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ABSTRACT

With the recent advances in data processing and computing resources, machine learning techniques
have become a powerful tool to analyse traditionally hard problems such as image classification,
speech recognition or data compressing. Recent work in physically-informed neural networks [1] has
shown that these algorithms can also be successfully applied to solving non-linear PDEs resulting in
very accurate and numerically stable results. However, they rely on prior knowledge of the governing
equations of the problem and neglect possible internal latent variables which would result in noisy
results when handling with real acquired data.

In this work, we propose a neural network model which learns the intrinsic physical nature of non-
linear dynamical problems through the GENERIC formalism, following the methodology presented
in [2]. The GENERIC structure of an arbitrary system divides the problem in a conservative term,
related to the reversible evolution of the system (Hamiltonian mechanics), and a dissipative term,
related to the entropy or irreversible part of the system. Furthermore, the degeneracy conditions of
this formulation ensure the energy conservation and the entropy inequality, fulfilling the first and
second laws of thermodynamics respectively.

The introduction of the GENERIC approach inside the neural network framework allows us to take
advantage of current machine learning methods as a solver, while imposing the physical restrictions
of GENERIC. In other words, we are learning the physics of a system from a few observations,
ensuring that future estimations of the state of that system will remain consistent, as they are
imposed by those restrictions. We provide some examples of non-linear dynamical systems to show
how our physical-based machine learning system is able to estimate the correct values, although
the real equation is not known for it.
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