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In this paper we lay the foundation for a numerical algorithm to simu-
late high-dimensional coupled FBSDEs under weak coupling or monotonic-
ity conditions. In particular, we prove convergence of a time discretization
and a Markovian iteration. The iteration differs from standard Picard itera-
tions for FBSDE:s in that the dimension of the underlying Markovian process
does not increase with the number of iterations. This feature seems to be in-
dispensable for an efficient iterative scheme from a numerical point of view.
We finally suggest a fully explicit numerical algorithm and present some nu-
merical examples with up to 10-dimensional state space.

1. Introduction. Motivated by the aim to simulate high-dimensional coupled
forward—backward stochastic differential equations (FBSDEs) we study a time dis-
cretization and a Markovian iteration for equations of the form

t t
X,=x+/ b(s,XS,YS)ds+/ o(s, X, Ys)dWs,
(1.1) o 7 0 T
Yt=g<XT>+/ f(s,xs,Ys,zs)ds—f Z,dW,,
t t

where b, o, f, g are deterministic and Lipschitz continuous functions of lin-
ear growth which are additionally supposed to satisfy some weak coupling or
monotonicity condition. The solution consists of a triplet (X, Y, Z) of adapted
processes, which are called the “forward part,” the “backward part” and the “con-
trol part” respectively. The presence of the control part Z is crucial to find a nonan-
ticipative solution. It often has an intuitive interpretation, for example, as an invest-
ment strategy in financial applications; see El Karoui, Peng and Quenez [12]. Note
that (1.1) is not in its most general form, since Z does not couple into the forward
SDE.

Most of the numerical algorithms for coupled FBSDEs, with the notable ex-
ception of Delarue and Menozzi [10], exploit the relation to quasi-linear parabolic
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PDEs via the Ma—Protter—Yong four-step-scheme [17]. Under appropriate condi-
tions, (X, Y, Z) are connected by

(12) YI=M(t’Xl‘)s thv(t,Xt)él/lx(t,Xt)O—(t,X[,M(t,Xt)),
where u is a classical solution of the PDE

u; + %trace(crd*(t’ X, U)ixyx)
(1.3) +uxh(t, x,u) + f(t, x, u,ux0(t, x,u)) =0
u(T,x)=g(x).

The main focus in these approaches is on the numerical solution of the PDE (1.3);
see Douglas, Ma and Protter [11], Milstein and Tretyakov [20] and Ma, Shen
and Zhao [18]. Since the PDE approach requires existence of a classical solution
to (1.3), there is typically need for some smoothness, boundedness and regular-
ity conditions, such as uniform ellipticity of the differential operator. For low-
dimensional problems, under such regularity conditions, the PDE approach may
generally be regarded as superior to Monte Carlo simulation concerning accuracy
and speed. However, solving (1.3) numerically by standard PDE techniques be-
comes more difficult, if not impossible, with increasing spatial dimension. Hence,
it seems necessary to tackle the FBSDE (1.1) directly by probabilistic means in
order to solve (1.1) numerically in situations which are beyond the limitations of
the PDE approach.
A natural time discretization of equation (1.1) is

l+1 X”‘i‘b(tl’X?’Yin)h+a(ti’X?’Yin)AWi+l’
A
(1.4) = g1(Xn)’
Z”l = Efl{Y+1AWl+l}
Y& Et,-{ My S G XY ZDh),

where h £ % and t; £ih,i =0,1,...,n, and AW £ Wiow — Wy, Here, of
course, E;, denotes the conditional expectation E{-|¥; }. This time discretization
was investigated in detail by Zhang [25] for decoupled FBSDEs. Note that Z in
(1.2) and Z" in (1.4) may be considered analogous to each other. Indeed, the ex-
pression for Z can be rewritten as the Malliavin derivative D;Y; of Y and, applying
integration by parts under the conditional expectation,

N 1 lit

Z;l == —E[. l‘ d t
h Uy +

is a natural discretization of the Malliavin derivative of Y”. Concerning the itera-

tion (1.4), it is crucial to notice that X is discretized forwardly and Y is discretized

backwardly. Hence, (1.4) is by no means an explicit discretization in the present
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situation due to the coupling and therefore cannot be implemented directly. Note,
however, that one can rewrite

A

(1.5) Y =ul(X]),  Z}=v}(X]),
where

iy (x) £ g(x),

X;’;Lfix 2 x +b(t;, X, up ()h + o, x, uff () AWy,
(1.6) VA L;?+1(X?<;’lix)’

vl (x) = EE{meAWiH},

Wl (x) 2 QY+ ft,x, Y ol (0)h).

Equation (1.6) is still implicit in «}, but truly backward in time. Combined with
a local updating technique, it serves as starting point for the probabilistic scheme
in Delarue and Menozzi [10]. This type of scheme requires, however, apart from
estimating the expectations, a discretization of the state space. Such space dis-
cretization may again become prohibitive, when the dimension increases.

We, hence, propose to combine the time discretization (1.4) with an iterative
scheme. It is known from results by Antonelli [1] and Pardoux and Tang [22]
that, under weak coupling or monotonicity conditions, (1.1) has a unique solution
(X, Y, Z) which can be constructed via a Picard iteration

v t v v t v v

X;"=x+/ b(s,xgﬂ,ysm—l)der/ o(s, X", Y"1 dw;,
(1.7) L 0 T
Ve + [ e XA 2 ds = [ 2 aw,

starting at Y% = 0. The drawback of (1.7) is that the dimension of the underlying
Markovian process increases with the number of iterations m. Precisely, one can
easily see that Y! is a function of X! and, hence, the right-hand side of the SDE
for X2 depends on X! (through Y!) and X2. Proceeding this way, one observes

that X" generally is not Markovian, but only the extended system (X', ... Xm)
is. Consequently, ¥/" is a function %™ of time and (X 1 ..., X™), and therefore, the

computational effort to estimate %™ rapidly increases with the number of Picard
iterations. This renders a combination of (1.4) with a Picard iteration like (1.7),
which was recently suggested by Riviere [23] in theory, impractical from a nu-
merical point of view. The stochastic control approach in Cvitani¢ and Zhang [8],
which iterates over Z, faces the same kind of difficulty.

In this paper we introduce an alternative iteration in a way that the dimension
of the underlying Markovian process does not change in the number of iterations.
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It reads, in discretized form, u?’o(x) =0, and
Xp" e,
XnmAXnm+b(t nm nm I(Xnm))h
i+1 R
+o(h, X", ;"m”<X?”’>>AWi+1,

(1.8) Y:’m égl(XZ’m),
Zln £ _ E;,{ l+1 AWZ—H}
yrm L Etl{Y N f XYY ZE R,

:Lm(Xnm)_ nm

The main advantage is that here Yl."’m is a function of time and X", but does

not depend on (X?’” , w=1,...,m — 1). Establishing the convergence of this
new “Markovian” iteration turns out to be more involved than for the standard
Picard iteration, because controlling the Lipschitz constant and the linear growth
of u}"™ (x) uniformly in i, n, m becomes crucial. This is indeed the reason why we
cannot allow Z to couple in the forward SDE at the current state of our research.

We also indicate how this discretized Markovian iteration may be transformed
into a viable numerical scheme, replacing the conditional expectations by simula-
tion based least squares regression and estimating u™-™ this way. Such an estimator
was introduced by Carriere [6], Longstaff and Schwartz [16] and Clement, Lam-
berton and Protter [7] in the context of American options and is applied by Gobet,
Lemor and Warin [14] and Bender and Denk [3] for decoupled FBSDEs. Although
a convergence analysis for this estimator in the present context of a coupled FB-
SDE is beyond the scope of this paper, we illustrate by some examples with up to
10-dimensional state space that the proposed numerical algorithm works in prac-
tice.

