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Abstract: Reflected partial differential equations (PDEs) have important applications in financial
mathematics, stochastic control, physics, and engineering. This paper aims to present a numerical
method for solving high-dimensional reflected PDEs. In fact, overcoming the “dimensional curse”
and approximating the reflection term are challenges. Some numerical algorithms based on neural
networks developed recently fail in solving high-dimensional reflected PDEs. To solve these problems,
firstly, the reflected PDEs are transformed into reflected backward stochastic differential equations
(BSDEs) using the reflected Feyman–Kac formula. Secondly, the reflection term of the reflected BSDEs
is approximated using the penalization method. Next, the BSDEs are discretized using a strategy that
combines Euler and Crank–Nicolson schemes. Finally, a deep neural network model is employed
to simulate the solution of the BSDEs. The effectiveness of the proposed method is tested by two
numerical experiments, and the model shows high stability and accuracy in solving reflected PDEs of
up to 100 dimensions.

Keywords: neural network; reflected PDEs; high-dimensional problem; penalization method

1. Introduction

As a significant mathematical tool for characterizing singularities, the reflection theory
and reflected PDEs have a broad range of applications in various fields, including physics,
engineering, and finance. These applications encompass describing materials with memory
and heredity, determining system equilibrium points, and pricing financial assets. Solving
reflected PDEs can be considered as a Skorohod problem [1]. The reflection term in these
equations restricts the solution above an obstacle and represents the minimum external
force that prevents the solution from breaching the obstacle [2,3]. Since it is challenging
to find an explicit solution to reflected PDEs, the development of efficient numerical
algorithms is a crucial area of research.

There are many numerical methods for solving PDEs without reflection. For low-
dimensional PDEs, practical algorithms include the neural network-based method [4],
finite element method [5,6], finite difference method [7–9], Monte Carlo approximation
method [10,11], spectral Galerkin approximation method [12,13], and sparse grid approx-
imation method [14,15]. These methods have been proven effective and stable in a large
body of literature. However, when it comes to high-dimensional problems, these traditional
methods are often not applicable due to the ”dimensional curse” [16], which causes an expo-
nential increase in computational complexity and rapid reduction in stability and efficiency
as dimension increases. Although the Monte Carlo method can overcome the “dimensional
curse”, it can only approximate the solution of an isolated point in space. Recently, with the
development of deep learning technology, more and more deep learning-based numerical
methods have been developed for solving PDEs, successfully overcoming the “dimensional
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curse”. For linear high-dimensional PDEs, Beck et al. transformed the problem into a
stochastic control problem and designed a deep neural network-based calculator [17],
while Becker et al. used a multi-layer Picard iteration method [18]. For high-dimensional
nonlinear PDEs, advanced methods include the deep Galerkin method, deep splitting
approximation method, nonlinear Picard iteration method and deep BSDE method [19–24].
Artificial neural network-based algorithms have demonstrated impressive computational
capabilities in solving complex problems, including multi-parameter low-dimensional
problems and high-dimensional problems [25,26]. Despite the significant progress made
in solving high-dimensional PDEs, there remains a gap in research on the numerical so-
lution of high-dimensional reflected PDEs. To address reflected problems, Cagnetti et al.
utilized the adjoint method to examine the Hamilton–Jacobi equation obstacle problem [3],
and Côme et al. applied deep learning algorithms to solve nonlinear parabolic reflected
PDEs [4]. However, only the RDBDP algorithm based on deep neural networks proposed
by Côme et al. [4] can currently solve high-dimensional reflected PDEs with dimensions up
to 40. Other methods that have proven successful in solving high-dimensional PDEs are
not capable of handling corresponding reflected problems.

