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Abstract

In this paper, physical information neural networks (PINN) are used to solve the Navier-Stokes equa-
tions of incompressible turbulence. In this study, the dynamic weighting adjustment strategy is pre-
sented to make the errors properly balanced in the training process, so as to avoid the problem that
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some error terms dominate the whole training process. In addition, in order to accelerate the training
convergence and improve the accuracy, this study also optimized the network structure, combining
with the physical constraint optimization process and changing the optimization method to improve
the training efficiency of the model.
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Figure 1. Structure of physics-information neural network
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Figure 2. Computational area of two-dimensional
cylinder wake
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Table 1. Change of loss function and training time under different weighting strategies
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R (L) VIR T (s) TR (L) YIZRIT [E](s)
1000 0.0753 153 0.0272 182
2000 0.0589 301 0.00835 375
3000 0.0431 448 0.00527 561
4000 0.0319 607 0.00352 750
5000 0.0223 755 0.00235 942
6000 0.0141 910 0.00153 1085
7000 0.0095 1061 0.00118 1276
8000 0.0072 1218 0.00101 1410
9000 0.0063 1364 0.00090 1633
10,000 0.0051 1522 0.00083 1872

Table 2. Comparison of losses of different optimizers under dynamic weighting strategy
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Different Optimizers with Dynamic Weight Adjustment Strategies
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Figure 3. Loss reduction graph of different optimizers under dynamic weighting
strategy
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