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Abstract

Physics-Informed Neural Networks (PINN) is a novel data-driven numerical framework for solving
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partial differential equations. Since this type of technique does not require meshing, it consumes
fewer computer resources and is more scalable for high-dimensional issues. Traditional neural
network technology, on the other hand, relies on a high number of training points and depends on
automatic differentiation, which makes it easy to produce gradient expansion or gradient disap-
pearance and prevents direct solution on non-rectangular areas. In order to avoid the require-
ment for many training points and to prevent gradient explosion or gradient disappearance, this
paper uses numerical differentiation rather than automatic differentiation to briefly explain the
fundamental concepts of Physics-Informed Neural Networks. In order for the divided subregion to
be directly solved using PINN, the non-rectangular area is simultaneously divided using the do-
main decomposition idea. Finally, a calculation scenario is utilized to confirm the viability of the
method. The outcomes demonstrate the ability of the numerically differentiated, Physics-Informed
Neural Networks to address issues in non-rectangular locations.

Keywords

PINN, Numerical Differentiation, Domain Decomposition

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

TEM LA ) BRI POD R e 2 A, TR U R FH B #0A% e i P B R, I e Ak g K
043 1) FBLER LA #5777 F2 (Partial Differential Equation, PDE) ) JF 2 21 H B iR « B 432 R Ay B 700 ] 94T
RERETIN, A 2% (10375 Bk 23 7 F2 10 A i e DLE s R OR o AR GRS SRAA 7 VELE i 4 B (R 1
N, VEARIAE R AT T RS R, TR EE S ) U R R VR AME GeBUE T SRR R 4 7 FR 5k
RARFA[L]. BRIk, TEFRIR R TR T RR R o o A vt H o ORS 1 ) 28 1T B 2 2 I o 7 R UL A v
Xof PR B A R B e TE SRS P AT F R

i 7 75 e B BB SR AR T

-

| R B TRRFE ]
i i

ARyt HRED
REHEFYELAR | GERHHE G SR | D BEE R LR

1
I
|
1
|
I
|
1
I
1
\ \
N N

Figure 1. Three numerical methods for solving partial differential equations
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Figure 2. Schematic diagram of the central difference format of the second and
third derivatives
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Figure 4. Solution of PINN based on numerical differentiation
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Figure 5. Comparison of solution on €
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Table 1. Display of data sampling of PINN’s solution
F 1 YRR R AN KBERBIERFR R

0.080 0.160 0.240 0319 0399 0479 0559 0.639 0.719 0.798 0.878 0.958

0 0.174 0.142 0.115 0.093 0.075 0.060 0.049 0.039 0.031 0.025 0.020 0.016

0.15 0.253 0.208 0.170 0.138 0.112 0.090 0.073 0.059 0.047 0.038 0.030 0.024

0.30 0360 0299 0.247 0.203 0.165 0.134 0.109 0.088 0.071 0.057 0.046 0.037

045 049 0420 0352 0.293 0.241 0198 0.161 0.131 0.106 0.085 0.069 0.055

0.60 0.655 0568 0.487 0412 0344 028 0235 0.193 0.157 0.127 0.103 0.083

0.75 0814 0730 0.644 0558 0477 0403 0337 0279 0229 0.188 0.153 0.124

090 0.940 0879 0.803 0.720 0.633 0548 0467 0394 0329 0.272 0.224 0.183

1.05 0998 0977 0933 0870 0.793 0.709 0.622 0537 0458 0.385 0.321 0.265

1.20 0970 0.996 0.997 0973 0926 0861 0.783 0.698 0.611 0.527 0.448 0.377

135 0864 0929 0975 0998 0995 0968 0919 0.852 0.773 0.687 0.601 0.517

x 150 0.712 0.797 0.873 0936 0979 0.998 0993 0963 0911 0.843 0.763 0.677

165 0551 0.636 0723 0.807 0.882 0.942 0982 0999 0991 0.958 0.904 0.833

180 0405 0480 0561 0647 0.734 0816 0.890 0948 0.985 0.999 0.988 0.952

195 0.287 0.346 0414 0490 0572 0658 0.744 0826 0.897 0.953 0.988 0.999

210 0198 0242 0.294 0354 0423 0499 0582 0.668 0.754 0.835 0.905 0.958

225 0135 0166 0204 0.249 0301 0.363 0432 0509 0592 0679 0.764 0.844

240 0.090 0.112 0.138 0.170 0.209 0.255 0.308 0.371 0441 0519 0.603 0.689

254 0.060 0.074 0093 0115 0142 0175 0214 0261 0316 0.379 0.450 0.529

269 0.040 0.049 0.061 0.077 0.095 0.118 0.146 0.180 0.220 0.267 0.323 0.387

2.84 0026 0.032 0.040 0.051 0.063 0.079 0.098 0.122 0.150 0.184 0.225 0.274

299 0.016 0021 0.026 0.033 0.042 0.052 0066 0.082 0.101 0.125 0.154 0.189
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Table 2. Display of data sampling of PINN’s solution
= 2. YR ERHENMEKBRERBERERR

1.038 1.118 1198 1.277 1357 1437 1517 1597 1677 1756 1836 1.916 1.996

0 0.013 0.010 0.008 0.006 0.005 0.004 0.003 0.002 0.002 0.002 0.001 0.001 0.001
0.15 0.019 0.015 0.012 0.010 0.008 0.006 0.005 0.004 0.003 0.002 0.002 0.002 0.001
0.30 0.029 0.024 0.019 0.015 0.012 0.010 0.008 0.006 0.005 0.004 0.003 0.002 0.002
045 0.044 0.036 0.029 0.023 0.018 0.015 0.012 0.009 0.007 0.006 0.004 0.003 0.003
0.60 0.067 0.054 0.043 0.035 0.028 0.022 0.018 0.014 0.011 0.009 0.007 0.005 0.004
0.75 0.100 0.081 0.065 0.052 0.042 0.034 0.027 0.022 0.017 0.014 0.011 0.008 0.006
090 0.148 0.120 0.097 0.078 0.063 0.051 0.041 0.033 0.026 0.021 0.016 0.013 0.010
1.05 0.218 0.178 0.144 0.117 0.094 0.076 0.061 0.049 0.039 0.031 0.025 0.020 0.016
120 0314 0.259 0.212 0.173 0.141 0.114 0.092 0.074 0.060 0.048 0.038 0.031 0.024

135 0439 0369 0.306 0.253 0.207 0.169 0.137 0.111 0.090 0.072 0.058 0.047 0.037
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