The aim of this study is to present a novel numerical algorithm, known as the Deep C-N
method, for solving high-dimensional parabolic reflected PDEs. Through the conversion of
the problem into reflected BSDEs and penalization method, the reflection term is effectively
incorporated into the numerical solution. The use of deep neural networks in the Deep C-N
method provides a flexible and powerful approach to tackle complex and high-dimensional
problems. This work builds upon previous research and expands upon the existing methods
for solving reflected PDEs. This method is an improvement over the traditional deep
neural network methods, which are used to solve PDEs and reflected PDEs. The key
contribution of this work lies in the following aspects: 1. By utilizing the penalization
method, the reflection term is approximated, rather than being directly simulated, as in
Côme et al. [4]. 2. In comparison to the Deep BSDE method proposed by E et al. [22],
Beck et al. [23], and Han et al. [24], the proposed Deep C-N method demonstrates a higher
approximation accuracy in solving high-dimensional PDEs without reflection. This is
evident from the numerical results obtained from the Allen–Cahn equation, which was
tested up to 400 dimensions. 3. The experiment of pricing American options confirms
that the Deep C-N method has the capability of solving reflection problems in higher
dimensions compared to the RDBDP method proposed by Come et al. [4]. The test was
conducted up to 100 dimensions.

The contents of this paper are structured as follows. Section 2 presents the formula-
tion of the reflected PDEs, followed by a demonstration of the conversion of the reflected
PDEs into BSDEs. Section 3 provides a comprehensive overview of the Deep C-N method,
including its operational procedures and numerical experiments, which demonstrate its
significant properties through the examination of high-dimensional Allen–Cahn and Amer-
ican option equations. Finally, Section 4 concludes the paper by summarizing the key
findings and outlining potential avenues for future research.

2. Approximating Schemes for Reflected PDEs

In this section, we propose a numerical algorithm named the Deep C-N method for
solving the obstacle problems for high-dimensional non-linear parabolic PDEs. Generally,
an obstacle problem for PDEs can be totally solved via three steps based on the above
method. In the first step, a connection will be built between as the solution for obstacle
problems for PDEs and that of the corresponding reflected BSDEs by the non-linear reflected
Feynman–Kac formula. As a result, the original problems for PDEs are converted to
problems for RBSDEs. In the second step, the problems for RBSDEs will be transformed
further. In this step, the issue about RBSDEs will be considered as an optimal stopping-time
problem via the penalty approach. Consequently, our goal is settling a stochastic control
problem. In the final step, the optimal stopping-time problem will be regarded as a deep
learning issue based on the neural network model. Specifically, the neural network model
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will act on the policy function Z, which represents the gradient of the solution for the
optimal stopping-time problem.

2.1. Nonlinear Parabolic Reflected PDEs

The PDEs with reflection can be presented by nonlinear parabolic PDEs with mini-
mum constraints. The so-called reflection term forces the solution of the equation to be
non-negative, and the reflected part is the minimum power that prevents the solution from
leaving the non-negative interval. That is, the reflected PDEs are essentially obstacle prob-
lems, and the solutions have only two states: located over the obstacle or on the obstacle. In
the beginning, we have some assumptions for the basic parameters and functions which are
involved in this problem. Let T ∈ (0, ∞), d ∈ N, f(t, x, y, z) is a given non-linear function
defined by f : [0, T]× Rd × R× Rd → R, g(x) is a given continuous function defined by
g : Rd → R. In this paper, we describe the continuous obstacle by function h(t, x), and the
reflected problems for PDEs can be presented by the following scheme:

min
{

u(t, x)− h(t, x),−∂u
∂t
−Ltu(t, x)− f(t, x, u(t, x), (∇uσ)(t, x))

}
= 0 (1)

where (t, x) ∈ (0, T)× Rd, Lt =
1
2 ∑d

i,j=1
(
σσ*(t, x)

)
i,j

∂2

∂xi∂xj
+ ∑d

i=1 bi(t, x) ∂
∂xi

.

The terminal value of the solution for Equation (1) satisfies u(T, x) = g(x), x ∈ Rd. For
Equation (1), there are three further hypotheses as follows:

Hypothesis 1 (H1). b : [0, T]× Rd → Rd , σ : [0, T]× Rd → Rd×d are both continuous func-
tions and satisfy:

‖b(t, x)− b(t, y)‖+ ‖σ(t, x)− σ(t, y)‖ ≤ C1‖x− y‖;

‖b(t, x)‖2 + ‖σ(t, x)‖2 ≤ C2
2

(
1 +

∥∥∥x2
∥∥∥).