The paper is organized as follows: In Section 2 we state the main results on
convergence of the discretized Markovian iteration. The proof is given in several
steps in Sections 3-5, where we establish the control of the Lipschitz constant,
of the linear growth and the convergence of u™™ to u” respectively. In Section 6
we investigate the error due to the time discretization. To the best of our knowl-
edge, our convergence theorem is the first of this type for coupled FBSDEs which
also holds for a degenerate diffusion coefficient o. In Section 7 we spell out the
proposed numerical scheme and present some numerical examples in Section 8.

2. Notation and main results. The main results of this paper estimate the
error of the discretized Markovian iteration (1.8) as the number of time steps n
and the number of iterations m tend to infinity. Before we can state these results,
we need to fix some notation and discuss some assumptions. From now on we
suppose, in the theoretical part, that all processes are one-dimensional. This is
only to ease the notation and the attentive reader will easily see that all results hold
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true for the multi-dimensional case as well. The augmented filtration generated by
the Brownian motion is denoted by F = {%;, 0 <t < T}.

The first assumption concerns the Lipschitz continuity and monotonicity of the
coefficients. It will be in force throughout the whole paper without further notice.
Denote

Ax £ x; —x2, Ay £y -y, Az £z — 2.
ASSUMPTION 2.1. (i) There exist (possibly negative) constants kj, k¢ such
that
[b(t, x1,y) = b(t, x2, )]Ax < kp| Ax]?,
[f (%, y1,2) = £, %, 32, DAy < kg Ayl

(ii) b, o, f, g are uniformly Lipschitz continuous with respect to (x, y, z). In
particular, there are constants K, by, oy, 0y, fx, f; and g, such that

b(t, x1, y1) — b(t, x2, y2)|* < K|Ax|* 4+ by|Ay|?,
lo(t, x1, y1) — 0 (t, x2, »2)|* < 04| Ax)? + OyIAylz,

| f(t, x1, y1,21) — f(t, X2, y2, 22)|* < falAx[* + K|Ay > + f.|Az|?,

g(x1) — g(x2)” < gul Ax|*.
(iii) b(t,0,0),0(t,0,0), f(z,0,0,0) are bounded. In particular, there are con-
stants by, og, fo and go such that

|b(t, x, )I* < bo + K |x|* + byly|*,
o (t, %, Y)I* < 00 + oxlx|* + oy |y,
|F(t.x, 9. D1 < fo+ felx® + K|y + flzI,
1801 < g0 + gxlx|.

We emphasize that here b, et al. are constants, not partial derivatives. Indeed,
we will not assume any differentiability conditions throughout this paper. For con-
venience, we also suppose that K is an upper bound for all the constants above.

For results concerning the error due to the time discretization, we require the
following assumption.

ASSUMPTION 2.2. The coefficients (b, o, f) are uniformly Hélder—% contin-
uous with respect to 7.

If Assumption 2.2 is in force, we use the same constant K to denote an upper
bound of the square of the Holder constants.

To ensure that a solution of (1.1) exists and the iteration converges, we further
impose conditions which guarantee that we are in one of the following five cases:
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Small time duration, that is, T is small.

. Weak coupling of Y into the forward SDE, that is, by and oy are small. In
particular, if by, = o, = 0, then the forward equation in (1.1) does not depend
on the backward one and, thus, (1.1) is decoupled.

3. Weak coupling of X into the backward SDE, that is, f, and g, are small. In
particular, if fy = g, = 0, then the backward equation in (1.1) does not depend
on the forward one and, thus, (1.1) is also decoupled. In fact, in this case Z =0
and (1.1) reduces to a decoupled system of a forward SDE and an ODE.

4. f is strongly decreasing in y, that is, k7 is very negative.

5. b is strongly decreasing in x, that is, kj is very negative.

N —

The above conditions will be made precise later.

REMARK 2.1. 'We emphasize that Assumptions 2.1 and 2.2 alone are not suf-
ficient to guarantee existence of a solution to the FBSDE (1.1). For instance, the
one-dimensional linear FBSDE,

dXt=Ytdt, dY[=—Xtdt+thW[, OEtST,
Xo=x#0, Yip 4 =—X37/4,

does not admit a solution; see Ma and Yong [19].

We next present two examples from finance, in which we expect one of the
conditions 1-5 to hold. For more details on both examples, we refer to Ma and
Yong [19], Chapters 8.3 and 8.4.

EXAMPLE 2.1. (i) Consol rate models: In interest rate modeling the term
structure can be determined by a so-called short rate r; see, for example, Brigo
and Mercurio [5]. This short rate may depend on a long rate ¥ ! (also called con-
sol rate), which in turn is influenced by the short rate via the relation

= [ ool [ roa)as].

This problem can be cast into the FBSDE framework as
dry =b(t,r:, Yy)dt +o(t,re, Yi)dWy,
dY; =Yy —1)dt + Z;dW,,
ro= R, Yr =0.
In generalization of the Hull-White model [15] one can choose

bt,r,y)=x(0(t,y) —r), o(t,r,y)=n(t,y)>0.
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Here the drift b contains a mean reverting force « > 0, which pushes the short rate
to a level which may depend on the long rate. The mean reverting force implies
that b is monotonically decreasing in r, and so we expect condition 5 to hold.

(i1) Stock coupled with an option: In this example the forward SDE describes a
system of stock prices, and the backward SDE describes the price of an option on
the stocks, leading in a complete market to the FBSDE

dS; =b(t,Y)S;dt +o(t,Y)S dW;,
dY, = (rY, + Z,0(t,Y))dt + Z, dW,,
So = s, Yr =¢g(S7),

where r denotes the riskless interest rate, 6 the premium of risk, and the drift b
and volatility o of the stocks are influenced by the price Y of an option on S with
pay-off function g. As the drift and the volatility of a stock fluctuate only slightly,
we can expect that Y weakly couples into the forward part.

Generically, we will derive the following theorems. The first theorem concerns
the convergence of the iteration as m tends to infinity.

THEOREM 2.1. Under Assumption 2.1, let one of the conditions 1-5 hold true.
Then, for sufficiently small h, (1.6) has an “essentially” unique solution u™ with
linear growth and there are constants C > 0 and 0 < ¢ < 1 such that

max [u]" (x) — u} () < C(|x[* +m)c™,
0<i<n

where u'"™ is given by (1.8).

We will see from the proof that the constant ¢, which determines the rate of
convergence, depends on the conditions 1-5. Roughly speaking, the stronger the
monotonicity (resp. the weaker the coupling, the smaller the time horizon), the
smaller one can choose ¢ and, hence, the faster the iteration converges.

Concerning the error due to the time discretization, we obtain the following:

THEOREM 2.2. Suppose Assumptions 2.1, 2.2 hold true, and one of the con-
ditions 1-5 is in force. Then equation (1.3) admits a viscosity solution u(t, x) with
linear growth and there is a constant C > 0 such that, for sufficiently small h,

max [uff (x) — u(t;, x)|* < C(1 + [x|*)h.
0<i<n

Note that the forward part in (1.6) is discretized by an Euler scheme. Hence, the
stated convergence of order 1/2 for the time discretization is the best rate one can
hope for.

