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ABSTRACT 

The accuracy of most simulations relies on the trustworthiness of the so-called constitutive equations. 

These relations relate constraints with kinematic quantities (i.e. elastic constitutive tensor relating 

stresses with strains or the thermal conductivity relating thermal fluxes with temperature gradients) 

and are of crucial importance in order to close the set of modelling equations. Nevertheless, if the 

calibration of such relations is not good enough, the simulations will automatically inherit a 

modelling error. 

On the other hand, there are plenty of techniques based on Big Data and machine learning, whose 

main task is to unveil hidden relationships or correlations inside a given amount of data. Therefore, 

from a Big Data perspective one of the main questions arising is: do we collect enough data to build 

models without relying on constitutive equations? If so, how do we build a model? How many data is 

required? The most known Big Data techniques used to classify and obtain data behaviour are neural 

networks, regression trees, t-sne [1,2,3] . These algorithms are often based in linear-regressions and 

present a black-box nature, such for example the neural network. Also, these techniques rely literally 

on Big Data, the greater the amount of collected data, the more accurate the prediction will be. In this 

work we present a data-driven technique based on the separability of variables and on previous work 

developed in the group [5]. 

The aim of this work is to build an algorithm able to learn a model without relying on an ad-hoc 

constituve equation, to be able to do so with a reduced amount of data, the so-called, Smart-Data and 

to be able to build models on data presenting non-linear behaviours. To do so the algorithm will be 

presented and tested for data with different nature. 
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