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ABSTRACT 

Predictive Physics has been historically based upon the development of mathematical models 
describing the evolution of a system under external stimuli. The structure of such mathematical 
models relies on a set of physical hypotheses that are assumed to be fulfilled by the system 
within a certain range of environmental conditions. A new perspective is now raising that uses 
physical knowledge to inform the data prediction capability of artificial neural networks [1].  

The recent concept of Physically-Guided Neural Networks with Internal Variables (PGNNIV) 
[2] allows to incorporate in a flexible way some physical information to computations and to 
endow neural networks with unravelling capacity. This is achieved by constraining some of the 
neurons of the internal layers using equations with physical content, by adding penalty terms in 
the loss function. Consequently, the constrained neurons acquire prescribed values, interpretable 
from a physical perspective as non-measurable internal variables of the problem, placing the 
method under the scope of eXplainable Artificial Intelligence (XAI). 

In this work, we build a general framework for dealing with continuum physics problems, 
illustrating how Deep Learning ideas and structures are directly applicable with a proper 
interpretation [3]. In particular, convolutional filters result to be the corner stone when working 
with PGNNIV to address physical systems described in terms of partial differential equations. 
We show that the presented framework is able both to predict new outcomes of the system and 
to explain its internal structure, unravelling the hidden state equations or constitutive laws, even 
under heterogeneous, nonlinear and local frameworks. 
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