Combining these two theorems, one can derive the following with a little extra
effort:
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THEOREM 2.3. Under the assumptions of Theorem 2.2 FBSDE (1.1) has a
unique solution (X, Y, Z) and there are constants C > 0 and 0 < ¢ < 1 such that,
for sufficiently small h,

sup E{ e [IXz—X?L"T|2+|YZ_Yi}ET|2]}
te

1<i<n ti—1,4]

n ti “
+ZE{/ |z,—z;“;”f|2dr}
i=1 i

—1

<C(1+ |xP)[mc™ + h).

These generic results will be made precise in Theorems 5.1, 6.3 and 6.5 below.
We emphasize that none of the above theorems requires nondegeneracy of o and,
in principle, X and W can have different dimensions. Moreover, we do not suppose
any smoothness or boundedness conditions. However, we also underline again that
FBSDE (1.1) does not allow coupling through the control part Z.

The proof of convergence for the Markovian iteration, which will be given in
Sections 3-5, is rather technical. We therefore briefly outline its proof.

Strategy of proof. In a standard Picard iteration, like (1.7), one estimates
|Y"™+1 — ¥m| in terms of |[X™+! — X™| and then |X"*! — X™| in terms of
|Y™ — y™=1|. However, applying similar techniques to (1.8) yields only esti-
mates of |[X™+t!1 — X™™| in terms of |u™™(X™™F1) — ym=1(X™™)|. Since
Yynm = ymm(X"™"™), it seems unavoidable to control the Lipschitz constant of u™"*
to obtain estimates in terms of | Y™ — y™-m—1|,

More precisely, suppose, for the moment, that the step size n is fixed, and
u;" (x) are bounded functions for all m and i. Then one can derive estimates of
|X?’m+1 — X"™| in terms of sup, |u; " (x) — ul'-"m_l(x)| and a uniform (in time)
Lipschitz constant L(u"™"™) of u""™ by applying Lemma 3.2 below. Combining
this with estimates for sup, |u?’m+1(x) — u;" (x)| in terms of |X?’m+1 — X"
(derived from Lemma 3.3 below), one obtains

sup uj "+ (x) — u™ ()
2.1) !
< e(L@™™))sup lu™ (x) — u " ()1
X

for some constant c(L(u"™")) which depends on the coefficients of the equation
and the Lipschitz constant of u”". Now we wish to iterate the above estimate. To
this end, we need a uniform control L of L(u") and conditions on the coefficients
which ensure that ¢(L) < 1. Section 3 is devoted to deriving such uniform control
of the Lipschitz constants.

In general, the conditions imposed in this paper do not guarantee that u™™ is
bounded, and therefore, the use of the sup-norm becomes meaningless. However,
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one can easily see that u™™ is of linear growth. Given linear growing functions ¢;,
there are constants G (¢) and H (¢) such that

loi )12 < G(@Ix* + H(p) Vi, x).

We consider linearly growing functions ¢! and ¢? close to each other, if we
can choose G(p' — ¢?) and H(¢' — ¢?) small. Following similar, but slightly
more intricate considerations than the ones leading to (2.1), we can estimate
G+l — ymy and H@@™™*! — 4™™) in terms of G™™ — u™™~1) and
H "™ — ym=1); see Theorem 5.2 below. However, the constant, which re-
places the above c(L (u""")) in these estimates, depends on the Lipschitz constant
of u™™ and additionally on the linear growth of u”"~! through G (u™"~') and
H (u™™~1). Hence, for the general case a uniform control for the linear growth of
u™"™ is required as well. Such control will be given in Section 4. Then, iterating
the above estimates yields the convergence of the Markovian iteration under each
of the conditions 1-5, as will be demonstrated in Section 5.

In order to study the behavior of the functions u’"™, as outlined above, we
introduce an important operator F,, for each n. For any measurable functions
¢ = {¢i}o<i<n—1, define Y and & as follows:

D, (x) 2 g(x),
XEHE 2 x4 b, x, 0 (X)h + 0 (17, X, 91 (X)) AWy,

@,0,X A ©,i,x
2.2) Yi—i—ll - 1i+1(Xi+1 ),
Vi) = BV AW,

@;(x) £ E(YSN + ft,x, YIS yi(x0))h).

We finally set F), (@) £ ®. It is then obvious that """ = F, (u™"™~1), and F, (u") =
u” if (1.6) has a solution u". We also point out that Y given by (1.8), can be
expressed in the form

A lit1
(2.3) Y=Y+ @ X Y 28 h — zZi" dw;,

t

thanks to the martingale representation theorem. The analogous expression holds
for Y defined in (1.4).

3. Lipschitz continuity. In this section we obtain a Lipschitz constant of
u; " (x), uniformly in (i, n, m). To this end, we first investigate the Lipschitz con-
tinuity of F,(¢). Given Lipschitz continuous ¢, let L(¢;) denote the square of a
Lipschitz constant of ¢;, and L(¢) £ sup; L(¢;). Denote

Lo A [by +Uy][gx + fxT]Te[by+ay][gx+fxT]T+[2kb+2kf+2+Ux+fZ]T,

3.1)
L AL (g + fxT][e[by‘f'ay][gx"‘fxT]T+[2kb+2kf+2+0x+fz]T+l v 1]'

Our aim is to derive the following theorem:
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THEOREM 3.1. If
(3.2) Lo<e™,
then for any L > L1 and for h small enough, we have
Lw"™ <L  Vm.
Notice that (3.2) holds true in all five cases of Section 2.

We prepare the proof of Theorem 3.1 with two lemmas. For constants A; >
0,j=1,2,3, denote

A; £2kp +ox + 14 Kh,
Ay £ by +0y,+ Kh,
(3.3) Az 2 +i3+ (14215 HKh,
Ag 22k + 1427 o+ U+ 25K,
As2 fo+ 1+ 2 HKh.
LEMMA 3.2. Fixi andforl =1,2, let
X 2 X+ b, XL o' (X)) + o (4, X1, ¢! (X)) AW,

where Xf is ¥ -measurable. Assume @' is uniformly Lipschitz continuous. Then
forany Ay > 0,

E IXL ) — X2 P <11+ Ath+ (1 + 2D AR L(@H1IX]) — X7
+ (1427 HAsm|p! (X7) — * (XD 2.

This lemma can be easily proved by some standard estimates and its proof is
therefore omitted.

LEMMA 3.3. Fixiandforl=1,2,let
Y =¥l £ XL YL 2Dk - / ztaw,,
where
51 a1
Z,‘ - Et,{Y+1AWl+1}
Then for any Ly, A3 > 0,
|AY; [+ (1 — ADRIAZ* < (1+ Ash) E, {|AYi411*} + Ash|AX; [,

where

AX 2 x!— x? AY 2yl _y? VA YA 23
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PROOF. Denote
AZEZ' 7% AfEF@ XYL ZD — L XE YA ZD).

Then
Lit1
(3.4) AY; + AZ; dW; = AYir1 + Afh.

L4

Squaring both sides and taking conditional expectation, we have

2 fit1 5
avP e | [ 162, Par]
(3.5) - 22
= B, (|AYi1 [P+ 2AY: 41 Afh + | AfPR2).

Note that
lit1 2 1 Lit1 2
E;i{/ |AZ;] dt}z—‘E,i{ AZ,dtH .
t; h ti
By (3.4), we have
ti

t:

i+1
AZ[ th AWi+] }

lit1
AZ[ dl} == Etl‘{

I

= E {[AYi 1+ Afh]AW; 11}
=h[AZ; + E{Af AW }].

fit1 5
E,l,{/ AZ;| dt}
t

> h|AZi|* +2hAZi E {Af AW 1)

Hence,

> (1 — A)h|AZ;i > — 15 "B E{Af AW 11}

> (1 = A)h|AZi > =25 ' W2 E (| Af12).
Thus, (3.5) implies that

|AY; )2 4 (1 — A)h|AZ;|?
(3'6) 2 —1\1.2 2
< E {|AYip11? +2AY 0 Afh + (1 4+ 25 HR% AF ).
By Assumption 2.1(ii), we have

(3.7) IAf? < K[|AX; >+ |AYi1 2 + |AZi]2.

