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Abstract

In this work, we study solving (decoupled) forward-backward stochastic differential equa-
tions (FBSDEs) numerically using the regression trees. Based on the general theta-
discretization for the time-integrands, we show how to efficiently use regression tree-
based methods to solve the resulting conditional expectations. Several numerical exper-
iments including high-dimensional problems are provided to demonstrate the accuracy
and performance of the tree-based approach. For the applicability of FBSDEs in financial
problems, we apply our tree-based approach to the Heston stochastic volatility model,
the high-dimensional pricing problems of a Rainbow option and an European financial
derivative with different interest rates for borrowing and lending.

Keywords forward-backward stochastic differential equations (FBSDEs), high-
dimensional problem, regression tree

1 Introduction

It is well-known that many problems (e.g., pricing, hedging) in the field of financial
mathematics can be represented in terms of FBSDEs, which makes problems easier to
solve but exhibits usually no analytical solution, see e.g., [19]. However, compared to
the forward stochastic differential equations (SDEs), it is more challenged to efficiently
find an accurate numerical solution of the FBSDEs. In this work, we show how to solve
FBSDESs using the regression tree-based methods.

The general form of (decoupled) FBSDEs reads
dXt = a(t, Xt) dt+b(t,Xt) th, X(] = 2o,
_dY't - f(ta Xt7Y't7Zt) dt— thWta (1)
Yr =§=g(Xr),
where X;,a € R™, bis an x d matrix, f(t, X;,Ys, Z;) : [0,T] x R x R™ x R™*4 5 R™
is the driver function and £ is the square-integrable terminal condition. We see that the



terminal condition Y7 depends on the final value of a forward SDE. Fora =0and b =1,
namely X; = W;, one obtains a backward stochastic differential equation (BSDE) of the

form
{ —dY; = f(t, Yz, Zy) dt — Zy dWr, (2)
Yr =¢=g(Wr),

where YV; € R™, W; = (W},--- , WHT is a d-dimensional Brownian motion and f :
[0,T] x R™ x Rm™*4 — R™,

The existence and uniqueness of solutions of such equations under the Lipschitz condi-
tions on f,a(t, X;),b(t, Xy) and g are proved by Pardoux and Peng [29], 30]. Since then,
many works try to relax this condition, e.g., the uniqueness of solution is extended under
more general assumptions for f in [22] but only in the one dimensional case. The solu-
tion of a (F)BSDE is a pair of adapted processes (Y, Z), the role of Z, namely Z; dW;
is to render the process Y be adapted. Moreover, in the application, the process Z can
possess some useful information. For example, in option pricing problems, the process Z
represents the hedging portfolio while the process Y corresponds to the option price.

In recent years, many numerical methods have been proposed for coupled and decoupled
(F)BSDEs. For the numerical algorithms with (least-squares) Monte-Carlo approaches
we refer to [3], [7, [16 21} B7], the multilevel Monte Carlo method based on Picard ap-
proximation for high-dimensional nonlinear BSDEs can be found in [13]. Some numerical
methods for BSDEs applying binomial tree are investigated in [23]. There exists connec-
tion between BSDEs and PDEs, see [20), B1], some numerical schemes with the aid of
this connection can be found e.g., in [111 24} 28]. For the deep-learning-based numerical
method we refer to [12]. The approach based on the Fourier method for BSDEs is de-
veloped in [32]. See also [10] for the numerical schemes using cubature methods and [34]
for the tree-based approach. And many others e.g., [1I, 4] [14] [15], 25, 26], 36, 35 42| 38].

In this paper, we show how to efficiently use regression tree-based approaches to
find accurate approximations of (F)BSDEs and . We apply the general theta-
discretization method for the time-integrands and approximate the resulting conditional
expectations using the regression tree-based approach. The schemes with different theta
values are analyzed for the tree-based approach. Several numerical experiments of dif-
ferent types including high-dimensional problems and applications in pricing financial
derivatives are performed to demonstrate our findings. We show numerical examples of
100-dimensional FBSDE to check the performance and applicability of our tree-based
approach for a high-dimensional problem.

In the next section, we start with notation and definitions and discuss in Section 3
the discretization of time-integrands using the theta-method, and derive the reference
equations according to the tree-based method. Section 4 is devoted to how to use the
regression tree-based approaches to approximate the conditional expectations. In Section
5, several numerical experiments on different types of (F)BSDEs including financial
applications are provided to show the accuracy and applicability for high-dimensional
problems. Finally, Section 6 concludes this work.



2 Preliminaries

Throughout the paper, we assume that (Q,F, P;{F;}o<i<r) is a complete, filtered
probability space. In this space, a standard d-dimensional Brownian motion W, with
a finite terminal time T is defined, which generates the filtration {F;}o<i<7, i.e.,
Fir = 0{X;,0 < s < t} for FBSDEs or F; = o{W,,0 < s < t} for BSDEs. And the
usual hypotheses should be satisfied. We denote the set of all F;-adapted and square in-
tegrable processes in R? with L? = L2(0,T; R?). A pair of process (Y;, Z;) is the solution
of the (F)BSDEs or if it is Fy-adapted and square integrable and satisfies or
as

T T
Yt=5+/t f<s,<xs>,m,zs>ds—/t Z,dw,, te0,T], (3)

where f(t,(Xs),Ys, Zs) : [0,T] (xR?) x R™ x R™*¢ — R™ is F; adapted, & = g(X7) :
R™ — R™ or & = g(W7) : R? — R™. As mentioned above, these solutions exist uniquely
under Lipschitz conditions.

Suppose that the terminal value Y7 is of the form g(XfF’z), where Xftp’x denotes the solution
of dX; in starting from x at time ¢. Then the solution (Ytt’x, Zf’m) of FBSDEs can
be represented [20, 26], B0, 31] as

Y =t x), ZP° = (Vu(t,z))b(t,z) Vtel0,T), (4)
which is solution of the semi-linear parabolic PDE of the form

o & I, o o

yn + ‘ a;0u + 3 Z(bb )ij0;u+ f(tz,u,(Vu)b) =0 (5)
7 4,7

with the terminal condition w(7T,z) = g(z). Clearly, the corresponding PDE to the

BSDEs () with & = g(Wr) : Q x RY — R™ reads

{ G + 5 0 0 u+ f(tu, (Vu)b) =0, (6)
u(T,x) = g(x).

In turn, suppose (Y, Z) is the solution of (F)BSDEs, u(t, ) = Y;"" is a viscosity solution
to the PDEs. As mentioned above, BSDE is a special case of FBSDE with a = 0 and b =
1. Thus, we introduce the numerical schemes concerning FBSDEs in the sequel.

3 Discretization of the FBSDE using theta-method

For simplicity, we discuss the discretization with one-dimensional processes, namely m =
n = d = 1. And the extension to higher dimensions is possible and straightforward. We
introduce the time partition for the time interval [0, T

At = {ti‘ti (S [O,T],i = 0, 1, v ,NT,ti < ti+1,t0 = O,tNT = T}. (7)



Let At; = t;11 — t; be the time step, and denote the maximum time step with At. For
the FBSDESs, one needs to additionally discretize the forward SDE in

¢ t
Xy =xz0+ / a(s, Xs)ds + / b(s, Xs) dWs. (8)
0 0

Suppose that the forward SDE can be already discretized by a process Xt?t such
that

2
E [H%ax ’Xti — Xt?t ] =0(Ay) (9)

which means strong mean square convergence of order 1/2. In the case of that X; follows
a known distribution (e.g., geometric Brownian motion), one can obtain good samples
on A; using the known distribution, otherwise the Euler scheme can be employed.

