Advances in Applied Mathematics 2 %% /%, 2025, 14(10), 189-198 Hans )
Published Online October 2025 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.1410431

ETLMEER % RE#EZ R 45K R H(E 7w
L5

£4) fat?
WKeyb TR S g0, Wi Kb
2RYPH TR TR HC AR S il e 4 SN SEI0 =, i Kb

Wk HiH: 20254E9H11H; FHHM: 20254F10A4H; KA HM: 2025410/ 13H

H E

IEJVERISR, FIFRESE T ERIR S TR G R T T —RENFR . £XNA T —FhEET oo
fILevenberg-Marquardt (LM 52 REEMZRISE, %77 270 R AR R 57 1 1A 25 i k5 5 05 T 2
ANHAMBHE S SCEET BN EMEERRITE I E, FFEAAROBERBOETX T, EidJL
AN EEPNAAHN F ISR, PURIEMHE R BUR K AARER .

e A

ZREMZMNE, LMEL, HE F S

Solving Elliptic Interface Problems Using a
Multi-Scale Neural Network Based on the LM
Algorithm

Zhaoyang Sul:2

1School of Mathematics and Statistics, Changsha University of Science and Technology, Changsha Hunan
2Hunan Provincial Key Laboratory of Mathematical Modeling and Analysis in Engineering, Changsha University
of Science and Technology, Changsha Hunan

Received: September 11, 2025; accepted: October 4, 2025; published: October 13, 2025

Abstract

In recent years, the application of deep learning methods to solve partial differential equations has
garnered significant attention and research. This paper introduces a multi-scale neural network
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based on an improved Levenberg-Marquardt (LM) optimization method, which demonstrates re-
markable potential in achieving high accuracy for solving elliptic interface problems. The paper ad-
dresses boundary problems within a single neural network framework, comparing different activa-
tion functions. Numerical experiments involving both regular and irregular boundaries validate the
neural network’s performance and related theoretical foundations.
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Figure 1. Multi-scale neural network architecture diagram
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Figure 2. Circular interface diagram
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Table 3. Three-dimensional ellipsoid interface error
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Figure 4. Cross-section of a three-dimensional ellipsoid interface
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