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GENERIC formulation is a theoretical framework of non-equilibrium thermodynamics, with systems de-
scribed by it having a specific structure. In this research, in order to reduce the computational cost of
physical simulations for such systems, we propose a method applying the DeepONet, a representative model
of neural operator based on deep learning, to the physical simulations of GENERIC systems. In particular,
we propose to correct the solutions using Physics-Informed Neural Networks (PINNs) for preserving the
laws of energy conservation and entropy increase of GENERIC systems.
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