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Abstract

The numerical simulation of nonlocal Allen-Cahn equations has been widely applied in practical
applications. However, developing an efficient numerical method that adheres to physical laws re-
mains a significant challenge. Recently, the use of neural networks to solve partial differential equa-
tions has demonstrated great potential. Inspired by these studies, we propose incorporating an aux-
iliary variable into the Evolutionary Deep Neural Network (EDNN) framework to preserve the
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fundamental physical properties of partial differential equations. This approach ensures that the
discrete numerical scheme possesses an unconditionally energy dissipation property, thereby
framing the problem as a minimization task. To validate the accuracy and efficiency of our modified
EDNN, we conducted numerical simulations of the nonlocal Allen-Cahn equation.
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gt—u=—52£u+f (u), (2)
ol B (u) = f (u), ERHET —C 95 LA
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R K B E T X E. IEEtE. B SR
AE R E HREZ PR N
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2.2. Evolutionary Deep Neural Network
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Figure 1. (a)~(d) is the solution obtained by the EDNN; (e)~(h) is the solution obtained by the energy dissipation EDNN;
(i)~(1) represents the benchmark solution
[E 1. (a)~(d) 2i&iZ EDNN R1GHIME; (e)~(h) RRILEESFERE EDNN RIGHME; (I)~()RmEER

KHMEGEH SESAV T gt SRR N EnE, PIMINERSRIRIMRIR Z R IR 1A 2. R 1L TW
FOT AL T IR Z(MSE) fRAR RO USSR, WAE 1, SREMEMRAELE, e %ﬁﬁ&iﬂ EDNN 7EAH R [a)25 K

A E RS N R 77 R ZE 8 B35 CT EDNN TPk iR 2s, RO 7 iR it 151 2 dE— 2B oR 1wk
TRz, AEIR AT DS S, feR G EDNN (iRZH /. 45678 1A 2 iS5 RATA,

DOI: 10.12677/aam.2025.141008 59 I Bl


https://doi.org/10.12677/aam.2025.141008

Pl

Table 1. Error comparison for different methods
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Figure 2. (a)~(d) are the errors between the EDNN and the benchmark; (e)~(h) are the errors between the energy dissipation
EDNN and the benchmark
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Figure 3. The energy of simulated solutions computed by the EDNN and energy dissipation EDNN methods
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