Then one needs to discretize the backward process , namely

T T
Yt:§+/t f(s,Xs)ds/t ZgdW,, te[0,7T), (10)

where £ = g(X7),Xs = (Xs, Ys, Zs). Let (Y, Z;) be the adapted solution of , we thus
have

tit1 tit1
}/i :}/;+1 —|—/ f(S,XS) dS—/ Zs dW87 (11)
ti t;

where Y}, is denoted by Y; for simple notation. To obtain adaptability of the solution
(Yz, Z;), we could use conditional expectations FE;[-](= E[|F,]). We consider firstly to
find the reference equation for Z. By multiplying both sides of the equation by
AWiyr = Wy, — Wy, and taking the conditional expectations E;[-] on the both sides
of the derived equation we obtain
tit1 tit1

— Ez‘D/H—lAI/VH—l] = ) Ei[f(s, XS)AWS] ds — ) Ei[ZS] dS, (12)
where the It6 isometry and Fubini’s theorem are used and AWy := W, — Wy,. Obvi-
ously, with respect to the filtration F;,;, the integrands on the right-hand side of is
deterministic of time s. Thus, applying the theta-method gives

— EilYi 1 AWia] = Ati(1 — 61) Ei[ f (tig1, Xip1) AWisa] — Ati602Z;
— Ati(1 = 02)Ei[Zis1] + RY, (13)
N Atz(l — Hl)Ei[f(ti+1, X¢+1)AWZ‘+1] — AtiGQZi — Atz(l — QQ)Ei[ZiJrl],

where 6, € [0,1],02 € [0,1) and RGZ " is the discretization error of the integrals in (12).
Therefore, the equation lead to a time discrete approximation Z2t for Z

9—1
ZA8 = 22
' At;

— 0,1 (1 - 02) B[22,

B[V AWiga] + 05 (1 = 00) B[ (tig1, X2 AW 4]

(14)



We start now finding the reference equation for Y. We could take the conditional expec-
tations F;[-] on the both sides of to obtain
tit1
Yi = Ei[Yip] + Ei[f(s,X;)] ds. (15)
t;
Again, the integrand on the right-hand side of is deterministic of time s with respect
to the filtration F;,. We use again the theta-method and obtain

Y = Ei[Yiqa] + Atifsf(t:, X)) + Aty (1 — 03) B[ f (tig1, Xip1)] + R;/i, 05 € [0, 1] (16)
R Ei[Yi] + Ati0s f(t, Xq) + Ati(1 — 03) B [f (i1, Xiy1)]s

where R;/i is the discretization error of the integral in . Due to XiAt =

(XZ-At,YZ-Ai, ZiAt), obviously, we have obtained an implicit scheme which can be directly

solved by using iterative methods, e.g., Newton’s method or Picard scheme.

By choosing the different values for 6; and 6, one can obtain different schemes. For
example, one receives the Crank-Nicolson scheme by setting 61 = 62 = 03 = 1/2, which is
second-order accurate. When 6, = 0, = 63 = 1, the scheme is first-order accurate, see [37,
411, 39]. In our experiments we find that the numerical second-order convergence rate can
only be achieved when the number of samples is sufficiently large. The convenience rate
of the tree-based method is one divided by the square root of sample size, to receive the

accuracy (At)? = (NLT)2, the number of samples should be around (%)4. For example,

when 7' = 0.5 and N7 = 32, one needs 64* samples to obtain that accuracy, that is a
quite large integer. Therefore, to evaluate the performance of the tree-based methods

with smaller sample size, in this work we will consider the first-order accurate scheme
for solving the FBSDEs by choosing 61 = 1/2,60, = 1,05 = 1/2:

A A A A
YN; = g(XNIt")7 ZN; = gm(XN;)7 (17)
Fori = Npy—1,---,0:
1 1
2 = Ry BRI AW + GBS (i, X5 AW, (18)
At; At;
YA = B+ T XE) + B (e, X)) (19)

The error estimates for the scheme above is given in Section

4 Computation of conditional expectations with the tree-
based approach

In this section we introduce how to use the tree-based approach to compute the condi-
tional expectations included in the schemes introduced above, which actually are all of
the form E[Y|X] for square integrable random variables X and Y. Therefore, we present
the regression approach based on the form E[Y|X] throughout this section.



4.1 Non-parametric regression

We assume that the model in non-parametric regression reads

where € has a zero expectation and a constant variance. Obviously, it can be thus implied
that
EY|X = a] = n(). (21)

To approximate the conditional expectations, our goal in regression is to find the estima-
tor of this function, 7(x). By non-parametric regression, we are not assuming a particular
form for 7. Instead of, 7 is represented in a regression tree. Suppose we have a set of
samples, (Zap,9m), M = 1,--- M, for (X,Y), where X denotes a predictor variable
and Y presents the corresponding response variable. With such samples we construct a
regression tree, which can then be used to determine E[Y|X = z] for an arbitrary z,
whose value is not necessarily equal to one of samples Z 4.

As an example, we specify the procedure for in case of FBSDEs, namely where
Xﬁ:l = (Xﬁ:l,}/ﬁi,Zﬁ:l). We assume that (X!, F4,)t,en, is Markovian. Hence,
can be rewritten as

1 1 .
Z5 = E A—tiYiﬁﬁAWiH + 2f(ti+1,xf+tl)AWi+1|Xff} , i=Np—1,---,0. (22)

And there exist deterministic functions ziAt () such that

ZR = 28X, (23)

)

Starting from the time T, we construct the regression tree T, for the conditional ex-
pectation in (22)) using samples (Zn,—1,M, ﬁT_IQNT:MAwNTaM + 3 N MAD N, M)
Thereby, the function

A1 (0) = B | VAW, + by XA X3 =3, (20)
—
is estimated and presented by a regression tree. Based on the constructed tree, by ap-
plying to the samples 2,1 m one can directly obtain the samples Zyn,_1 a4 of
the random variable Zﬁ;_l, for M = 1,--- ) M. Recursively, backward in time, these
samples Zn,—1,m Will be used to generate samples Zy,_2 a4 of the random variables
Z]%;_Q at the time ¢y, _2. At the initial time ¢ = 0, we have a fix initial value zg for
dXt, no samples are needed. Using the regression trees constructed at time ¢; we obtain
the solution ZOAt = zoAt (z9). For the BSDEs, X; is just the Brownian motion W;, which

has the zero initial value. Following the same procedure to the conditional expectations
in , one obtains implicitly YOAt.



4.2 Binary regression tree

As mentioned above, regression tree is used to estimate relationship between the predic-
tor variable X and the response variable Y, namely to find the estimator 7 of 7 in (21))
and then to predict given future samples of X. In this section, we review the procedure
in [8 27] for constructing a best regression tree based on the given samples. Basically,
we need to grow, prune and finally select the tree. We firstly give the notation:

e (¥, yam) denote samples, namely observed data.
e i is a node in the tree T', £, and i are the left and right child nodes.
e T is the set of terminal nodes in the the tree 7' with the number |7T|
e n(f) represents the number of samples in node .

° g(f) is the average of samples falling into node ¢, namely predicted response

Growing a Tree We define predicted response as the average value of the samples
which are contained in a node ¢, namely

(i) = ngt) S i (25)

EpEL

Obviously, the squared error in the node # reads

R() = —= >  (Im—5(D)". (26)
n(t) “—.

TMmEL

The mean squared error for the tree 7' is defined as the sum of the squared errors in all

the terminal nodes and given by

R(T) = 3 R(H) = ngﬂ 3 G- ()2 (27)

teT teT #p et

Basically, the tree is constructed by partitioning the space for the samples Z using a
sequence of binary splits. For a split s and node ¢, the change in the mean squared error
can be thus calculated as

AR(s,1) = R() — R(f1) — R(ér). (28)

The regression tree is thus obtained by iteratively splitting nodes with s, which yields
the largest AR(s,t). Thereby, decrease in R(T") is maximized. Obviously, the optimal
stopping criterion is that all responses in a terminal node are the same, but that is not
really realistic. There are some other criteria are available, e.g., growing the tree until
number of samples in a terminal node is five, which is suggested in [§].



