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Abstract: Physics-informed neural networks (PINNs) encode prior physical knowledge into neural networks,
alleviating the need for extensive data volume within the network. However, for long-term problems involving
time-dependent partial differential equations, the traditional PINN exhibits poor stability and struggles to obtain
effective solutions. To address this challenge, a novel physics-informed neural network based on curriculum
learning and transfer learning ( CTL-PINN) was introduced. The main idea of this method is to transform the

problem of long-term course simulation into multiple short-term course simulation problems within this time do-
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main. Under the concept of curriculum learning, and step by step from simpleness to difficulty, the scope of the
time domain to be solved was gradually expanded by training the PINN within small time quanta. Furthermore,

the transfer learning method was adopted to transfer across the time domain based on the curriculum learning,

0 5l

.

1213
and the PINN was gradually employed for solution, thus to achieve long-term simulation of convection-diffusion

behaviors on curved surfaces. The CTL-PINN was combined with the extrinsic surface operator processing tech-
nology to simulate long-term convection-diffusion behaviors on complex surfaces, and the effectiveness and ro-

bustness of the improved physics-informed neural network were verified through multiple numerical examples.
surface; long-term evolution
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Table 1  Errors L, under different neural network structures

10 neurons 30 neurons 50 neurons
8 layers 2.76x10™ 2.32x107* 2.86x107*
13 layers 7.53x107* 2.85x107* 3.58x107*
15 layers 6.43%x107* 5.15%107* 3.24x107*
17 layers 4.33x1073 3.48x107* 6.71x107*
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Fig. 4 The errors of the CTL-PINN and the PINN changing

Fig. 3 Training results with different time steps
with the time domain
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Fig. 5 Convergence curves of loss functions for the 1st 8 steps of the CTL-PINN
F2 DK 10 s TR L, 422
Table 2 Errors L, of the transfer learning with a step size of 10 s
time domain T /s [0,80] [10,90] [20,100] [30,110] [40,120]
L, 7.01x1073 7.61x107 9.67x107? 1.18x1072 1.05x1072
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Fig. 7 The errors changing over time domain [ 0,¢] with different numbers of extra supervised learning points
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XY WAT AHATIRGE , R AR 8O (28) , Hrf g(u) =v’ I H a =1,y =0,c = 0, #EHHMFEI u = sin(x
+y+2z)ePsin(3r) + 1, WWAAZ BRI RELT .
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Fig. 8 The exact and predicted values under different numbers of extra supervised learning points
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Table 3 The L, errors of the model at different N, values on the complex surface

N, 0 600 1 200 1 500 1 800 2 400 3 000
bretzel 2 1.04x107 1.14x107 1.23x107 4.96x107* 2.62x107 3.61x107 3.48x107
CDP 5.27x107* 8.83x107* 1.41x1073 1.68x1073 3.54x1073 4.93x10™ 7.46x1073
I ||
0.002 0
0.0106
0.001 8
0.010 4
0.001 6 0.010 2
0.001 4 0.0100
0.009 8
0.001 2
0.009 6
(a) WHIREZE (b) FRHEN
(a) Bretzel 2 (b) CDP

BlO ¢ = 19 A 18T AR £ XoF 4R 22 53 A

Fig. 9 The distributions of absolute errors on the 2 surfaces att = 19 s
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Table 4 The L, errors of the transfer learning on the complex surface with a step size of 3 s
time domain T /s [0,4] [3,7] [6,10] [9,13] [12,16] [15,19]
bretzel 2 1.04x1073 1.14x1073 1.23x107 4.96x107 2.62x107° 3.61x107°
CDP 5.27x107 8.83x107* 1.41x107 1.68x107° 3.54x107 4.93x107
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