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Abstract

In this paper, an accurate fractional physical information neural network with an adaptive learn-
ing rate (adaptive-fPINN-PQI) is proposed for solving time fractional partial differential equations.
Firstly, the time-fractional derivative in the Caputo sense is discretized by piecewise quadratic in-
terpolation (PQI) in the sense of the Hadamard finite-part integral. Next, the central difference
method is used instead of automatic differentiation to reduce the error of automatic differentia-
tion. Besides, the present adaptive-fPINN-PQI is based on the ResNet architecture to effectively
overcome the issue of gradient vanishing. The adaptive learning rate is constructed to automat-
ically adjust the weights of different loss terms, significantly balancing their gradients and im-
proving the accuracy of the predicted solutions. Finally, time fractional phase field equations have
been solved using the proposed adaptive-fPINN-PQI to demonstrate its high precision and effi-
ciency.
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Figure 3. The adaptive-fPINN architecture
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