Moreover,

Af =Afi+AfL+Af3,
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where
A2 F XYL Zh — i XE YL ZD,
Afr 2 f, X7 Y 2 — f XE YR ZD),
Afs & i, X7, Y, Zh - f, X3, Y2 zH.
Then by Assumption 2.1(i) and (ii), we get
2AYi 1 Af =2AYi (1 Afi +2AY 1A +2AYi 11 Af3
< |AYip1 P+ 1Af1P + 2k f| AYipr P
(3.8) 25 fol AY i P s £ A S
< |AYip1 P + fel AXi? + 2k | A
+ 45 LAY P + a3l AZi .

Plugging (3.7) and (3.8) into (3.6), the lemma is proved. [

With these lemmas at hand, we can study the Lipschitz continuity of F, (¢)
given Lipschitz continuous ¢.

THEOREM 3.4. For any Lipschitz continuous ¢, we have
L(Fy(p)) <[gx+ AsT1[exp([A1+ As+ A1 A4h]T +[Az + A2 A4h1T L(p)) V 1],
where A1 =0 and A, A3 > 0 are chosen such that

(3.9) Az < 1.

PROOF. Recall (2.2). Fix i and x1, x2. Denote
AxEx)—x,  AXEXOM _xein . Ay 2yeln _yeln,
AD; £ D (x1) — i (x2), A 2 Yi(x1) — i (x2).
We apply Lemmas 3.2 and 3.3, setting A; = 0, and obtain
E{|AX;11%} < [1+ Ath + Ash L(p)]| Ax|%,
|AD; > + (1 — A3)h|AY;|* < (1+ Ash)E{|AY; 4117} + Ash|Ax|.
By (3.9), we have
|A®;|> < [1+ Agh)L(®i 1) E{|AX11*} + Ash| Ax[?
<[1+ Ashl[1 + A1h 4+ AyhL(9)]L(®;11)|Ax|> + Ash|Ax|?.



MARKOVIAN ITERATION FOR COUPLED FBSDES 155

Thus,
L(®;) <[1+ A4h][1+ Ath+ AhL(9)IL(®;41) + Ash
e 2 [+ ARIL(®i11) 4+ Ash < [1 + AThIL(®iy1) + Ash,
where AT £ A v 0 and
(3.11) A2 A+ Ay + A1 Ash +[Ar + A Ash]L().

Note that L(®,) = g.. Hence, we can apply the discrete Gronwall inequality to
(3.10) and get

L(®) <e Tlg, + AsT]=[gx + AsT1[e?T v 1],

which, combined with (3.11), yields the assertion. [J

We are now in position to give the proof of Theorem 3.1.
PROOF OF THEOREM 3.1. First, by induction, one can easily show that L,, £
L(u""™) < oo for each (n, m). Due to Theorem 3.4, we have

Ly < [gx + AsT1[exp([A; + Ag + AjAsh]T + [Ag + Ay AT L) Vv 1],

for A1 = 0 and any Ay, A3 > 0 satisfying (3.9).
Introducing

Ly 2[Ay+ AyA4hIT L,
we get

L <[As+ AgAshllgy + AsTIT[elA1HASHAIADIT JLnoi ]
(3.12) )
<[As + Az Ashl[gy + AsT|T [T At AtAshIT oLt 4 1],

Denote
Lok, h) 2 [As 4+ Ay Aghllgy + AsT|TelArHA2AshllgxASTITHAI+ A+ AL AhIT
Obviously, Lo = 0. If
(3.13) Lok, h)y<e™,
then, by induction, one can easily show that
L <[A2+ ArAsh)gc + AsTIT +1  Vm.
We plug this into the right-hand side of (3.12) to obtain

[:m <[As+ ArAshllgy + AsT]T[e[A]+A4—|—A1A4h]T+[A2+A2A4h][gx+A5T]T+1 v 1].
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Thus,
Ly <lge+ AST][e[A1+A4+A1A4h]T+[A2+A2A4h][gx+A5T]T+1 v 1]

(3.14)
2 L1\ h).

So we want to choose Ay, Az and & which satisfy (3.9) and minimize Lo(A, h).
Recall again that A; = 0. In dependence of & we set, for small #,

(3.15) Aa(h) 2 Vh, A2 1—[1+KIWh—Kh.
Then Az =1 and
limLo(A(h),h) =L limL{(A(h),h)=L;.
h%l o(A(h), h) = Lo, h%l 1(A(h), h) =L,
Suppose that (3.2) holds true. Then for any L > Ly, we obtain Lo(A(h), h) <e™!

and Li(A(h),h) <L, provided 4 is small enough. In view of (3.14), the theorem
is proved. [

4. Linear growth. This section is devoted to studying the linear growth of the
functions "™ (x). Given linearly growing functions ¢;, assume

0 () 1> < G(g) x>+ H(g))  Vx,
and let
G(p) £supG(gi),  H(p) = sup H(g;).
1 L

To state the main result of this section, we first introduce the functions

X
—1
“4.1) Tolx) £ ¢ , 'i(x,y) £ sup Oengo(Qy) Vx,yeR;
X 0<6<1

and for G > 0,
c0(G) £ T[g:T1([2k s + 1+ f1T. [2kp + 1 + 0, 1T + [by +0,]GT)
+ fxTTo([2ky + 1+ f1T)Co([2kp + 1+ 0x]T + [by + cry]GT)];
c1(G) £ [by + 0y1co(G);
Ly (G) & k1 T g 1 fTTo([2k s + 1+ £21T) + [bo + 00lco(G).

THEOREM 4.1. Assume (3.2) holds true and
4.2) ci(Ly) < 1.
For any G>Li,ci1(L)<ci <1,Ly> La(Ly), and for h small enough, we have

- L
G <G,  H@")<——

< Vm.
1—c
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Notice that

lim Ig(x) =0,
X—>—00
4.3) lim Ti(x,y)=0,
xX—>—00
Iim T'j(x,y)=0.
y—>—00

Hence, (4.2) is satisfied in cases 1-5 of Section 2.
Again we start with some a-priori estimates whose proofs are fairly straightfor-
ward and hence omitted. Denote

B £ by + 00 + Kboh,

“4.4)
By £ fo+ K foh.

LEMMA 4.2. Assume
Xiv1=X; + b, Xi, p(X)h + o (i, Xi, p(Xi)) AWi1.
Then,
E{IXis1 P} < [1 4 Ath + AshG(@)]1Xi > + [Bi + A2H () h.

LEMMA 4.3. Assume
Yi = Yie1 + f(ti. X1, Yip1, Zi)h — t'tm Z,dw,,
where
Zi= %Eti{}]i+lAWi+l}-
Then, for any A2, A3 > 0,

Vi 12 4+ (1 — A3)h|Z; 1> < [1 4 AghlE {|Yi 412} + Ash| X, |* + Bah.