Hypothesis 2 (H2). h : [0, T]× Rd → R is a continuous function related to parameters t and x.
Meanwhile, it satisfies:

h(t, x) ≤ C3

(
1 + |x|l

)
where h(t, x) ∈ [0, T]× Rd, l ∈ N+, h(T, x) ≤ g(x), x ∈ Rd.

Hypothesis 3 (H3). f : [0, T]× Rd × R× Rd → R is a continuous function, especially,

|f(t, x, 0, 0)| ≤ C
(

1 + |x|l
)

where l is a positive constant.∣∣f(t, x, y, z)− f
(
t, x, y′, z′

)∣∣ ≤ C4
(∣∣y− y′

∣∣+ ∣∣z− z′
∣∣)

where t ∈ [0, T], x, z, z′ ∈ Rd, y, y′ ∈ R.

Remarks. C((·)) > 0 are constants from (H1) to (H3).

Proposition 1. (Theorem 8.5, 8.6 in [2]) It has been proven that the solution u(t,x) for Equation (1)
is existing and unique. Furthermore, it is a function with up to polynomial growth.

2.2. From Reflected PDEs to Related Reflected BSDEs

In this subsection, we build a connection between the solution of reflected PDEs and
reflected BSDEs via the nonlinear reflected Feynman–Kac formula.
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Let (Ω,F ,P) be a given probability space, B : [t, T]×Ω→ Rd be a d-dimensional
standard Brownian motion in this space, F be a normal filtration set generated by B, and
continuous functions b(t, x) and σ(t, x) satisfy the hypothesis (H1) in Section 2.1. Now,
consider a stochastic process with d-dimensional, {Xs} : [t, T]×Ω→ Rd satisfies:

Xt = x +
∫ t

0
b(r, Xr)dr +

∫ t

0
σ(r, Xr)dBr (2)

From [1], under the assumptions (H1)–(H3), the reflected BSDE (3) has a unique
solution represented by a triple (Yt, Zt, Kt) [1].{

Yt = g(XT) +
∫ T

t f(r, Xr, Yr, Zr)dr + KT −Kt −
∫ T

t (Zr, dBr)∫ T
t (YS − h(s, Xs))dKs = 0, 0 ≤ t ≤ T

(3)

Moreover, the solution of Equation (3) satisfies the following three properties:
(C1) E

∫ T
t

(
bYsc2 + bZsc2

)
ds < ∞;

(C2) Yt ≥ h(t, Xt), 0 < t ≤ T;
(C3) {Kt} is continuous and increasing with K0 = 0.

Proposition 2. (Section 8 in [2]) Under the assumptions (H1)–(H3), a special relationship
between reflected PDEs and reflected BSDEs is established by a classic formula, namely, the
Feyman–Kac formula:

u(t, x) = Yt

(∇uσ)(t, x) = Zt

where 0 ≤ t ≤ T, x ∈ Rd, u(t, x) ∈ C
(
[0, T]× Rd

)
.

Consequently, from the above discussions, we transform the reflected problems for
PDEs to related reflected problems for BSDEs. That is, u(t, x) can be simulated by Yt. We
approximate the reflection term KT −Kt via the penalization method [2]:

KT −Kt = m
∫ T

t
(Yr − h(r, Xr))

−dr (4)

where 0 ≤ t ≤ T, m→ +∞ . Therefore, the reflected BSDE (3) can be approximated by the
following scheme:

Yt = g(XT) +
∫ T

t
f(Yr, Zr)dr+m

∫ T

t
(Yr − h(r, Xr))

−dr−
∫ T

t
(Zr, dBr) (5)

Obviously, Equation (5) is a general BSDE without any reflection. We use a binary
group (Ym

t , Zm
t ) to illustrate the solution of Equation (5). Then, Equation (1) can be solved

approximately by Equation (5). That is, the solution of reflected PDEs can be presented
effectively by the solution of related BSDEs. In this work, we simulate the gradient of the
solution u(t, x) via a deep neural network rather than solving ∇u(t, x) directly. The final
numerical approximations can be calculated by a series of explicit iteration formats. Details
of the whole process will be described in Section 3.