Pruning a tree When using the optimal stopping criterion, all responses in a termi-
nal node are same, i.e., each terminal node contains only one response, then the error
R(t), therewith R(T'), will be zero. However, first of all, this is unrealistic as already
mentioned. Secondly, the samples is thereby over fitted and the regression tree will thus
not generalize well to new observed samples. Breiman et al. [8] suggested growing an
overly large regression tree Tmax and then to find nested sequence of sub-trees by suc-
cessively pruning branches of the tree. This procedure is called pruning a tree. We define
an error-complexity measure as

Ro(T) = R(T) + |T|, «a>0, (29)

where « represents the complexity cost per terminal node. The error-complexity should
be minimized by looking for trees. Let Tmax be the overly large tree, in which each
terminal node contains only one response. Thus, we have Ro(Tmax) = «|T| which
indicates a high cost of complexity, while the error is small. To minimize the cost we
delete the branches with the weakest link f,"; in tree Tk, which is defined as

R(f) - R(T};)

Tl =17 (30)

gr(t}) = ming{gr (1)},  gr(f) =

where ka is the branch Tt corresponding to the internal node ¢ of sub-tree Ty. Then, we
prune the branch defined by the node f*,;

ﬂﬂzﬂ—ﬁp (31)

and thus obtain a finite sequence of sub-trees with fewer terminal nodes and decreasing
complexity until the root node as

Tmax > Tl > TQ > e > TK = root. (32)

On the other hand, we set
k1 = gr(ty) (33)

and thus obtain an increasing sequence of values for the complexity parameter «, namely
O=a1 < - <o <ags < - ag. (34)

By observing the both sequences and , it is not difficult to find: for £ > 1, the
tree T}, is the one which has the minimal cost complexity for ap < o < agy1.

Selecting a Tree We have to make a trade-off between the both criteria of error
and complexity, namely we need to choose the best tree from the sequence of pruned
sub-trees such that the complexity of tree and squared error are both minimized. To do
this, there are two possible ways introduced in [8, 27], namely independent test samples
and cross-validation. As an example, we illustrate the independent test sample method,
for cross-validation we refer to [8, 27]. Clearly, we need honest estimates of the true



error R*(T ) to select the right size of the tree. To obtain that estimates, we should use
samples that were not used to construct the tree to estimate the error. Suppose we have
a set of samples L = (Zaq,Ym), which should be randomly divided into two subsets
L1 and Ly. We use the set L1 to grow a large tree and to obtain the sequence of pruned
sub-trees. Thus, the samples in Lo is used to evaluate the performance of each sub-tree
by calculating the error between real response and predicated response. We denote the
predicated response using samples & to the tree T, with Uk (), then the estimated error

1S
A 1

Lo a2
R(Ty) == > = (@), (35)
(%4,9:)€ L2

where no is the number of samples in Lo. This estimated error will be calculated for
all sub-trees. As mentioned above, if one directly select the tree with the smallest error,
then the cost of complexity will be higher. Instead of, we can pick a sub-tree that has
the fewest number of nodes, but still keeps the accuracy of the tree with the smallest
error, say Ty with the error R it 0)- To do this, we define the standard error for this
estimate as [§]

min(

and then choose the smallest tree A,: such that

R(T}) < Rypin (10) + SE(Ryin (To)). (37)

T & is the tree with minimal complexity cost but has equivalent accuracy as the tree with
minimum error.

4.3 Practical Applications

Note that we do not need to construct the individual tree for each conditional expectation
in the schemes. Due to the linearity of conditional expectation, we construct the trees for
all possible combinations of the conditional expectations. We denote the tree’s regression
error with Ryy, the error of used iterative method with Rimpl and reformulate the scheme
— by combining conditional expectations and including all errors as

QNTvM = g('fi.NT,M)7 éNT7M - gfl'('@NTp/\/l);
Fori=Nr—1,---,0, M=1,--- , M :

Z.
. o[ 1 1 i |
ZZ',M = EZI M |:AtZ )/;‘—f—lAM/i-f—l + if(ti_t,_l, Xi+1)AWi+1:| + Aiatl + RtZrZ,
) At Aty 5 - _
Jim = E"M I:Yi—s-l + 2Zf(tz‘+1,Xz‘+1)] + 721]01‘,/\/1 + Rgl + Ri%npl + Rﬁa,



where Elw “M[V] denotes calculated conditional expectation E[V|X = 2; 0] using the
constructed regression tree with the samples of ). For example, using samples of the pre-
dictor variable X; (which are 2; r¢) and samples of the response variable A%iYiJrl AW+
%f(tiH,XHl)AWHl (which are A%i@iJrLMAUA’iH,M + %fiHvMAwHLM) we construct
a regression tree. Then, Ef“” [ﬁE+IAWi+1 + 5 f(tis1,Xis1) AW, y1] means the deter-
mined value of E[ALUYQHAW/Z‘H—F%]’(QH, Xit1)AWit1| X = 2 ap] using the constructed
tree. Note that, at the initial time ¢ = 0, we have £o pq = x9 for M =1,--- , M.

From the errors and we can assume that the approximation error of the
tree-based approach is approximately 1/,/na for a large number ny = %, which is the
number of samples in Lo as introduced above. Theoretically, the regression error can be
neglected by choosing sufficiently high no, namely M. However, the tree-based approach
is computationally not that efficient for a quite high value M. For this our idea is to
split a quite large set of samples into several small sets of samples, e.g., we can split a
set of 20000 samples into 10 sets of 2000 samples. The major reason is that the many
times tree-based computations for a small sample number are still more efficient than
one computation for a large sample number. We observe, from ¢y, — t1 in the proposed
scheme, the samples of YlAt and ZlAt are generated backward iteratively starting from
the samples of Y]@f and Z ]%; When splitting the samples, this procedure can be seen as
the projection of samples from ¢y, — t; but in different groups. Moreover, for the step
t1 — tg, one has a constant as the predictor variable, namely Wy = 0 for the BSDE or
Xy = x¢ for the FBSDE. In fact, in the case of constant predictor, the computation can
be done rapidly. We know that the quality of approximations for YOA* and ZOAf relies
directly on the samples of YlAt and ZlAt. Our numerical results show that the splitting
error of samples projection from ¢y, — t; could be neglected.

Consequently, we propose to split a large sample size into a few groups of small-
size samples at ty,, for each group we generate backward iteratively the samples for
YA and ZlAt Then, at ¢; we combine the samples of Y{** and Z&* from all groups,
which are used as the samples of response variables for the last step t1 — tg, whereas the
predictor variable is a constant as mentioned already. Note that in the analysis above
we have considered a linear regression model, i.e., the proposed scheme is designed to
the linear (F)BSDEs.

We summarize our algorithm to solve the FBSDEs as follows.

e Generate M samples and split them into M, different groups, the sample number
in each group is G = M/M,,.

! Theoretically, the projection of samples in the different groups can be done parallelly. However, the
parallelization is not considered in this work.

