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Abstract

This article presents PIED-Net, a deep learning network framework based on ConvLSTM, for solving
time-domain partial differential equations. First, convolutional networks are used to extract spatial
features at different levels from image data and transpose convolutions are used to represent these
features, enabling the learning of spatial information constrained by physics. ConvLSTM modules
are utilized to effectively capture the temporal relationships of neighboring sequences to maintain
temporal continuity, and enhance the accuracy of the network in predicting time steps. Besides,
governing equations, boundary and initial conditions are employed to construct the loss function,
and the finite difference method is employed to calculate derivatives of various orders, further en-
hancing the accuracy and stability of the network. Finally, the proposed PIED-Net framework is ap-
plied to solve 2D Burgers’ and 2D flow mixing equations, respectively. Numerical experimental re-
sults demonstrate that this network framework exhibits outstanding accuracy and computational
efficiency in solving time-dependent partial differential equations, presenting a new deep-learning
approach for physical problems.
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Figure 1. The encoder-decoder network structure
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Figure 2. The PIED-Net architecture
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Figure 3. Absolute error plots of predicted and exact solutions for both networks
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Figure 4. Absolute error plots of predicted and exact solutions for both networks
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