2.3. Discretizing via Two Approaches

From Proposition 2, the goal of approximating u(t, x) can be transformed into approxi-
mations for Yt. Since the problem we are interested in is the initial value of u(t, x), our goal
now is simulating Y0 by the deep learning algorithm based on the deep neural network.
To achieve this goal, we discretize Equations (2) and (5) in time dimension by the Euler
and C-N schemes, separately. Firstly, we show some general instructions about these two
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schemes: the time span is a finite interval from 0 to T, 0 = t0 < t1 < · · · < tN = T, with
N ∈ N+.

Xtn+1 − Xtn ≈ b(tn, Xtn)∆tn + σ(tn, Xtn)∆Bn (6)

Ktn+1 −Ktn ≈ m(Y(tn, Xtn)− h(tn, Xtn))
−∆tn (7)

Y
(
tn+1, Xtn+1

)
≈ Y(tn, Xtn)− f(tn, Xtn , Y(tn, Xtn), (∇uσ)(tn, Xtn))∆tn

−m(Y(tn, Xtn)− h(tn, Xtn))
−∆tn +

〈
(∇xuσ)(tn, Xtn), Btn+1 − Btn

〉 (8)

where ∆tn = tn+1 − tn, ∆Bn = Btn+1 − Btn

Xtn+1 ≈ Xtn +
1
2 (b(tn, Xtn) + b(tn+1, Xtn+1))∆tn

+ 1
2
(
σ(tn, Xtn) + σ

(
tn+1, Xtn+1

))
∆Bn

(9)

Ktn+1 −Ktn ≈
1
2

m
(
Y(tn, Xtn) + Y

(
tn+1, Xtn+1

)
− 2h(tn, Xtn)

)−∆tn (10)

Ytn+1 ≈ Ytn − 1
2
(
f(tn, Xtn , Ytn , Ztn) + f

(
tn+1, Xtn+1 , Ytn+1 , Ztn

))
∆tn

− 1
2 m
(
Y(tn, Xtn) + Y

(
tn+1, Xtn+1

)
− 2h(tn, Xtn)

)−∆tn
+
〈
(∇xuσ)(tn, Xtn), Btn+1 − Btn

〉 (11)

Since this discrete format is implicit, i.e., the value at the latter moment cannot be
described by a deterministic formula for the value at the previous moment, then next,
we perform a second iteration to obtain the explicit format at any time interval [tn, tn+1],
n = 0, 1, · · · , N− 1. Let s = 0, 1, 2, · · · , ε = 10−6, for any time interval [tn, tn+1], we have:

X0
tn ≤ X1

tn ≤ · · · ≤ Xs
tn ≤ · · · ≤ Xtn+1

K0
tn ≤ K1

tn ≤ . . . ≤ Ks
tn ≤ . . . ≤ Ktn+1

Y0
tn ≤ Y1

tn ≤ · · · ≤ Ys
tn ≤ · · · ≤ Ytn+1

when s = 0:
Xs

tn+1
= Xtn

Ys
tn+1

= Ytn

when s = 1, 2, · · · :
Xs

tn+1
≈ Xtn +

1
2 b(tn, Xtn)

(
Xtn + Xs−1

tn+1

)
∆tn

+ 1
2σ(tn, Xtn)

(
Xtn + Xs−1

tn+1

)
∆Bn

(12)

Ks
tn+1
−Ktn ≈

1
2

m
(

Y(tn, Xtn) + Y
(

ts−1
n+1, Xs−1

tn+1

)
− 2h(tn, Xtn)

)−
∆tn (13)

Ys
tn+1
≈ Ytn −

1
2

(
f(tn, Xtn , Ytn , Ztn) + f

(
ts−1
n+1, Xs−1

n+1, Ys−1
n+1, Zs−1

n+1

))
∆tn

−1
2

m
(

Y(tn, Xtn) + Y
(

ts−1
n+1, Xs−1

tn+1

)
− 2h(tn, Xtn)