10



e For each group, namely M =1,---, My, compute

QNT,M - g(i‘NT,M)a éNT,M = gx(iNT,M)u
Fori=Np—1,--,1, M=1,-- M,:

) o[ 1 1
Zigm = E; [ YA AW + 2f(ti+17XiA+t1)AWi+1} ;

Atl i+1
. 2 At; At; o
Jim = B {Yﬁi + 2Zf(ti+1,Xﬁgl)] + Tlfi,/\/l-
e Collect all the samples of (21 a1, 91,m) for M =1,--- , M and use all these samples

to compute

1 1
ZDAt _ Ego |:AtOY1AtAW1 + Qf(tlaxlAt)AW1:| ’
N At Aty »
YA = pro [Yﬁf - ;f(tl,XlAi)] + TOfo,M-

4.4 FError estimates

Suppose that Rt and Rimpl can be neglected by choosing M and Picard iterations
sufficiently high, we consider the discretization errors in the first place. We denote the
global errors by

XA L= V(X - v (XA, (38)
F(XP) = Zi(XP) - 22 (XD, (39)
SXPY) = (0, X0) — f(8, XD, (40)

Firstly, we give some remarks concerning related results on the one-step scheme:

e The absolute values of the local errors R}f and RQZ “in and can be bounded
by C(At;)3 when 0; = 1/2, i =1,2,3 and by C(At;)? when 01 = 1/2,05 = 1,03 =
1/2, where C' is a constant which can depend on T\, a,b and functions f, g in ,
see e.g., [41], 40, [39].

e For notation convenience we might omit the dependency of local and global errors
on state of the FBSDEs and the discretization errors of dX;, namely we assume
that X; = X2

e For the implicit schemes we will apply Picard iterations which converges for any
initial guess when At; is small enough. In the following analysis, we consider the
equidistant time discretization At.

11



We start to perform the error analysis for the scheme with 61 = 1/2,0, = 1,65 = 1/2.
The error analysis for other choices of 8; can be done analogously. For the Z-component
(0 <i < Np—1) we have

1 R}
i — E"%[At z+1AWH_1 + 7€f7'+1AWZ+]_] T (41)
where the efi+1 can be bounded using Lipschitz continuity of f by
if|fir1]2 i Y; Z; 2 2 iy Yigr1|2 Ziy12
EP{|ef 1 P] < B (IL(| | + |71 ))[?] < 2LP B (| 2 4 741 2] (42)

with Lipschitz constant L. And it holds that

(0 AW = BP0 =B (@D AW ]2 < AEL |00 2= 7 [
(43)
Consequently, we calculate

(A0 A2 < 6AUBE (¥t ) = B[] ) + BL(ANP BR[|t 2+ |eZov1 2 46| R,

(44)
where Holder’s inequality is used.
For the Y-component in the implicit scheme we have
At At :
Yi _ Emz[ Yig1 + ?efi-&-l] + 7€fi _‘_R;/z, (45)
Again using Lipschitz continuity, this error can be bounded by
AtL AtL .y, , :
[ < BT[]+ == (e + e ) + = o EP [P [+ Ryt (46)

By the inequality (a + b)? < a® + b? + yAta? + ﬁbQ we calculate

3(AtL)? _ 3(AtL)?
T(IEYZI2 + 1) + s

3AtL? 3ALL? _ 3|RY )2
+3|Ry' | + W( (e +1e217) + = (e P+ | 1) + = |-

€2 < (1 + 7 AL) B[] + (Je¥itt [ 4 e )

2 At
(47)

Theorem 4.1. Given
EpT e 2 ~ O((AL)?), Bt [[e™r 2] ~ O((AL)?),

It holds then At
%ﬂMMGMﬂSMM%OQSM—L (48)

where Q) is a constant which only depend on T, f,qg and a,b in .

12



Proof. By combining both and we straightforwardly obtain

. : At , v 3(AtL)? v _—
E?HEKF] + & E?Ufzﬂz] < (L+~AY|E [GYZHHQ + 7( B) ) (Efl\eyﬂz + EfZ\EZ’P)
3(AtL)? ) . . .
1 [ 3AtL? . . 3AtL? . _ 3E% (| RY: |2

. , L , E%i[|R%|?
( fZHEK+1‘2] | ’ixl[ey;:+l]’2) 2( t)2 Z’xlﬂen+1’2 ’€Zi+1‘2] : Hﬁ ta ’ ]
which implies

3(AtL)?  3AtL?N .. v At 3(AtL)? 3AtL2\ ... o
(1- HEEE 30 oo+ (5 - HAEE 30 ey
v 6 2 2y

3AtL? 3AtL?
2 2

< (1 +yAt + 2(AtL)* + ) EP[|e+ ] + <2(AtL)2 + > EFi|e%+1 ]

SEN IRy P) BRG]
~yAt At

+ 3B [|Ry'I°] +

We choose ~ such that % — 3A2’;L2 > %(i.e.y > 18L?), by which the latter inequality
can be rewritten as

3(AtL)?  3AtL®\ ... v At 3(AtL)?  3AtL?\ ...
(1- HEEE 3L gy 4 (5 - KA 3800 gy
¥ 6 2 2y

3AtL? . At 3AtL? .
< [ 14+~At 4+ 2(AtL)? + E |1 %] + | 2(AtL)* 4+ = — ETi]|eZi1 |2
2y ' 6 2y '
v, SECIRY | EFIRTT
E¢1 }/z 2 7 0 1 0
which implies
. , At , 14+ CAt ) v At .
i Y; |2 — .2 Zi|2) « Z X7 % Yii1)2 — o Ziy1)2
PR + B < T (B P+ B S
e BCURYE) | EFIRSP)
3E$1 RYZ 2 [ 0 7 0 )
BB + 6L2At At
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By induction, we obtain then

- At 1+ A\ N _ At _
EFi (1€ %] + gEf’[IEZZV] < (1_0At> (EzvaT—fHJNTW + 6E§/];T—11U€ZNT|2]>

o 1—-CAt 6L2At At
< exp(20T) | By | |? A povriy Z, E
< exp Np—1 [le ]+ 6~ Nr—1 [le ]
Np—1 T, Y; 2 T Zi\9
Yz, EilReT] BRI
2 T Ewl 3/3 2 1 0 1 0 .
With the known conditions and bounds of the local errors we complete the proof. ]

5 Numerical experiments

In this section we use some numerical examples to show the accuracy of our methods
for solving the (F)BSDEs. As already introduced above, Ny and M are the total dis-
crete time steps and sampling number, respectively. For all the examples, we consider an
equidistant time and perform 20 Picard iterations. We ran the algorithms 10 times inde-
pendently and take average value of absolute error, whereas the two different seeds are
used for every five simulations. Numerical experiments were performed with an Intel(R)
Core(TM) i5-8500 CPU @ 3.00GHz and 15 GB RAM.

5.1 Example of BSDE

The first BSDE we consider is

Yr = sin(Wp + %),
with the analytical solution
Y; = Sin(Wt + %),
{ Zy = cos(Wy + 5). (50)

The generator f is highly oscillatory function and contains the component Z;. For this
example we set 7' = 1, the analytical solution of (Yp, Zy) is (0, 1).

