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Abstract

In the field of research into heat transfer equations, the application of physical information neural
network (PINN) has achieved some results. The loss function of PINN consists of a weighted sum of
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multiple loss terms, and the weighted combination of these loss terms plays an importantrole in PINN’s
effective training. Therefore, we construct a loss term definition based on a Gaussian probability
model, where the introduction of noise parameters is used to describe the weight of each loss term.
We propose a self-adaptive loss function method based on the maximum likelihood estimation prin-
ciple to automatically assign loss weights by constantly updating noise parameters in each training
cycle. Then, we use self-adaptive loss physical information neural network (SalPINN) to solve the one-
dimensional transient heat transfer equation, and compare it with the traditional PINN method, and
the results show that SalPINN is more accurate and effective in simulating the heat transfer equation.
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Figure 1. Self-adaptive loss physical information neural network (SalPINN) framework
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Figure 2. (a) Exact solution; (b) Numerical solution of algorithm 1; (¢c) Numerical solution of algorithm 2
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Figure 4. Numerical solution of algorithm 2 in x € [0,1] when: (a) t=0.25;() t=0.50;(c) t=0.75.
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