)−
∆tn (14)

+
〈
(∇xuσ)(tn, Xtn), Btn+1 − Btn

〉
It should be noted that the condition for stopping the iteration is

∣∣∣Ys
tn+1
− Ys−1

tn+1

∣∣∣ < ε.
As a result, Ytn+1 = Ys

tn+1

3. Numerical Experiments

There are three subsections in this part. Firstly, we introduce a general numerical algo-
rithm for solving high-dimensional nonlinear reflected PDEs, then we illustrate the validity
and reliability of this method proposed by us with two examples in Sections 3.2 and 3.3.
We operate the equations from continuous time to separation time using the two discrete
formats mentioned above, respectively, and the comparison of the significant results will
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be described by means of tables. The numerical experiments we present are performed in
Python code using TensorFlow on a Lenovo Pro-13 with a Radeon microprocessor.

3.1. Deep C-N Algorithm for Solving High-Dimensional Nonlinear Reflected PDEs

In this subsection, we propose a general deep learning framework named the Deep
C-N algorithm to calculate high-dimensional nonlinear PDEs with reflection. The issue
we are interested in is the initial value of the solutions for Equation (1), i.e., u(0, x). From
what we have discussed above, with the intermediary roles of reflected BSDEs, a deter-
ministic relationship is established between the solutions for reflected PDEs and BSDEs.
That is: u(0, x) = Yt0 = Ym

t0
. In the whole process, the key step is approximating the gra-

dient term of the solution for reflected PDEs, i.e., (∇uσ)(tn, x), using multilayer feedback
deep neural networks. First of all, we define the definitions of some parameters in this
neural networks-based algorithm. Let ρ ∈ N denote the dimension of reflected PDEs,
θ ∈ Rρ is a set of parameters which need to be learned by neural networks,

(
Xθ

tn , Yθ
tn , Zθ

tn

)
,

and n ∈ {0, 1, · · · , N} is the solution for BSDEs at time tn. For convenience, we use(
Xθ

n , Yθ
n , Zθ

n

)
instead of

(
Xθ

tn , Yθ
tn , Zθ

tn

)
in the algorithm description. It should be noted that

Xθ
n , Yθ

n : {0, 1, · · · , N} ×Ω→ R, Zθ
n : Rρ ×Ω→ Rρ . Let YΘ represent Yθ

t0
, which is a part

of the initial value of the solution for BSDEs. Then, we have: Yθ
t0
≈ YΘ and,

Yθ
n+1 = Yθ

n − f
(

tn, Xn, Yθ
n , Zθ

n

)
∆tn −m

(
Yθ

n − h(tn, Xn)
)−

∆tn +
〈

Zθ
n , ∆Bn

〉
(15)

Further, the following relationships hold that:

u(tn, Xtn) = Ytn ≈ Yθ
n

(∇u)(tn, Xtn) = Ztn ≈ Zθ
n

u(0, Xt0) = Yt0 ≈ YΘ

The loss function is defined by the main square error between the terminal output
value calculated via the neural network and the real value at that moment. That is, the loss
value is given by

E
[∣∣∣Yθ

N − g(XN)
∣∣∣2]

The parameters in neural networks are updating until the loss function is stable. In
addition, the existence and uniqueness of the global minimum for Equation (15) is proven
by [6]. We choose the stochastic gradient descent (SGD) approach as the optimization
algorithm for calculating the loss value. In the back-propagation simulating process, the
Adam optimizer is employed to update the parameters layer by layer.

Next, based on the deep neural network technique, the general algorithm framework
for solving high-dimensional nonlinear PDEs with reflection is presented (see Figure 1). By
dividing the time interval [0, T] by N, a total of N− 1 sub-neural networks are computed
separately. Assuming that each sub-neural network has H hidden layers, all parameters
to be learned will be optimized in each hidden layer. In particular, the results of the
operations located in the hidden layer are batch normalized before they are passed through
the activation function to the next layer.
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The entire deep neural network-based algorithm consists of four types of operations:

1.
(
Xtn , Btn+1 , Btn

)
→ Xtn+1 (n = 1, 2, · · ·N − 1 and the same settings in 2 to 4) is a

forward iterative procedure, which is determined by approximating scheme (6); this
procedure does not contain any parameters that need to be optimized.