Firstly, in order to see the computational acceleration by using the samples-splitting
introduced above, we compare the scheme between using and not using the samples-
splitting in Figure [I] Since the algorithm without splitting are slow, we thus compare
them up to the sample size 50000, whereas N7 is fixed to 10. Let Yb’Akt and Z&,’; denote
the result on the k-th run of the algorithm, & = 1,--- 10, the approximations read

14

! =i L Yji2 T; Zj\9
1+CA{; J o . E%[|R.7 E%i[|R%
+Z< > (3Ef“3§9|2]+ %11 ElE T

)



Ay 1 10 Ay Ay 1 10 Ay .
as Yo' = 15 2 k=1 Yo,k; and Zy' = 152 h—1 Z07k. In our tests we consider average of

the absolute errors, i.e., {5 S YOAkt — Y| and 15 e ZOA;; — Zp|. We see that there

0.0060 T T T 0.0240

0.0220 s Without Splitting
N Runtime: 5.6, 22.6, 5
0.0055 Without Splitting 1 \ o SPitt
O Run 2.6, 52.6, 97.6, 153.9] 0.0200 g R
Spli = 1000 DO\ —— -
- 5, 2.9, 4.3, 5.6, 6.9] R DR Runtime: , 6.2, 7.7]

$ 0.0050 |- g 00180 - ) “\*\ o;ﬁx‘;ﬁﬁf“z‘o 53, ')sve? 115, 14.3]
3 @ MR
£ 00160 .
g E
£ 00045 | < 00140 [
00120 |
0.0040 |
p 00100 |
0.0035 : : : 0.0080 : : :
10000 20000 30000 40000 50000 10000 20000 30000 40000 50000
M M
o1 10 Ay o1 10 Ay
(a) Absolute error: 15> 5 —; [Yy ) — Yol (b) Absoulte error: 15> 25— [Zy} — Zo

Figure 1: Comparison of absolute errors among schemes not using and using sample-
splitting ( 6; = %, 0y =1,03 = %) with different sample sizes of group (G), the average
runtimes are given in seconds.

are no considerable differences between using and not using the sample-splitting for
approximating Yy. And the approximations of Zy with the sample-splitting against M
converge in a very stable fashion. Furthermore, the application of sample-splitting allows
a much efficient computation, e.g., when M = 50000, the scheme without splitting used
153.9 seconds while it used only 6.9 seconds by using the splitting with G = 1000. In
the remaining of this paper we perform all the schemes always using the splitting with
G = 1000, unless otherwise specified.

Next we study the influence of M on the error. This is a good example to test perfor-
mances of the tree-based approach based on different schemes by choosing 6;’s val-
ues, since the generator f is linear and the exact solutions of (Yp,Zr) are known.
For this we fix the number of steps to 2 and test all possible values of #;. We find
that the explicit schemes for 3 = 0,60, = 1,07 = 1/2,1 and the implicit schemes for
03 = 1/2,1,0, = 1,607 = 1/2,1 can converge for a small M, all others need a very
large number M. As an example we report the absolute errors 15 S ]Y&Akt - Yol,

%lecozl Zéé — Zp| and the empirical standard deviations \/ : PO Yoékt — Y2,

\/ % 2,16021 ZOA,i - ZOAt |2 for some chosen schemes in Table We observe, even for Np = 2,

1
29
particular, the error | Zy— ZOAt] approaches the convergence value first from M = 200000.
Since error for the scheme (0; = %, 0 =1,05 = %) is smallest of all the schemes, which
converge for a small value of M. This is the reason why we will consider the scheme
for (6; = %,02 =1,03 = %) for the following analysis and almost all the examples. To

take this a step further, we fix now M = 200000 and plot the absolute error against the

the second-order scheme (6, = 5,60, = %, 03 = %) converges only for a quite large M. In
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Nr 2
M 2000 5000 10000 50000 100000 200000 300000
15 ke [You — Yol
(01 =1,0o0=1,0;=3) 0.0254 0.0220 0.0251 0.0248 0.0247 0.0244  0.0246
standard deviation ~ 0.0193 0.0147 0.0099 0.0023 0.0021 0.0016 8.3067e-04
(h=1%,0o=1,05=1) 00177 0.0128 0.0125 0.0123 0.0121 0.0118 0.0120
standard deviation ~ 0.0196 0.0151 0.0102 0.0023 0.0021 0.0017 9.1699¢-04
(01 =3.0o=3,05=1%) 00169 0.0129 0.0073 0.0020 0.0019 0.0017 7.2826e-04
standard deviation  0.0197 0.0162 0.0113 0.0025 0.0022 0.0019  0.0011
(01 =1,60,b=1,63=1) 0.0171 0.0124 0.0070 0.0022 0.0020 0.0019  0.0017
standard deviation 0.0197 0.0159 0.0110 0.0024 0.0021 0.0019 0.0010
15 Dbt ’Z(fzi — Zy|.
(01=1,0o=1,06;=3) 0.1221 0.1210 0.1190 0.1166 0.1187 0.1197  0.1201
standard deviation ~ 0.0303 0.0199 0.0147 0.0079 0.0037 0.0032  0.0025
(01 =3.00=1,05=1) 0.0579 0.0578 0.0562 0.0537 0.0561 0.0575  0.0578
standard deviation ~ 0.0319 0.0235 0.0165 0.0081 0.0042 0.0036  0.0027
(0 =3.00=3,05=1%) 00991 0.0453 0.0295 0.0158 0.0144 0.0074  0.0058
standard deviation ~ 0.1111 0.0550 0.0312 0.0171 0.0173 0.0077  0.0060
(0, =1,60,b=1,63=1) 0.1114 0.1111 0.1095 0.1072 0.1095 0.1107  0.1112
standard deviation ~ 0.0300 0.0230 0.0151 0.0079 0.0042 0.0035  0.0028

Table 1: Comparison of absolute errors for Ny = 2 against the sample size M.
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number of steps in Figurewhen using (6, = %, 0

= 1,03 = 3). We see that the scheme

0.0120 0.0600 . . .
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Nr Nr

(a) Absolute error: 15 21160:1 Yfk" - Yol (b) Absoulte error: - 21160:1 Z@,Z — 7y

Figure 2: Comparison of absolute errors against the number of steps Np for 1 = %, 0y =
1,03 = %, and M = 200000.

converges meaningfully.

For the convergence with respect to the time step we refer to Figure [3] where we plot
log, (% S YOAkt — YOD and log, <% PO ZOA,g - Zo\) with respect to logy(N7). To
estimate the convergence rate with respect to the time step sizes we adjust roughly

sample sizes M according to the time partitions, i.e., larger M for smaller dt, the used
sample sizes M are listed in Table 2 The results shown in Table [2] and Figure [I] are
-4.0 ‘ ‘ ‘ et
st 4
5.0 ; | .,
~ - e = 40t 1
S ol P N e -
| I 45t - 1
- o N
if" 70t /]N;: 50 | AR 1
- _ Y
o1 sl AN
Ej 80 | m S5 AN e ]
N
= =60 ‘& .. 1
b‘E -9.0 Z:CA\J‘ SO )
o o 65 Sso T 1
-10.0 a0 hatye ~. ]
R
-11.0 . L . -7.5 -
2 3 4 5 1 2 3 4 5
logy (Nr) logy (N7)

(a) Y-component

(b) Z-component

Figure 3: The plots of average of the absolute values with respect to logy(N7).

consistent with the conclusions in Theorem Actually, when we use the absolute

Ay Ay Ay 1 10 Ay Ay 1 10 Ay
value [Yo — Yy*| and |Zo — Zy*|, where Y™ = 15> 2 Yo 3! and Z5™* = 15> 4 Zo g
the obtained numerical convergence rates in Table [2] are higher.
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Np 2 4 8 16 32
M 1000 2000 20000 100000 300000
15 Lkt [ You — Yol CR
(01 =1,00 =1,05 = %) 0.0329 0.0194 0.0080 0.0045 0.0012 1.17
standard deviation 0.0276 0.0224 0.0051 0.0020 9.8927e-04
(0, = %,02 =1,03=75) 0.0262 0.0174 0.0056 0.0027 7.9174e-04 1.28
standard deviation 0.0279 0.0226 O 0052 0.0020 9.9436e-04
110 k 1|ZAt Zo| CR
(01 =1,00 =1,03 = %) 0.1142 0.0752 0.0235 0.0157 0.0092 0.95
standard deviation 0.0273 0.0271 0.0193 0.0078 0.0055
(01=1%,0o=1,05=3) 0.0516 0.0448 0.0149 0.0091  0.0066  0.82
standard deviation 0.0285 0.0265 0.0180 0.0086 0.0056
average runtime in seconds
) 0.1 0.5 2.3 23.9 147.0
) 0.1 0.2 2.3 25.5 144.4

[N

0, =
(0, =

0y = 1,05 =
0s=1,0

M\»—A =
N 0|

Table 2: Absolute errors, standard deviations, average runtimes in seconds and conver-
gence rates (CR) for the Example of BSDE ({49).

