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Diffusive Regularization Inverse PINN Solutions to
Discontinuous Problems

LIN Yunyun, ZHENG Supei, FENG Jianhu, JIN Fang
( School of Sciences, Chang’an University, Xi’an 710064, P.R.China )

Abstract: It is of great importance to numerically capture discontinuities for the numerical solutions to hyperbolic
conservation laws equations. The PINN (physics-informed neural networks) was used to solve the forward problem of the
hyperbolic conservation laws equations, with the diffusion term added, which is difficult to determine and needs to be
obtained through high-cost trial calculation. To capture the discontinuous solutions and save calculation costs, the equation
was regularized through addition of diffusive terms. Then the regularized equation was incorporated into the loss function,
and the exact solutions or reference solutions to the conservation laws equations were used as the training set to learn the
diffusion coefficients, and the solutions at different moments were predicted. Compared with that of the PINN method for
solving forward problems, the resolution of discontinuous solutions was improved, and the trouble of massive trial
calculation was avoided. Finally, the feasibility of the algorithm was verified by 1D and 2D numerical experiments. The
numerical results show that, the new algorithm has better ability to capture discontinuities, produces no spurious oscillations
and no screed phenomena. Additionally, the diffusive coefficients obtained with the new algorithm make a reference to

construct the classic numerical scheme.
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Fig.2 Comparison of numerical results for example 1: (a) exact and predicted solutions to unregularized equations;

(b) exact and predicted solutions to regularized equations
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Fig.3 Comparison of numerical results for example 2: (a) exact and predicted solutions to unregularized equations;

(b) exact and predicted solutions to regularized equations
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(b) exact and predicted solutions to regularized equations
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(b) exact and predicted solutions to regularized equations
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Fig. 6 Comparison of numerical results for example 5: (a) exact and predicted solutions to unregularized equations;

(b) exact and predicted solutions to regularized equations
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