2. (Ktn , u(tn, Xtn), Xtn)→ Ktn+1 is a forward iterative procedure too, which is character-
ized by approximating scheme (7). As in the previous step, no parameters need to be
optimized in this operation.

3.
(
Xtn , u

(
tn−1, Xtn−1

))
→ h1

n → h2
n → (subnetworks) · · · → ∇u(tn, Xtn) is the key step

in the whole calculating procedure. Our goal in this step is approximating the spatial
gradients, and meanwhile, the weights θn are optimized in the (N − 1) sub-networks.

4.
(
u(tn, Xtn),∇u(tn, Xtn), Ktn+1 −Ktn , Btn+1 − Btn

)
→ u

(
tn+1, Xtn+1

)
is a forward itera-

tion procedure that yields the neural network’s final output as the unique approxima-
tion of u(T, XT), totally characterized by approximating scheme (14).

3.2. Allen–Cahn Equation

In this subsection, we consider the solution of PDEs without any boundary. For
comparing the results with the Deep BSDE [22] approach, we choose the Allen–Cahn
equation as our experimental case. The significant results are presented by figures and
tables. The parameters and format of Allen–Cahn equations are as follows:

∀t ∈ [0, T], x,ω ∈ Rd, y ∈ R, z ∈ R1×d, suppose that d = 100, N = 20, T = 0.3,
µ(t, x) = 0, σ(t, x) =

√
2ω, Xt = x +

√
2ω, f(t, x, y, z) = y− y3 is the nonlinear part of

the equation, g(x) =
[
2 + 2

5‖x‖
2
Rd

]−1
is the value function of the solution at the terminal

moment. u(t, x) satisfies:

∂u
∂t

(t, x) + u(t, x)− [u(t, x)]3 + (∆u)(t, x) = 0, u(T, x) = g(x) (16)

Regarding the settings of the neural network, for comparison with the numerical
results in [22], the hyperparameters and the selection of the optimization method are kept
the same strategy as that in [22–24], except for the change in the discrete format and the
input information of the neural network. The Relu function is chosen as the activation
function, r = 5× 10−4 is the learning rate, and the optimization method uses the Adam
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optimizer and batch normalization, with a total of N− 1 subneural networks for stacking,
each containing two hidden layers and each hidden layer contains d + 10 neurons.

The numerical results of Equation (16) are illustrated by two tables. Specifically, the
results calculated by the Deep BSDE method are described in Table 1, and the results
calculated by the Deep C-N method are described in Table 2. When solving Equation (16)
using the Deep C-N algorithm, we tried appropriate values of iteration steps repeatedly in
the interval [2000, 15,000], and found that 10,000 is a suitable number. Too-small values will
make the loss value unstable, and too-large values will encounter an overfitting problem.
The numerical experiment results shown in the table are based on the mean values of five
independent tests. The true value of Equation (16) is 0.052802, which is derived from the
Branching diffusion algorithm in [22].

Table 1. The numerical results of Deep BSDE algorithm.

Number of
Iteration

Step
Mean of Y0

Standard
Deviation of Y0

Relative
L1-Approximate

Error

Relative
L1-Approximate Error

Associated with Y0

Mean Value
of Loss

Function

Standard
Deviation of

Loss Function

0 0.4740 0.0514 7.9775 0.9734 0.11630 0.02953
1000 0.1446 0.0340 1.7384 0.6436 0.00550 0.00344
2000 0.0598 0.0058 0.1318 0.1103 0.00029 0.00006
3000 0.0530 0.0002 0.0050 0.0041 0.00023 0.00001
4000 0.0528 0.0002 0.0030 0.0022 0.00020 0.00001

Table 2. The numerical results of Deep C-N algorithm.