5.2 Example of FBSDE

In the remaining examples we always use the scheme for (6; = 3,60, = 1,03 = ) unless
otherwise specified. For the example of FBSDE we compute the price of a European call
option V (¢, S;) via a FBSDE where the underlying asset as the forward process, which
follows a geometric Brownian motion given by

dSt = ,LLSt dt + O'Stth. (51)

It is well-known that the exact solution is analytically given in [0], namely Black-Scholes
price. We assume that the asset pays dividends with the rate d. As introduced in [20],
the corresponding FBSDE for the price of option can be derived by setting up a self-
financing portfolio Y;, which consists of 7 assets and Y; — m; bonds with risk-free return
rate r, which reads

dSt = ,LLSt dt + O'St th,
—dY, = (=Y — =7, dt - 7w, (52)
Yr = ¢ = max(Sr — K, 0).

Y; corresponds to the option value V (¢, S;), Z; is related to the hedging strategy, Z; =
O'Stﬂ't = O'Stg%.

For S2¢, we simulate the forward process dS; by using Euler-Method, although its
analytical solution is available. Note that, although the function g(z) = max(z,0) is
not differentiable in this example, we still use it to generate samples for (Yp, Zr) in our
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Np 2 4 8 12 16 20

M 2000 10000 30000 60000 100000 250000

A
1 10 Yo Yol CR
10 2-k=1 " [vg|

(91:%,02:1,93:%) 0.0230 0.0091 0.0052 0.0038 0.0027 0.0011 1.15
standard deviation 0.1311 0.0501 0.0279 0.0255 0.0143 0.0055

Ay
1 10 |Zy.x—Z0
10 £uk=1 " Zg] CR

(91:%,02:1,93:%) 0.0492 0.0246 0.0151 0.0113 0.0091 0.0056 0.86
standard deviation 0.6187 0.3161 0.1950 0.1307 0.1218 0.0708

average runtime in seconds

0.1 0.5 3.1 9.5 21.3 66.7

Table 3: Relative errors, standard deviations, average runtimes in seconds and conver-
gence rates for the Black-Scholes model.

tree-based approaches:

Yl v =max(Sy! \, — K,0),
A _ oSy when Y > K (53)
Nr.M 0, otherwise

where M = 1,--- | M. For the comparison purpose, we take the parameter values, which
are used in [37]

K =Sy =100, r = 0.03, = 0.05, d = 0.04, 0 = 0.2, T = 0.33 (54)

with the exact solution (Yp, Zp) = (4.3671,10.0950). For the following financial appli-

A
. . . Yot —Yo
cations we consider the relative error —110 1160:1 Mo~ Yol 0“’%' ‘, see Table Note that we have

in this example the simulation error by using the Euler-Method for the forward process
dS;. Furthermore, terminal condition for Y7 is not differentiable at the point Sp = K,
which leads to a jump for the component Zr at that points. Although that, without
any smoothing techniques we still obtain the satisfactory results using the tree-based
approach.

5.3 Example of two-dimensional FBSDE

For the two-dimensional FBSDE we consider the Heston stochastic volatility model [17]

which reads
dS; = Sy dt + /vy Sy AW,

dvy = ki (jy — 1) dt + o,/ AW, (55)
AW AW} = pdt,
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where S; is the spot price of the underlying asset, 14 is the volatility. It is well-known
that the Heston model can be reformulated as

dus K (ly — 1) ) < oVt 0 ) ( th” )
dX; = = dt+ = , (b6
! ( dSt > ( 1St Sip/vr Si/1— pP e AWy (56)
where Wt” and W are independent Brownian motions. To find the FBSDE form for the
Heston Model we consider the following self-financing strategy

dY; = a; dU(f, Vg, St) ~+ bidSt + cid Py, (57)
(Y; — aiU(t, v, 5;) — beSy)

= a¢ dU(t, v, St) + b;dS; + 2
t

dp,, (58)

where U(t, 1y, S¢) is the value of another option for hedging volatility, dP, = rP; dt is
used for the risk-free asset, as, by and ¢; are numbers of the option, underlying asset and
risk-free asset, respectively. We assume that

dU (t, vy, St) = n(t, vy, Sp)dt, (59)

which can be substituted into to obtain

o AWy
—dY; = (atrU (£, v, Si) = an(t, v, St) — ¢1(M_ipz\)/;tzt*2 - TYt) - < dWZS )

(60)

7. = (2}, 72) = (ata,,\/it+ beSepn/Tr, beSen/T — p2\/17t> . (61)

In the Heston model [I7], the market price of the volatility risk is assumed to Av;. With
the notations used in , the Heston pricing PDE including A reads

with

ov ov WV 1 20V o*V
E—H‘S%—F(m( V—V)—AV)E—F —vS 552 + po,v Sm

1
+ = z—aV—TV:O.

o (62)
The solution of the FBSDE is exactly the solution of the Heston PDE by
choosing rU(t, v, St) — n(t, vy, St) = —Av. The equations and can thus be
reformulated as

) ( dwy >
—dY; = | —ap vy — ———X 72 Y, | dt — Z ~ 63

SLA PAV (p—r) awy
( o, Zi + <\/—7PUV_\/1M—7p2\/17t>Zt2_TYt> dt—Zt<thS)

(64)

with Z; defined in . Note that the generator in this example can be not Lipschitz
continuous. The European-style option can be replicated by hedging this portfolio. We
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consider e.g., a call option whose value at time t is same to the portfolio value Y;, and
Yr = £ = max(Sy — K,0). Hence, Y; is the Heston option value V' (¢, 14, Sy), Z; presents
the hedging strategies, where Z} = %—ZUV\/E + %Stp\/ﬂ and 77 = %St\/l — P2/
The semi-analytical solution of the Heston model is available, the corresponding Delta
hedging g—g can thus be obtained also in a closed form. However, the Vega hedging
against volatility risk is defined as the derivative of option value with respect to the
volatility v, which is driven by the Cox-Ingersoll-Ross process in the Heston model and
thus not analytically available. For this reason we can only consider the approximation
of Y-component, namely the option price in the Heston model. The parameter values
used for this numerical test are

K=5y=50,r=0.03, u =0.05, A =0, T = 0.5,
vg=py =0.04, kK, =19, 0, =0.1, p = —-0.7,

which give the exact solution Yy = 3.1825. The forward processes dS; and dv; are simu-
lated using the FEuler-method, for the final values at the maturity 7" we take

( Ay _ A
Yiipm = max Nem — K, 0),

n 0, otherwise (65)

Np, M .
4 0, otherwise

220 { Sﬁ;,mm% when Syt > K

where M = 1,--- , M. The corresponding relative errors are reported in Table |4, We
obtain quite accurate approximation for the Heston option price by solving the two-
dimensional FBSDE, although the generator is not Lipschitz continuous. It is well-known
that a splitting scheme of the Alternating Direction Implicit (ADI) type has been widely
analyzed and applied to efficiently find the numerical solution of a two-dimensional
parabolic partial differential equation (PDE). We thus compare our tree-based approach
to the Craig-Sneyd (CS) Crank-Nicolson ADI finite difference scheme [9] for solving the
Heston model in Table [4, We denote Ng and N, as number of points for the stock price
and the volatility grid, respectively. The ADI scheme is performed in domain [0, 2K] for
S and [0,0.5] for v with a uniform grid Ng = N, = 40, the time steps Np are given in
Table [4l One can observe that the tree-based approach gives a better at least compatible
result.

