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Abstract

Physics-Informed Neural Networks (PINNs) have emerged as a promising paradigm for solving par-
tial differential equations by integrating physical laws into deep learning. However, standard PINNs
using multi-layer perceptrons suffer from spectral bias, making it difficult to capture high-frequency
features. This paper proposes a Compactly Supported Physics-Informed Neural Network (CSPINN)
based on Wendland’s compactly supported radial basis functions. By treating support radii and cen-
ter locations as learnable parameters, CSPINN adaptively adjusts the local receptive fields during
training. A uniform initialization strategy is proposed to enhance robustness. The support radii of
each center point are initialized as random values that are uniformly distributed within the charac-
teristic scale range of the computational domain. Numerical experiments on various PDEs demon-
strate the effectiveness and accuracy advantages of CSPINN.
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Figure 1. Comparison of RBF Functions
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Figure 2. The CSPINN architecture
[ 2. CSPINN 445

3.3. SRR

PREE N 28 (I SRR AE R KR FE 2 WA SRS 52 . %) T CSPINN [ =K2%8, ASCRHLLTE
WG T %

(1) A BERIG

HG S E ¢ WIIRACRTHEIE Q IR ST 0 ATBENL AL, X PTG A TRAIE 1 2k bR B0 /e TH BN 1351 5]
B
(2) BUE REIEEN
BUE ZE w R Xavier ¥I5011610
(3) RV —3 5 a L
SCHEE ARG/ CSPINN J7 VAR S G HT 55 . A£ 88 CS-RBF J7 25l 5 AT i AR n] jURS 00 ik
PCHER, X — R RN BB = B iE k. AR SCIR I SIWIAa R EE , R &0 U SO R R A A
THEIURRAE ROBE Y TR N 1R 350 50 23 A Bt A LA -

DOI: 10.12677/aam.2026.153120 483 I3RS


https://doi.org/10.12677/aam.2026.153120

FHR %

8, ~ U(Sin>Omax )+ Ormin = 0.1L, 8, =1.0L, (16)

X E LTSRS AR R (i K s AR TE) o ST IG A S (A% O AR N I 28 SR (I 2 1
IV IR B S, 1A R s B A AR IR e, S RSB R 2 MU .. X
ZREMEN G SRR LSRR T B AR R (]

BRI R S B Z M, AFE TR e e B S AR, i T BRI S TR 2R
MIRIGATC R, 350 1 X2 AN [F) ROBEARFAE RIS L RE 0 8k YN Gkt DL 3@ o b 1 2 3138 A HL Ak ) 1 11 52
B0
4. YEHER

AT PN B ik o 7 RR LB, A ST TR S R ) g B HEAT IS UEAN PE A . O T R DR IS I
PERE, ¥ CSPINN /732 54548 CSBRF ${fi /7% PINN BHAT 7 %F L2047 . BT SEE6 4% F Py Torch 2.0 V&
JE2E SIHEZRSRI[10]. NIRUESLER T A PE, W4 R Adam TRAGER[11], FTA BENLFNFYRE N 42,
FERIGSHR B L 1

Table 1. Experimental parameter settings
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Table 2. The relative L2 error of different methods for solving the Diffusion equation
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Figure 3. The distribution of the average absolute error of the PINN and CSPINN networks along
the time axis
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Figure 4. Initial and trained distribution of RBF centers with adaptive support radii
4.RBF bR 5 BEN EF RNVHBFIILE 26
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AATH G Yk Poisson AR, 1ZJ7 R T ROARF AL RO ARG ) 5 (0 R 1 S B
R, RATIHUE T AR 2 A F R 53 77 T 22 O ) . 2 ) R R I B AR i Ay B, BAE
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Table 3. The relative L2 error of different methods for solving the Poisson equation
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Figure 5. Initial and trained distribution of RBF centers with adaptive support radii
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Table 4. The relative L2 error of different methods for solving the Burgers equation
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Figure 6. The analytical solution of the equation and the absolute error distribution of the PINN and CSPINN networks
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