To derive bounds for the linear growth of F; (¢), we define discrete time ver-
sions of I'g and '] by

A (I+xh) =1
Il (x) 2 %
(4.5) o

T (x,y) 2 sup (14 xh)'TH(y)

0<i<n
and discrete time versions of ¢o(G), c1(G), L2(G) by
co(h, h, G) £ g, T} (As, A1 + A2G) + AsT((A)TH (A1 + A2G),
4.6) c1(A,h,G) 2 Ayco(r, b, G),
La(h, h, G) 2 Bico(h, h, G) + [eMT v 11go + BaT'g (Ag).
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THEOREM 4.4. For any linearly growing ¢,

4.7)  G(Fu(p) <lgr + AST][e[A1+A4+A1A4h]T+[A2+A2A4h]TG(<.0) v 1]’

(4.8) H(Fu(p) =c1(A, h,G(@)H(p) + La(A, h, G(9)),

where Ay, A3 > 0 are supposed to fulfill (3.9).

PROOF. Denote ® £ F,(¢). Fix (ig, x) and define, fori =iq,...,n —1,

Xio é)C,

Xit1 £ X; +bti, Xi, i Xi)h + 0 (t, Xi, 0 (X)) AWiy1,

(4.9) n :gl( )
' Z; & E i Yig1 AW},
~ tiy1
Yi Y+ f(ti, Xi, Yig1, Zi)h — Z;dW;.
t

Obviously Y;, = ®;,(x). We obtain from Lemma 4.2 that

E{|Xi111°) [1+ A1h + A2hG(@)1E{|X;1*} + [B1 + A2 H(@)]h.

Then
E(1Xi|*} <[14 Ath 4+ A2hG (@) "0 E{|X,,|?)
i—1
+[B1 + AyH(p)lh Y _[1+ Aih + A2hG ()] 770
(4.10) /=0

=[1+ A1h+ A2hG (@) ~0|x|?
+[Bi + A2 H(@)IT, (A1 + A2G(9)).

Next, applying Lemma 4.3 and by (3.9), we have
E{|Y; I’} < [1+ Ash1E()Y; 111"} + AshE{|X;|?) + Bah.

Note that
1Yal? < g0+ 821 Xnl?.

Then
1Dy ()% = Yio* < (1 4+ Agh)""[go + gx E{| Xn|*}]

n—1

+ Ash Y (1+ Agh) " E{|Xi*) + Baly ™" (Aq).

i=ig
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This, together with (4.10), implies
G(®iy) < (1+ Aah)" g1+ Ath + A2h G (p)]" ™
n—1

+Ash Y (14 Ash) O[1+ Ath + A2hG ()] 77,

i=ig

H(®i)) < (14 Agh)" 0go 4+ BT (Ayg)

+[B1 + A2H ()] [gx(l + Agh)"TOT (A 4+ A2G(9))

n—1
+ Ash Y (1 + Agh) =0T (A1 + AZG(go))]
i=ig
Note that, for 0 <i <n,
(1+xh) <eTv1,  Tix) <Thk),

(4.11) o
(1+xh)'To(y) =T7(x, y).

Then
G((Dio) <lg« + AST][e[A1+A4+A1A4h]T+[A2+A2A4h]TG(<.0) V. 1]’

H(®iy) < [e™T v 11g0 + BaT§(Aa) + co(h, b, G)[B1 + A2 H (9)].
Since the right-hand side does not depend on iy, the assertion is proved. [l

After these preparations we give the proof of Theorem 4.1.

PROOF OF THEOREM 4.1. Denote G,, £ Gu™™), H, £ Hu™™). Obvi-
ously, Go = Hp = 0. We may now conclude from Theorem 4.4 that, under (3.9),

(412) Gm < [gx + AST][e[A1+A4+AlA4h]T+[A2+A2A4h]TGm_1 V. 1]’
(4.13) Hy <ci(A\h, Gu—1)Hpy—1 + Lao(A, h, Gpy—y).

We now choose A3(h) and A4(h) as in (3.15) for small 4. Since (3.2) holds true,
for any G > Ly, we can follow the same arguments as in Theorem 3.1 and get
GW™™) < G from (4.12). Note that

Jim Tg(x) = TTo(xT), Jim T (x, y) =TT (T, yT),
Ii ACh), h, G) =c1(G), lim Ly(A(h), h, G) = L2 (G).
hlIgCl( (), h,G) = c1(G) him 2(A () ) =L2(G)

For any ¢y, c1(L1) <c1 <1, and Ly, Ly(L1) < L2, we can choose G > L such
that ¢1(G) < c¢1 and L»(G) < Lj. Then, for sufficiently small 4, it holds that
c1(A(h),h,G) <cyand La(A(h), h, G) < L,. Now, by (4.13), we get

Hpy < c1Hpy—1+ Lo,
which implies the result. [



160 C. BENDER AND J. ZHANG

5. Convergence of the Markovian iteration. We now make the assumptions
of Theorem 2.1 precise and prove convergence of the Markovian iteration as the
number of iteration steps tends to infinity.

To this end, we first introduce

(M1, L, G) 2 [elPket1roxtlbytoylGIT 1] (1 4 AT Y[y 4 01T
x [gxT1([2k s + 1+ £,1T,
[2kp + 1 4 0y + (1 + 21)[by +0y]L]T)
+ fxTTo([2ks + 1+ f:1T)
x Lo([2kp + 1+ 0x + (L +21)[by + 0y IL]T)];
(L, G) ékilr;fOCQ(kl, L,G).

We will prove the following theorem:

THEOREM 5.1. Assume (3.2) and

(5.1 c(Li,Ly) < 1.

(i) For any L>L,G>Li,Ly>LyLy),ci(L)) <cy <1, there exists a
solution u" to (1.6) such that
L

(5.2) Lwh <L,  Gu" <G, H(u”)gﬁél ,
o

if h is small enough.
(ii) For any c>(L1, L1) < ca < 1 and for h small enough,

max [u"" (x) — ul (x)|*

0<i<n
3G
53 <——  _x
) N
3 H -
+m[a+[b0+0’0+(by+0'y)H]TG:|mC2.

(iii) Fix G > 0 and suppose u" is another solution to (1.6) with linear growth
such that G(1") < G. Then u" = u", if h (depending on G) is small enough.

REMARK 5.1. (i) In view of (4.3), it is straightforward to see that (5.1) is also
satisfied in cases 1-5 of Section 2.

(i1) One can check directly that ¢y (L) < c2(L, L), and thus, condition (5.1) im-
plies (4.2).
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Again we first study the operator F;, to prepare the proof of Theorem 5.1.

THEOREM 5.2.  Assume @', 9> have linear growth and ¢" is Lipschitz contin-
uous. Then, for any A1 > 0,

G(Fu(9") — Fa(9?))
< (i, b, L(p"), G(@?)G (o' — 9P,
H(Fy(¢") = Fu(¢?))
<ca(hi, b, L"), G@* ) H(p' — ¢%)
+ 20, h, L(p"), GBI + A2H(@)ITG (9" — 97,
where Ly, A3 are chosen such that (3.9) holds, and
201, h, L, G) 2 [AT026T v 1](1 4271 As
(5.4) x [gxT (A4, A + (1 + 21)AsL)
+ AsTG(A)TG (A1 + (14 A1) A2L)].
PROOF. Forl=1,2, denote ® £ F,(¢'). Fix (i, x) and define (X', Y!, Z!)
analogously to (4.9). Then obviously Yl-l0 = <I>f.0 (x). Denote L £ L(¢1), and
AX 2 x'— X2, AY 2y Y2, AZEZ' -7,
Ap 2ol —¢?, AD 2L P! — 9%
Application of Lemma 3.2 yields

E{|AXi41]*)
(53) 2 -1 2412
<E{[1+Ath+ (1 +A)ARL]AX; "+ (1 + A ) Ash|Ap(X7)|7}.
Note that
|AQ(X))* < G(A)|X}I* + H(Ag).
By the first inequality in (4.10) and (4.11),

