 6.65(0.21) 6.28(0.76) 5.63(2.37)
2048 6.80(0.09) 6.76(0.24) 6.48(0.49)
8192 6.83(0.04) 6.95(0.06) 6.86(0.12)

32768 6.83(0.02) 6.98(0.03) 6.99(0.04)
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TABLE 6
Results for the Asian option, using a better approximation of % fOT St dt

and the basis HC (N =20, § =1, D = [60, 200]?)

M 2 8 32 128 512 2048 8192 32768

v M 206 090 449 668 615 6838 699 7.0

o MM 408 780 1127 464 111 021 007 002

M% + %AW,I.))* for k > 1. The results (see Table 6) are much better with this
choice of PV. Once more, we observe the coherence of the algorithm which takes
in input simulations of " under the historical probability (i # r) and corrects the
drift to give the risk-neutral price.

7. Conclusion. In this paper we design a new algorithm for the numerical
resolution of BSDEs. At each discretization time, it combines a finite number of
Picard iterations (3 seems to be relevant) and regressions on function bases. These
regressions are evaluated at once with one set of simulated paths, unlike [6], where
one needs as many sets of paths as discretization times. We mainly focus on the
theoretical justification of this scheme. We prove L, estimates and a central limit
theorem as the number of simulations goes to infinity. To confirm the accuracy of
the method, we only present few convincing tests and we refer to [19] for a more
detailed numerical analysis. Even if no related results have been presented here,
an extension to reflected BSDEs is straightforward (as in [6]) and allows to deal
with American options. At last, we mention that our results prove the convergence
of the Hedged Monte Carlo method of Bouchaud, Potters and Sestovic [5], which
can be expressed in terms of BSDEs with a linear driver.
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