5.4 Example of high-dimensional FBSDE

It is interesting for us to test performance of tree-based approach in solving high-
dimensional FBSDE. For this we consider the pricing problem of Rainbow option [33] [18§].
We suppose that D stocks, which are for simplicity assumed to be independent and iden-
tically distributed, and driven by

dS@d = ,U,St’d dt + O'St7dth7d, d= 1, s D, (66)
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Exact price: 3.1825

I The tree-based approach (0, = %, Oy =1,03 = %)
Nrp 2 4 8 16 32
M 5000 10000 40000 100000 300000

JaN
1 —10 [Yo Yol

0 2ak=1 —Ivo 0.0207 0.0115 0.0043 0.0028 0.0015 CR =0.96
standard deviation 0.0840 0.0307 0.0173 0.0109 0.0051
average runtime 0.2 0.9 7.4 38.8 241.3
I The CS Crank-Nicolson ADI scheme
Np 2 4 8 16 32
=l 0.0900 0.0103 0.0068 0.0062  0.0061
runtime 0.2 0.7 1.2 2.7 6.2
11 The tree-based approach (6, = %, Oy =1,03 = %)
Nrp 8 8 8 8 8
M 100 500 1000 5000 10000
A
% 211;0:1 %70?/0' 0.1181 0.0612 0.0278 0.0162 0.0051
standard deviation 0.4637 0.2137 0.1171 0.0561 0.0183
average runtime 0.1 0.2 0.2 1.0 1.9

Table 4: Relative errors, standard deviations, average runtimes in seconds and conver-
gence rates for the Heston model. Part I: the tree-based approach is used for different
values of Ny and M; Part II: the CS Crank-Nicoln ADI finite different scheme is used;
Part III: the tree-based approach is used for N = 8 and different values of M.
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where o > 0 and p € R. For the terminal condition we take that of a Call on max

Yr = £ = max (dnlla.?{D(ST’d) - K, 0> ) (67)

) )

The driver f is then defined by

D
f(tay.2)=—ry—E2 3z (68)

d=1

In this linear example we take
K =5y=100, r=0.04, p = 0.06, T'=0.1.

To the best of our knowledge, there is no method available for pricng the high-
dimensional Rainbow option, which could allow for a less computational time than direct
Monte-Carlo simulation. However, our aim is to show performance of the tree-based ap-
proach for pricing a high-dimensional Rainbow option based on the BSDE. Therefore, we
compare our approach to the multilevel Monte Carlo method based on Picard approxi-
mation proposed in [I3]. The reference prices are computed with 7 Picard iterations.

We consider the 10-dimensional pricing problem, i.e., D = 10. Firstly, in Table
(Part I), we adjust roughly sample sizes M to approximate the convergence rate with
respect to the time step sizes. All the relative errors, empirical standard deviation and
convergence rate are reported there. The reference price Yy = 10.4689 is computed by
means of the multilevel-Picard approximation method in [I3] with 7 Picard iterations,
whereas the average runtime are 2249.6 seconds. It is not difficult to see that our results
are quite promising, and show that the 10-dimensional problem can be highly effective
and accurate approximated using the tree-based approach. The obtained convergence
rate of the proposed scheme is 1.9. For a comparison purpose, using the same reference
price we report the errors, standard deviations and average rumtimes for the Picard
iteration number {1,---,6} using the method in [I3] in Table |5 (Part III). To compare
the result for the Picard iteration number equals 6 (bold and underlined), in Table 5| (Part
IT) we show our results for Ny = 12 by varying different sample sizes. From our result
for Ny = 12 and M = 2000 (bold and underlined) we see that for this 10-dimensional
pricing problem, our scheme is more than 10 times faster than the approximation method
n [13]. Note that, in order to see performance of our approach for the problem in which

the forward SDE does not exhibit an analytical solution, we simply use the Euler method
for dS.

Finally, we test our scheme for the 100-dimensional pricing problem. Note that
due to the limitation of memory, we only set M = 300000 for Ny = 20 in the 100-
dimensional case. In Table[6] the average runtime of using the multilevel-Picard method
for 100-dimension (2613.9) is not much longer than that (2249.6) in Table [5| for 10-
dimension. Especially, by comparing the average runtime in Table 5 in Section 4.3 in
[13] for 1-dimensional to that in Table 6 in the same section in [13], it seems that the
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Reference price Yy = 10.4689 (average runtime 2249.6 seconds)

I The tree-based approach (6, = %, 0y =1,03 = %)
Nt 2 4 8 12 16 20
M 5000 10000 80000 100000 200000 400000
A¢
% Z,lf):l lYO"’§,()_|YO| 0.0390 0.0195 0.0078 0.0038  0.0013 3.4737e-04 CR =1.9
standard deviation 0.0429 0.0356 0.0109 0.0080  0.0045 0.0025
average runtime in seconds 0.9 4.3 75.7 146.6 602.9 999.2
II The tree-based approach (6, = %, 0y =1,05 = %)
Nt 12 12 12 12 12 12
M 100 500 1000 2000 5000 10000
Ay
Ly, ForsXo 0.0309 0.0154 0.0100 0.0061  0.0059  0.0056
standard deviation 0.4048 0.1721 0.1326 0.0762  0.0552 0.0303
average runtime in seconds 0.5 0.9 1.6 3.1 7.6 15.0
I11 The multilevel Monte Carlo method [13]
Number of the Picard iteration 1 2 3 4 5 6
Ay
& e, P 01920 0.2312 00759 0.02290 00120  0.0058
standard deviation 1.7304 2.8257 09796 0.2691  0.1695 0.0825
average runtime in seconds 0.0 0.0 0.0 0.3 3.4 43.9

Table 5: Relative errors, standard deviations, average runtimes in seconds and conver-
gence rate for the max option in the case D = 10. Part I: the tree-based approach is
used for different values of Ny and M; Part II: the tree-based approach is used for
Np = 12 and different values of M; Part III: the multilevel Monte Carlo method is used
for different iteration numbers.

multilevel-Picard method in [I3] is not sufficiently efficient for a lower dimensional prob-
lem. In contrast, in the previous numerical experiments (10-dimensional problem) we
have seen that our proposed approach is much more efficient. Although the compu-
tational expense in our proposed approach increases for the increasing dimensionality,
for this 100-dimensional pricing problem our approach is still two time faster than the
method proposed in [13] for the same or better error level, see both the results which are
bold and underlined in Table [6] The proposed scheme converges with the rate of 1.09
for the 100-dimensional pricing problem.