(5.6)  sup E(XPP) < [|x? + By + ApH (@) T][elH+4206IT 1] 2 4,

in<i<n
Then (5.5) implies
E{|AXi411*) <[1+ Ath+ (1 + 1) ARLIE{|AX;|*)
+ (1 +27H ARG (AP A + H(Ap)].
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Since AX;, =0, we get
sup E{|AX;[?)

i0<i<n
< (1 +A7HA[G(AQ)A + H(Ag)]
5.7

n—1
x >[I+ Ath+ (1+ A1) Ash L]~

i=ig
= (1 + A7 HAUG(AP)A + H(A@)IT) (A1 + (1 4+ A1) AsL).
Furthermore, we obtain from Lemma 3.3 and (3.9),
E{|AY;|*} < [1+ A4h1E{|AYi 1117} + AshE{|AX;|*}.
Hence, by (5.7) and (4.11),
|AD;, (x)|* = |AY;,|?
< (1+ A4h)" O E{|AY, P} + AsTy °(As) sup E{|AX;)

ig<i<n

<[(1+ Agh)" g, + AsTh °(Ag)] sup E{|AX;])

ig<i<n
< (1 + A7 A2 g (1 + Agh)" 0T (Ay + (1 + A1) A2L)
+ ATy (AT (Ar + (1 + A1) AsL)]
X [G(AQ)A 4+ H(Ap)]
< (1+ 171 A2[G(Ap)A + H(Ap)]
X [gxI'} (A4, A1 + (1 4+ 1) A2L)
+ AsTG(ADTG (AL + (1+ A1) A2L)],
which, together with (5.6), implies the theorem. [J

We can apply this theorem to estimate the distance between u’>" and u™"~!,

THEOREM 5.3. Assume that Lw"™™) < L, Gw™™) < G and Hu"™) < H
for all m € N and sufficiently small h. Moreover, assume
(L, G) < 1.
Then for any c>(L, G) < ¢ < 1 and for h small enough,
(5.8) Gt —utmy < Gy
(5.9)  H@"™' —u™™y < [H + [(bo + 00) + (by + 0,) HIT Gm]cYy.
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PROOF. Choose A3, A3 depending on £ as in (3.15). Note that with this choice

lim 'Y (x,y) =TT (xT, yT), lim ¢2(A1, h, L, G) =c2(A1, L, G).
h—0 h—0

Hence, we may find an appropriate A such that, for 4 small enough,
c2(A1,h, L, G) < e,
c2(M,h, L, G)[By + A2H] < c2[[bo + 00l + [by + oy 1H].
Denote
Ay'm A g ynm=l

Applying Theorem 5.2, we get, for small 4,
(5.100 G(Au™"™) < e2G(Au™™),
(5.11) H(Au™"™) < o H(AU™™) + c2[bo + 00 + [by + 0, JH]T G(Au™™).
Note that

G(Au"h=Gw™") <G,

HAu"Y=H@wu"") <H.
By (5.10), we get (5.8). Moreover, together with (5.8), (5.11) implies (5.9) imme-
diately. The proof is complete now. [

Theorem 5.1 can now be proved by iterating the above theorem.

PROOF OF THEOREM 5.1. Assume G, L, Lo, ¢y, ¢3 satisfy the conditions
specified in the theorem. Without loss of generality, we assume c>(L, G) < c3.
Recall that (5.1) implies (4.2). Hence, by Theorems 3.1 and 4.1, we get, for A
small enough,

L@"™) <L, Gw"™ =G,  Hw"™<H.

Hence, (i) will follow directly from (ii).
To prove (ii), we denote

L 2 [[bo + o0 + [by + o, 1H]TG.
Applying Theorem 5.3, we get
|"‘?’m+l (x) — u?’m(x)|2 <[Glx|*+ H + Zm]cﬁ”.

Then

" ) — M ()] < [\/Elxl + \/EJF VEm]c)"?.
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Thus, for any m| > m,

00 - - i ,
" () ="M ) < Y [\Em i+ \/;j}cé/z
j=m

A m(l = /@) + @ 2
f|x|+H f+\/; NG

Note that the right-hand side above converges to 0 as m — oo. Then u l.’ M(x)isa
Cauchy sequence and hence converges to some u} (x). Moreover,

m

™™ (x) — u (x)| <3[G|x| +H+Lm]m,

1

which leads to (5.3) and thus proves (ii).
It remains to prove (iii). For any G > 0, assume #" is another solution to (1.6)
with linear growth such that G(#") < G. Then F,(u") = u". Note that u = g =
uy,. Assume i} | = uj ;. We now apply a local version of Theorem 5.2. That is,

we consider (2.2) only on the interval [¢;, ;1] with terminal condition ®; (x) 2
ul! () (instead of on [0, 7] with terminal condition g(x)). We note that in this
case there is only one time subinterval. One can check directly that

Lyx)=h, Il (x,y) =+ xh)h.
Then (5.4) becomes
Ea(h) & [l A260 1] (1 4 AT AS[L(1 + Agh)h + Ash?].

Set o' £ u", p* £ ii". We note that, for given ¢, G(¢) and H (¢) are not unique.
So, in general, Theorem 5.2 does not lead to

Gl — i) < HG ! — i),
H@u! —a!) <¢y(h)H ] —ul)+ c2(h)[B1 + A2H@"IT G (u! — all).

To get around this difficulty, we use the definitions of G (¢), H (¢). Let Go, Ho be
some constants satisfying

Juf (¥) — i ()| < Golx|* + Ho.
Forv=1,2,..., denote
Gy = &(MGy-1, H, £ & (h)Hy—y + & (h)[By + AyH(@")]T G 1.
Now applying Theorem 5.2 repeatedly forv=1,2, ..., we get
(5.12) lul (x) — ﬁ?’(x)l2 <G,lx|>*+H, Yv.
Note that
Gy = Goca(h)", H, = Hocz(h)" + By + A2H (@")]Tvcz(h)".
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For h small enough, we have ¢, (h) < 1. Then

lim G, = hm H,=0.

V—>00

Sending v — oo in (5.12), we get i} = u}. Repeating the arguments backwardly,
we prove that " =u". [

6. Convergence of the time discretization. We now study the error due to
the time discretization. We first introduce a continuous time version of the operator
F,,. Suppose ¢ is a function on [0, T'] x R which is Lipschitz in the space variable
and let (X%"*, Y¥"* Z%"Y) be the unique solution to the decoupled FBSDE
O=<r=t=<T)

X“’”_x+/ b(s, X", o(s, XO")) ds
+/ o (s, X0, (s, XOT5)) AW,

T
Y/ =g(X5) + f f(s, XOPX Yy 9rx 728"y ds — / Z8"E dWy.
t t
We then define ®(z,x) £ ¥”"" and F(¢) £ ®. It is known from Pardoux and
Peng [21] that, under Assumption 2.2 and if ¢ is additionally continuous as a

function in time and space, ® is a viscosity solution to the following semilinear
PDE:

{ O+ 202(t,x, @) Pry + b(t, X, )Py + f(t,x, D, Dro(t, x,9) =0,
O(T, x) =g(x).

We now define recursively i £ 0 and #™ £ F (i '). Then the following theorem
can be proved similarly to, actually more easily than, Theorem 5.1. A detailed
proof can be found in the appendix of the preprint version, which is available from
the authors upon request.

THEOREM 6.1. Assume (3.2) and (5.1) hold true.

(1) u™ converges to some function u uniformly on compacts.

