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Abstract: The magnitude difference between the loss functions of physical-informed neural networks ( PINN)
leads to a slow convergence of the training process and sometimes even training failure in some regions. To ad-
dress this challenge, a physical-informed neural network model incorporating residual splitting and weight self-
adaptation was proposed. The method improves the convergence of PINN by splitting the residual terms of PDE
dominating the training process of PINN, into multiple independent components according to the domain de-
composition, and adopts a self-adaptive weighting strategy to automatically adjust the weights among the com-
ponents, thus promoting the convergence of PINN. This method makes up for the defects of the global residual
strategy ignoring and smoothing out the local features, and increases the attention to the local features by split-

ting the subterms, which improves the efficiency of the optimization process, and thus enhances the solution
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accuracy. Through numerical experiments, the results show that, the proposed method not only surpasses the

existing models in terms of accuracy, but also achieves an improvement of 2-3 orders of magnitude with superi-
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Fig. 1 The situation expressed by each region after regional division
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Table 1 Errors and training times at different frequencies for example 1
method w subdomain €oss e, e, training time/s

15 - 6.92E-2 7.64E-2 8.14E-2 190.63

PINN 20 - 7.40E-1 3.00E-1 1.86E-1 189.02
25 - 3.26 8.75E-1 8.13E-1 195.78

15 - 1.58E-2 1.55E-2 1.57E-2 180.67

IbPINN 20 - 9.34E-3 1.82E-2 1.83E-2 199.56
25 - 2.63E-2 9.41E-2 5.20E-2 210.10
15 - 6.12 3.76 1.78 1 554.46
SAPINN 20 - 2.85E-1 4.20 2.89 1 .499.22
25 - 6.84E-2 6.59E-1 2.10E-1 1514.71

15 (3,1) 7.34E-17 8.03E-4 7.84E-4 196.52

our approach 20 (3,1) 2.49E-6 1.20E-3 8.41E-4 180.71
25 (3,1) 1.17E-5 3.45E-3 2.29E-3 196.85
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Table 2 Errors of different residual splitting strategies

method w subdomain €loss e, e, training time/s
(1,1) 1.57E-4 3.59E-2 2.02E-2 202.11
(3,1) 1.17E-5 3.45E-3 2.29E-3 196.85
our approach 25 (5,1) 8.84E-5 4.87E-3 5.34E-3 212.77
(3,2) 1.07E-4 3.55E-3 1.19E-3 199.49
(3,3) 4.72E-4 2.10E-2 1.90E-2 217.94

Bl 3 JBR TIEMR o =25 GO T, AN D7 Ik 4 2 sR B0 S 26, 7] LAE AR SO B e 2 R R
2577 11 35U T M = b ik AN SO S5 S T ELE = B B I S A v Y S B N I8 B A
BT ER S RE. B 4 JRR T 1 7E o =25 W, PURNAS Ry 325 (0 S0 g A e Ki5e 22, 7T LUE Y PINN 5
SAPINN FER kG B 5 WA 2 | R fige 55 A A A 22 (B A9 158 22 B R AR ST 2 L TbPINN ZR30 H 5 R L
(R RE , AN R T S0 0 A e, S MR T AT A R I N R

BHI2 R TR B R LR RN 1+1 dEIEZME KdV e .

w, + 6un, +u,_ =0, (x,t) e (-30,30) x (0,30), (16)
AT A
u(x,t)=;)\sechz[;ﬁ(x—)\t+xo)j, (17)

L, A > 0B, vy MEEFH (X H x, =0), sech® F/RN— DI TP BAEER S B HIR R
AR AEBF Y G At R FH I 2 Sl T AR VI R R s, s R AR A A5 1 BE B 600 AR AR AL, DX sl P 4% 2 16 B
11 250 AREE AL B 2R 4.



662 A < G SR | B R 2026 4 47 &

— PINN
4 — 1bPINN
10 1 — SAPINN
— our approach
10
0
210
10
10

0 20000 40000 60000
iteration steps
B3 N[5k ol st 2

Fig. 3 Loss function convergence curves for different methods
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Fig. 4 Predicted solutions and error distributions for 4 different methods
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Table 3 Comparison of errors and times of 4 methods under different wave speeds

method A subdomain €loss e, e, training time/s
0.2 - 2.07E-8 3.78E-2 5.81E-3 109.72
PINN 0.4 - 1.12E-6 3.90E-1 1.14E-1 111.06
0.6 - 2.25E-8 5.34E-2 3.20E-2 114.39
0.2 - 1.20E-11 3.01E-2 4.08E-3 117.08
IbPINN 0.4 - 2.19E-11 5.35E-2 2.04E-2 123.77
0.6 - 6.66E-11 2.72E-1 1.36E-1 146.07
0.2 - 9.39E-6 1.80E-2 3.37E-3 981.95
SAPINN 0.4 - 1.60E-6 8.82E-3 2.76E-3 962.94
0.6 - 1.02E-5 8.93E-1 2.96E-1 1019.10
0.2 (5,1) 5.74E-16 1.52E-5 1.54E-6 103.90
our approach 0.4 (5,1) 1.34E-13 9.01E-5 2.94E-5 101.15
0.6 (5,1) 8.18E-14 9.10E-5 4.28E-5 103.82
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Fig. 5 Convergence curves of loss functions for different methods
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Fig. 6 Predicted solutions and error distributions for 4 different methods
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Table 4  Various errors vs. training times for the 4 methods at different diffusion rates

method A subdomain €loss e, [ training time/'s
8 - 3.78E-5 1.02E-2 1.86E-2 109.72
PINN 10 - 9.84E-3 7.80E-2 1.38E-1 111.06
12 - 1.63E-3 3.11E-2 5.27E-2 114.39
8 - 7.39E-3 1.12E-2 2.22E-2 117.08
IbPINN 10 - 1.76E-3 4.61E-2 8.38E-2 123.77
12 - 5.50E-3 1.16E-1 1.83E-1 146.07
8 - 4.51E-1 1.36 1.99 778.91
SAPINN 10 - 4.51E-1 1.36 1.99 773.56
12 - 4.51E-1 1.36 1.99 775.83
8 (2,2) 4.67E-10 7.715E-4 1.61E-3 103.90
our approach 10 (2,2) 9.29E-9 3.76E-3 5.50E-3 101.15
12 (2,2) 5.09E-10 9.31E-4 1.58E-3 103.82
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Fig. 7 Error convergence curves of the loss functions for different methods
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Fig. 8 Predicted solutions and error distributions for the 4 methods
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Table 5 Comparison of different splitting strategies’ errors in different time domain

T=1s T=2s
method
subdomain e, [ training time/s  subdomain e, e, training time/s
PINN - 7.92E-4 8.24E-3 223.56 - 6.92E-4 3.49E-3 205.89
IbPINN - 6.54E-4 6.85E-3 210.66 - 5.86E-4 3.79E-3 189.19
1 0.67E-5 9.66E-4 198.67 1 9.18E-4 1.10E-3 188.98
2 8.86E-6 7.29E-5 158.82 2 8.64E-5 5.44E-4 191.56
our approach
4 1.15E-5 1.38E-4 165.73 4 8.18E-6 4.44E-5 229.71
8 1.23E-5 6.60E-5 248.29 8 1.22E-5 8.09E-5 252.92
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Fig. 9 Comparison of prediction errors of solution u(x, y, 0, 2) under different regional division strategies
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