5.5 Example of nonlinear FBSDE

In this section we test our scheme for nonlinear high-dimensional problems. We find that
nonlinear training data may lead to overfitting when directly using the above introduced
procedure. Therefore, to avoid the overfitting for the nonlinear problems, we propose to
control the error already while growing a tree. For this, we estimate the cross validation
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reference price Yy = 17.4267 (average runtime 2613.9 seconds)

I The tree-based approach (61 = %, 0y =1,05 = %)
Nr 2 4 8 12 16 20
M 5000 10000 80000 100000 200000 300000
A¢
% Z,lf)zl lyo’&iyol 0.1920 0.0943 0.0466 0.0297 0.0206 0.0152 CR~1.09
standard deviation 0.0771 0.0353 0.0180 0.0111 0.0104 0.0082
average runtime in seconds 16.2 90.1 1621 3162 8529 16180
II The tree-based approach (0, = %, 0y =1,05 = %)
Np 20 20 20 20 20 20
M 100 500 1000 2000 5000 10000

PN
1 10 Y5 L=Yol

10 2«k=1 " Yo _ 0.0240 0.0140 0.0159 0.0110 0.0143 0.0137

standard deviation 0.4819 0.2275 0.1858 0.0962 0.0761 0.0704
average runtime in seconds 8.6 27.6 56.1 111.3 270.2 541.9
111 The multilevel Monte Carlo method [13]

Number of the Picard iteration 1 2 3 4 ) 6

AV
Ly, Por 1o 0.1970  0.1368 0.0606 0.0546 0.0249 0.0165
= O|

standard deviation 4.2130 3.1551 1.4108 1.2591 0.4458 0.3539

average runtime in seconds 0.0 0.0 0.0 0.4 4.0 50.1

Table 6: Relative errors, standard deviations, average runtimes in seconds and conver-
gence rate for the max option in the case D = 100. Part I: the tree-based approach
is used for different values of Ny and M; Part II: the tree-based approach is used for
Np = 20 and different values of M; Part I1I: the multilevel Monte Carlo method is used
for different iteration numbers.

mean squared errors of the trees, which are constructed with different number of observa-
tions in each branch node. Clearly, the best tree, namely the best number of observations
in each branch node can be determined by comparing the errors. Theoretically, for the
best result, the error control needs to be performed for each time step. However, it will
be computationally too expensive. Fortunately, in our test we find the best numbers of
observations for each time step are very close to each other. For substantially less com-
putation time, one only needs determine one of them, e.g.,, for the first iteration, and fix
it for all other iterations. We note that, the pruning procedure cannot bring considerable
improvement when the tree has been grown using the best number of observations, is
thus unnecessary in this case.

As an example, we consider a pricing problem of an European option in a financial market
with different interest rate for borrowing and lending to hedge the European option. This
pricing problem is analyzed in [5] and is used as a standard nonlinear (high-dimensional)
example in the many works, see e.g., [12} [I3] 16l 2]. Similar but different to and
, the terminal condition and generator for the option pricing with different interest
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rate read as

—4 )

) )

Yr = € = max ( _maXD(ST,d) — K, 0) — 2max ( _maXD(ST,d) — Ko, 0) (69)

and

D D
p— R b_ pl 1
t = —Rly - - - -
fltw,y,2) = =Ry = =—— 3 za+ (R" = R)max | 0,—> za—y], (70)

d=1 d=1

respectively, where R®, R' are different interest rates and K, Ky are strikes. Obviously,
and are both nonlinear.

We first consider a 1-dimensional case, in which we use Yy = £ = max (S — 100, 0)
instead of to agree with the setting in [I6, [12]. The parameter values are set as:
T =0.5, u=0.06,0 = 0.02, R = 0.04, R’ = 0.06. We use Yy = 7.156 computed using the
finite difference method as the reference price. Note that the reference price is confirmed
in [16] as well. Firstly, we fix M = 200000, G = 50000 and plot the relative error against
the number of steps in Figure [4. We obtain very good numerical results, and reach an
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Figure 4: Comparison of relative errors against the number steps Ny and M = 200000
for one-dimensional pricing with different interest rate.

error of order 1073, In Table [7| we compare our results to the results given in Table 5 in
[13], and show that the tree-based approach with Ny = 10 can reach accuracy level of
the multilevel Monte Carlo with 7 Picard iterations for significantly less computational
time. Note that the samples-splitting (G = 50000) is only used for M = 100000, 200000.
Finally, we test our scheme for 100-dimensional nonlinear pricing problem. In contrast
to the case of 1-dimension, the terminal condition is more challenge to deal with.
In our test, can still be used to generate samples of Yy,,. However, for Zy,, the
one-sided derivative of , as it in and is not sufficient for the 100-dimensional

nonlinear pricing problem. Therefore, for this example we choose the scheme by setting
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Reference price Yy =7.156
I The tree-based approach (6; = %, 0y =1,03 = %)
Nr 10 10 10 10 10 10 10
M 2000 4000 10000 20000 50000 100000 200000
A¢
% Z,lf):l lyo’&iyol 0.0239 0.0152 0.0107 0.0073 0.0043 0.0035 0.0013
standard deviation 0.2089 0.1100 0.0953 0.0686 0.0364 0.0352 0.0130
average runtime in seconds 0.1 0.1 0.2 0.3 0.9 1.8 3.7
I1 The multilevel Monte Carlo method, see Table 5 in [13]
Number of the Picard iteration 1 2 3 4 ) 6 7
A¢
% legoz1 |Yo‘1§/70—|YO| 0.8285 0.4417 0.1777 0.1047 0.0170 0.0086 0.0019
standard deviation 7.7805 4.0799 1.6120 0.8106 0.1512 0.0714 0.0157
average runtime in seconds 0.0 0.0 0.0 0.3 3.1 38.7  1915.1

Table 7: Relative errors, standard deviations, average runtimes in seconds and conver-
gence rate for the 1-dimensional pricing with different interest rates. Part I: the tree-
based approach is used for Ny = 10 and different values of M; Part II: the multilevel
Monte Carlo method is used for different iteration numbers.

0, = 65 = 03 = 1 such that Z-component will be not directly needed for the iterations.
In Figure [p| the results of using M = 200000, G = 50000 against the number steps
Nrp are reported. Again, in Table |8 we compare our results to them in Table 6 in [13].
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Figure 5: Comparison of relative errors against the number steps Ny and M = 200000
for 100-dimensional pricing with different interest rate.

The reference price Yy = 21.2988 is computed using the multilevel Monte Carlo with 7
Picard iterations, whereas K1 = 120, K5 = 150, and values of other parameters are the
same as those for the 1-dimensional case. We only use the samples-splitting (G = 50000)
when M > 50000. We see that our result with Ny = 10, M = 2000 is already better
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Reference price Yy = 21.2988(average runtime 2725.1 seconds)

I The tree-based approach (6; = 1,0, = 1,03 =1)
Nr 10 10 10 10 10 10
M 10000 50000 100000 200000 300000 400000
A¢
Ly, Focsto 0.0212 00022 0.0023 0.0020 0.0017 0.0022
standard deviation 0.0629 0.0286 0.0243 0.0199 0.0143 0.0129
average runtime in seconds 19.6 115.9 233.3 464.9 703.5 947.7
I1 The multilevel Monte Carlo method, see Table 6 in [13]
Number of the Picard iteration 1 2 3 4 ) 6
A¢
% 2114021 |Yo‘1§/70_|Y0| 0.4415 0.4573 0.1798 0.1042 0.0509 0.0474
standard deviation 8.7977 11.3167 4.4920 2.9533 1.4486 1.3757
average runtime in seconds 0.0 0.0 0.0 0.4 4.2 52.9

Table 8: Relative errors, standard deviations, average runtimes in seconds and conver-
gence rate for pricing with different interest rates in the case D=100. Part I: the tree-
based approach is used for Ny = 10 and different values of M; Part II: the multilevel
Monte Carlo method is used for different iteration numbers.

than the approximation of multilevel Monte-Carlo with 6 iterations for almost same
computational time. Furthermore, a better approximation (smaller standard deviations)
can always be achieved with a larger number of M. Note that the same reference price
is used to compare the deep learning-based numerical methods for high-dimensional
BSDEs in [12] (Table 3),which has achieved a relative error of 0.0039 in a runtime of 566
seconds.

6 Conclusion

In this work, we have studied solving forward-backward stochastic differential equa-
tions numerically using the regression tree-based methods. We show how to use the
regression tree to approximate the conditional expectations arising by discretizing the
time-integrands using the general theta-discretization method. We have performed sev-
eral numerical experiments for different types of (F)BSDEs including its application to
100-dimensional nonlinear pricing problem. Our numerical results are quite promising
and indicate that the tree-based approach is very attractive to solve high-dimensional
nonlinear (F)BSDEs.
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