(i) et x1) —u(t, x2)* < Lilxr — xaf?s |u(t, ) * < L |x? + 72255

(i) |u(t, x) —u(s, x)|*> < C(1 + |x|?)|t — s| for some constant C.
(iv) F(u) =u. Moreover, if F (i) = u and u has linear growth, then it = u.
(v) Under Assumption 2.2, u is a viscosity solution to (1.3).

From now on we denote by C a generic constant which may depend on the
coefficients b, o, f, g, but is independent of n, & and x. The value of C may vary
from line to line.
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We next consider the following decoupled FBSDE:

t t
X,=x—|—/ b(s,Xs,u(s,Xs))ds-i-/ o(s, Xs,u(s, Xg))dWs,
6.1) 0 0

T T
V=g + [ f6 X Vo Zods— [ Zoaw,,
t t

and its time discretization:
)28 £y,

=X b(, X u(ty, XD+ o (i, X u(ti, XP)AWig1,
iy S
62) Y =Xy,

Fn A 1 v
Z,' = ZEz,-{Yi_HAWi—H},
VI BV + @ X)L Y ZDh).

Denote u?(x) 2 u(t;, x) and @" £ F,(u%). It is obvious that Yi" = N?(f(f). Note
again that (6.1) is decoupled. By Theorem 6.1, and applying nowadays standard
arguments for decoupled FBSDEs (see, e.g., Delarue [9] and Zhang [26] for (i),
and Zhang [25] and Bouchard and Touzi [4] for (ii)), we can derive the following
corollary. A detailed proof is again given in the appendix of the preprint version.

COROLLARY 6.2. Assume all the conditions in Theorem 6.1 hold true.

(i) FBSDE (1.1) has a unique solution (X, Y, Z), which also solves (6.1), and
it holds that Y; = u(t, X;).
(i) Moreover, we have the following estimates:

(6.3) i@ (x) — u(t, x)[> < C(1 + |x|Ph,

sup E| sup {1, = XLy + 1, — 72,

I<i<n  ltelti1,1]
n i ~
(6.4) +ZE{/ |Z,—Z?_1|2dz}
i=1 fiz1
<C+ |x|*)h.
Applying the above decoupling relation, Y; = u(z, X;), and the convergence

results for decoupled FBSDE:s, stated in (6.3)—(6.4), we can establish the conver-
gence of u", as the time grid becomes finer.

THEOREM 6.3. Suppose Assumption 2.2 is in force, and (3.2) and (5.1) hold
true. Then

u (x) — u(t;, x)[> < C[1 + |x|*]h.
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PROOF. For any L>ci(Ly) and G > c¢{(Ly), when h is small, we have
L") <L, Gu") <G.

Moreover, we know from Theorem 6.1(ii) that
L@’y <L, Guh=L, Hu)<H=

Note that F,,(u"") = u”". Applying Theorem 5.2 on u" and u%, we get
Gu" —i")y <ca(hi,h, L, G)Gu" —u®),
Hw" —i") <cy(h, h, L, G)H " — u®)
+c2(h, h, L, G)[B1 + AsHITG(u" — u").
For any ¢ > 0, we obtain, thanks to (6.3),
Juf () = u ()1 < (1+ &) uff (x) — i () + Colii (x) — u(ti, )
<A +a[GW" —a")|x|* + Hw" — "]+ Ce(1+ |x[))h
<[(1+&)ca(h. b, L, G)G " — u®) + Ceh|x|?
+ (1 +e)ca(ry, b, L,G)
x [H@" —u®) + [B) + A HITG (" — u®)] + C:h.

Now for any ¢2(L1, L1) < c3 < 1, we can choose L, G and & appropriately such
that, for £ small enough,

(14 ¢&)ca(r1, h, L, G) < cs.
Then we get
uf (x) = ud (0)* < [2G " — u®) + Ceh]|x|?
© + o HW" — 1) + CoG " — u®) + Coh.

We now follow the arguments in the proof of Theorem 5.1(iii). Fix some Gy, Hyp
such that

|} (x) — uf (x)|* < Golx|* + Ho.
Forv=1,2,..., denote
G, 2cGy_1 +Ceh, H, = cyHy—1 + CcGy—_1 + Ceh.
Then (6.5) implies that
(6.6) ' (x) —u?()? <Gy|x|*+H, V.
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Note that
1_ v
Gl) = GOC; + Cgh C2 ’
1—c
Csh [1—=¢} l1—c)
Hv:HOCE—i_CgGOUC;_{— 1_62[1_02 _UC5:|+C8h1_CZ.

Since ¢; < 1, and sending v — oo in (6.6), we get
Ceh Ceh
€ |x|2 i € .
I—c (I —¢2)

Juf (¥) = uf (0)]* <
The proof is complete. [J
As a direct consequence of Theorems 5.1 and 6.3, we have the following:

THEOREM 6.4. Under the assumptions of Theorem 6.3 we have, for any
ca2(L1, L) < c3 < 1 and for h small enough,

™" () = u(ts, ) < C(1+ x| Ime§ +hl.

We close the theoretical part of this paper with a precise version of the generic
Theorem 2.3.

THEOREM 6.5. Under the assumptions of Theorem 6.3 we have, for any
c2(L1, L) < c3 < 1 and for h small enough,

sup E{ sup [|X¢—X?;’7|2+|Yt—Yi;’{’|2]}
1<i<n telti—1,t]
i—1

n li A
—I—ZE{/ |Z,—z§’;”f|2dr} < C(1+|x))[mcy + h].
i=1 !

PROOF. By (6.4), it suffices to prove

n—1

6.7)  sup E{AX;P+[AYiPY+h Y E{IAZP) < C( + |xP)mcy +hl,
0<i<n i=0

where
AX; 2 X! — X", AY; 2V -y, ANZ; 27— 7",

1 1

First, by Lemma 3.2 with A| = 1, we get
E{|AXi+11%) < E{(1 + CR)|AX; | + Chlu(t, XI"™) — ul"™ (X))
< (1 + Ch)E{|AX; |} + C(1 + |x|H)[mc + hlh.
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Since AXy =0, we have

> E(AXiP) = CU+ xP)Imes + hl.

0<i<n

Next, choose Ay = A3 = % and 4 small enough so that A3z < L. Applying
Lemma 3.3, we obtain

E{|AY;* + ShIAZ;*}) < E{(1 + Ch)|AY;41]* + Ch|AX; %),
Since
|AY,? = g(XD) — g(X2™) > < CIAX, |2,

we can easily get

n—I1
sup E{|AY;|*}+h Y E{|AZ;[*)

0<i<n i=0

<C sup E{|AX;]*}<C + |x|*)[mcy + hl.

0<i<n

This proves (6.7) and hence the theorem. [

7. A numerical algorithm. We now briefly explain how the discretized
Markovian iteration above can be transformed into a numerical algorithm which is
viable also for high-dimensional problems. To this end, we replace the conditional
expectations by a simulation based least squares regression estimator, as was sug-
gested, for example, by Gobet, Lemor and Warin [14] and Bender and Denk [3]
in the context of decoupled FBSDEs. An alternative estimator based on Malliavin
calculus is discussed in Bouchard and Touzi [4] for decoupled FBSDEs. A quanti-
zation algorithm for reflected BSDEs is presented in Bally and Pages [2].

For the reader’s convenience, we spell out our algorithm for the coupled case.
While a convergence analysis is out of the scope of the present paper, we will
illustrate the algorithm by some numerical examples in the next section.