Number of
Iteration

Step
Mean of Y0

Standard
Deviation of Y0

Relative
L1-Approximate

Error

Relative
L1-Approximate Error

Associated with Y0

Mean Value
of Loss

Function

Standard
Deviation of

Loss Function

0 0.5021 0.0791 0.2979 0.449313 0.137191 0.043493
2000 0.0659 0.0083 0.0131 0.011521 0.000407 0.000142
4000 0.0569 0.0021 0.0002 0.000040 0.000201 0.000027
6000 0.0531 0.0002 0.0002 0.000013 0.000118 0.000240
8000 0.0529 0.0002 0.0002 0.000156 0.000055 0.000012

10,000 0.0528 0.0001 0.0001 0.000117 0.000030 0.000010

The two tables above illustrate that the numerical results of the Deep C-N algorithm are
better than the Deep BSDE algorithm. The most significant aspect is that the computational
accuracy of the Deep C-N algorithm is better than that of the Deep BSDE algorithm. This is
demonstrated by the fact that the loss value of the Deep BSDE algorithm is approaching
2× 10−4, while the value of the Deep C-N algorithm is approaching 3× 10−5, which means
that the accuracy is improved by nearly an order of magnitude. In other aspects, the
standard deviation of Y0 of the Deep C-N method is smaller than the Deep BSDE method,
which demonstrates that the approximating stability of the Deep C-N method is superior to
the Deep BSDE method. In addition, the smaller relative L1-approximate error, to a certain
extent, reflects the strengths of the model.

We now discuss the stability and accuracy of these two numerical models via eight
equations with 50 to 400 dimensions. In Figures 2 and 3, it can be clearly seen that the
numerical results of the Deep C-N algorithm are more compact. In particular, the loss func-
tion curves of the Deep C-N algorithm are close to overlapping when the dimensionality is
greater than 100, while the Deep BSDE algorithm shows a larger difference. This indicates
that the Deep C-N model has better stability than the Deep BSDE model when dealing
with high-dimensional problems. Regarding the approximation accuracy of the model,
Table 3 shows that in tests for different dimensions, the loss values of the Deep C-N model
are smaller than the corresponding results of the Deep BSDE model. This indicates that
the computational accuracy of the Deep C-N algorithm is higher in the interval of 50 to
400 dimensions.
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Table 3. Convergence levels of loss function of the two methods in different dimensions.

Dimensions 50 100 150 200 250 300 350 400

Deep BSDE 3.415 × 10−4 1.886 × 10−4 1.44 × 10−4 1.029 × 10−4 9.973 × 10−5 5.330 × 10−5 7.789 × 10−5 5.774 × 10−5
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3.3. American Options

In this subsection, we consider the solution of reflected PDEs with continuous bound-
ary. We select the case of pricing American options in order to make a comparison with the
test results in [4]. The significant results are presented as well. The parameters and format
of the American options are as follows:

∀t ∈ [0, T], x,ω ∈ Rd, y ∈ R, z ∈ R1×d, to be consistent with [4], suppose that d = 5,
10,20,40 , N = 20, T = 1, K = 1, r = 0.05, is the risk-free interest rate, σ(t, x) = 0.2,
dXt = µ(t, x)Xtdt + σ(t, x)XtdWt, where Wt is a d-dimension Brownian motion with d
dimensions, g(x) =

(
K−∏d

i=1 Xi
t

)
+

is the payoff of option. At time t, the value of an

American option u(t, x) satisfies:

u(t, x) = supτ∈Tt,T
E
[
e−rτ g(Xτ)

]
where Tt,T is defined as the set of stopping times; it is also a solution to the PDEs following
with a boundary {

min[−∂tu−Lu, u− g] = 0, on[0, T)× (0, ∞)d

u(T, .) = g, on(0, ∞)d (17)
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where Lu(t, x) = 1
2 ∑d

i=1 σ
2
i x2

i D2
xi

u(t, x) + r∑d
i=1 xiDxi u(t, x)− ru(t, x)

Now we display the numerical results for pricing American options by three models:
The results in Table 4 show that both the Deep C-N method and the RDBDP method

have great approximation accuracy up to 40 dimensions, while the Deep BSDE method has
exploding loss values or eventually leads to the wrong results. Therefore, it is concluded
that both the Deep C-N method and the RDBDP method have excellent performance when
dealing with reflected PDE problems up to 40 dimensions, while the Deep BSDE method
cannot solve the high-dimensional reflected PDE problems.

Table 4. Numerical solutions for 3 models.

Models Dimensions Value Reference Relative Error

Deep C-N 5 0.10720 0.10738 0.17%
RDBDP 5 0.10657 0.10738 0.75%

Deep BSDE 5 NC 0.10738 NC
Deep C-N 10 0.12687 0.12996 2.38%

RDBDP 10 0.12829 0.12996 1.29%
Deep BSDE 10 NC 0.12996 NC
Deep C-N 20 0.15140 0.15100 0.27%

RDBDP 20 0.14430 0.15100 4.38%
Deep BSDE 20 NC 0.15100 NC
Deep C-N 40 0.16213 0.16800 3.49%

RDBDP 40 0.16167 0.16800 3.77%
Deep BSDE 40 NC 0.16800 NC

It has been proved in [4] that the RDBDP algorithm has an obvious limitation when
solving PDEs with reflection over 40 dimensions. Next, we demonstrate through Figure 4
that the Deep C-N method still has great stability when dealing with reflected PDE problems
with more than 40 dimensions.
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4. Discussion and Conclusions

In this paper, we proposed a deep learning-based numerical algorithm (named the
Deep C-N method) for solving high-dimensional nonlinear reflected PDEs. Through
numerical experiments, we found that the Deep C-N method has great approximating
accuracy and computational stability in solving reflected PDEs of up to 100 dimensions.
To obtain this result, we created a hybrid discrete format to solve some specific reflection
problems. Compared with a single format, we found that this hybrid discretization strategy
effectively overcomes the problem of loss function explosion or computational paralysis
during the neural network computation. In addition, we used the penalization method
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to approximate the reflection terms instead of simulating them directly with numerical
algorithms. The results show that the relative errors of the Deep C-N method are all
below 4% when solving up to 40-dimensional reflected PDEs. As the dimension of the
equation increases, the value of the neural network loss function shows an increasing trend,
and the value of the neural network loss function stabilizes between 0.04 and 0.06 when
the dimension rises to 100 dimensions. The Deep C-N method encountered challenges
when trying to solve the reflection PDE above 100 dimensions. The first challenge is the
computation time rising significantly with the increase in dimensions. The second is the
computational accuracy decreasing as the dimensions increase. We support that these
two problems are the most common difficulties encountered when dealing with high-
dimensional issues, and we can say that the key to developing numerical algorithms for
high-dimensional problems is to overcome these two problems.

The method proposed in this paper contributes in two ways. First, in solving high-
dimensional reflection PDEs, one of the successful deep learning algorithms is the RDBDP
algorithm proposed by Huré et al. [4], which can solve up to 40-dimensional reflected PDEs.
The method proposed in this paper successfully extends the dimensions of the equation
up to 100 dimensions. Second, in solving high-dimensional PDEs without reflection terms,
the method proposed in this paper possesses higher approximating accuracy compared
with the Deep BSDE methods proposed by Han et al. [22], Beck et al. [23], and Han
et al. [24]. Therefore, the Deep C-N method proposed in this paper can be used to solve
both reflected PDEs of up to 100 dimensions and high-dimensional nonlinear PDEs (tested
up to 400 dimensions).

Since the discrete strategy we use has more steps, this inevitably leads to an increase
in training difficulty and computational cost. One of the most direct evidence is that when
approximating the 100-dimensional Allen–Cahn equation, the results can be converged in
426 s with 4000 training sessions using the Deep BSDE method, while with the Deep C-N
method proposed in this paper, 10,000 training sessions are required to make the results
converge in 3508 s (the exact running time varies with the machine).
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