We assume that the number of time steps 7 is fixed for the remainder of this
section. In the algorithm conditional expectations are first replaced by orthogonal
projections on K basis functions. Then the orthogonal projections are approxi-
mated by simulating A trajectories. Hence, the algorithm can be described for the
one-dimensional case iteratively as follows. It is straightforward how this extends
to the multi-dimensional case:

e Fix some xq. Set IZ;”O’K’A(X) £0.

e Sample A independent copies of the time discretized Brownian motion Wt?, i=
0,...,n, A=1,..., A, starting in 0 and denote the corresponding increments
by AW
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-n,m—1,K,A n,m,A A

e Suppose u; (x) is already constructed. Let X 0 = xo and

AL A A= —1,K,A  yn,m,A
XEmr & X by, X (X7 )h

—I—O(l‘l, }_'zm)\’l/—tnm IKA( nmk))A

i +1’

where—for notational convenience—we suppress the dependence of X A

on K through i~ 1-K.A Note, X . Ao depends on all Brownian increments

AWM i=1,...,n,A=1,..., A, through i}~ LKA While we expect that
this dependence will make a convergence analysis difficult, the examples below
indicate that the algorithm works without re-simulating the Brownian paths in
every iteration step.

e Choose a set of Lipschitz continuous basis functions

£{1,m,K A {nnmk(x) k—l }

]

such that
k LA
(7.1) P X, k=1, K)

forms a subset of L2(2). From the construction below, it will become evident
that g™ KA (x) inherits the Lipschitz continuity from the basis functions. This
feature seems to be important to ensure that the discretized forward equations
for X" +1.% do not explode.

e Define, fori=n—-1,...,1,

—nm KAy A —nm KAy A
i, ™0 (x) = g(x), v, (x) =
on,m,K.A & -nm,K,A ,vn,m,A
Yiii Ui (Xii™),
K.A &1 K. ]
-n,m,K, A . n,m, v,
v; (x) = arginf XZ hYz+1 AW,H V(X; )| ;
r=1

V e span(8/""K )},

N
3
E
>
>

|I>

A -nm, K, A on,m,A
i Yi (Xi ),

1

it KA () £ arginf{ Z | f @, X A _l"_:]" K. znm Ky,

v K.\ v A
I U

Ue span(o‘l':’?’m’K)

Note that the minimization problems are linear least squares problems, which
can be easily implemented.
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e Let

on.m,K,A o -nm,K,A n,m,\
7! 2 jnom KA gmamdy

Z(r)z,m,K,A A Yf’m’K’XAW%,

> -
S| =

> 11>

on,m,K,\
YO

(1>

> =

f,{@m,K,)» +f(0, X0, Yln,m,K,)\’Zg,m,K,A)h‘

>0
I

We expect that the thus constructed (xmmh ynm K znm KLy gre “close” to
(xmmh ynmh znmiy ihe solution of the discretized Markovian iteration (1.8)
with the Brownian motion W replaced by W*, if the basis functions are chosen
appropriately and the number A of simulated paths is sufficiently large. While an
analysis of the error by estimating the conditional expectations is left to future
research, the numerical examples in the next section support this conjecture.

8. Numerical examples. For the simulations, we consider the example
t
Xa=xa,0+ / oYudWau,
0

D T D 3
Y, = Z sin(X4.7) —I—/ —rY, + %e_sr(T_”)c72<Z sin(Xd,u)) du
d=1 ! d=1

T D
—/ > ZauwdWay,
t

d=1

where Wy ,,d =1,..., D, is a D-dimensional Brownian motion and o > O, r,
x40 are constants. Note that the corresponding differential operator degenerates at
y=0.

By Itd’s formula, one can easily check that this FBSDE decouples via the rela-
tion

D
(8.1) Y =e T3  sin(Xa,).
d=1
Note that for small o the weak coupling condition of Y into X is satisfied, while,
for large o, the monotonicity condition of f can be fulfilled by choosing r large

enough.
In the simulations we replace conditional expectations by least squares regres-
sion as explained above with the “canonical” basis functions

1, Xd, 1<d=<D, (—=R) V (xqxq) AR, 1<d=<q=<D,
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that is, monomials up to order two in x = (x, ..., xp). The truncation constant R
guarantees that the basis functions are Lipschitz continuous. We set

T
2 b
T=1,  A=50000, n=50,

(1>

R =10, Xg0= 1<d<D,

unless otherwise stated. With this initial condition, we get Yo = De™" T~ Recall
also that the estimator Y K2 6f Yo does not depend on A and is denoted by
170"’"1’[( from now on.

Figure 1 illustrates the convergence of the iteration in the case of a four-
dimensional state space (D = 4). Both figures display the absolute error |?61 K _
Yo as a function of the number of iterations m. In Figure 1(a) the case » = 0 (no
monotonicity) is considered for several values of o which represent different in-
fluences of the coupling. In Figure 1(b) the coupling parameter o = 0.4 is fixed,
while the strength of the monotonicity varies by different values of ». In general,
we observe that the iteration converges extremely fast, as could be expected in
view of Theorem 2.1 which states mc™, for some ¢, 0 < ¢ < 1, as rate of conver-
gence. From the proof of this theorem we know that c is the smaller, the weaker the
coupling or the stronger the monotonicity is. This explains the faster convergence
observed for small values of o and large values of r.

The influence of the time partition is displayed in Figure 2. It shows the ab-

_nsmstoqu

solute error |Y), — Yo| as a function of the number of time points n. We

stop the iteration when two consecutive estimates are within a distance of
10~*. This iteration level is denoted Mmsop. The observed convergence rate is in
accordance with 1/4/n as derived in Theorem 2.2.

Finally, we demonstrate that the space dimension four is no limitation for the
proposed algorithm. To this end, we consider the 10-dimensional case with the
parameter values r =0, 0 = 0.1 in Figure 3. Under the same stopping criterion as
above, the iteration terminates after 12 steps. Recall that, from (8.1), we can also
approximate the true value of X via the usual Euler scheme (applying the same
simulated Brownian increments AWI-A). The corresponding approximation along
the Ath path is denoted X ?’A, and hence,

on,m,K
YO

D
Y/t = e T N sin(X )
d=1

may be considered a close approximation of Y;.. In Figure 3 we display, for the

10-dimensional case, a comparison between a typical path of f;in,ko (dashed line)
=1, Msiop, K, Ao

and Y; (solid line), as well as the (absolute) empirical mean square error
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Absolute error as function of the number of iterations
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Absolute error as the number of time steps increases
01 6 T T T T T T T T

0.14
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0.1

0.08

absolute error
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0.02 1 I i i I 1 i i
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number of time steps

FI1G. 2.  Convergence as the time partition becomes finer forr =0,0 =0.4, D =4.

=1, Miop, K, A

between ?l-”’k and Y; ,A=1,..., A. Precisely, Figure 3(b) shows

1

A
1 =N, Mstop, K, A ~
X 2 :lYl sMstop, & 5 _Yp,k|2
=1
as function of time.

REMARK 8.1. Figure 3 shows a larger mean square error close to terminal
time than close to initial time. This is a rather typical feature, when conditional
expectations are estimated by the above least squares method. It can be explained
by interpreting this method as creating a stochastic mesh (see Glasserman [13]) and
observing that this mesh is typically much finer close to initial time than close to
terminal time. Hence, the error close to terminal time, observed in Figure 3, cannot
be diminished by solely increasing the number of iterations, but by improving the
quality of the conditional expectation estimator. A generic trick to improve the
quality close to terminal time is to add the terminal function g to the basis.
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F1G. 3.  Typical path of Y.

; and mean square error for o =0.1,r =0, D = 10.
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