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Main features:

+ Number of neurons in the input layer = number of neurons in the output layer
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How to check if Scinet is “understanding”:

4+The number of fundamental quantities of the system = number of latent neurons of the
network (NLN), being NLN selected by repeating the cycle “add 1 latent neuron + training
+ testing” until a decided accuracy is reached

4Plot the correlations of the known fundamental quantities we know are necessary to
make predictions respect to the ones Scinet stores in its latent neurons
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Examples: recovering of conserved quantities [1][2]
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Examples: recovering of physical models [1][2]
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Conclusions
What we have LEARNED so far?

** There exists a way to reproduce well the way of reasoning of a physicist and it’s
awesome that this model can be expressed as a (complicated!) algorithm

** Maybe the answer to the initial question is “yes” since surely the network didn’t
attend any lessons of physics

What are the next studies in this sector?

** Here the interpretation of latent variables is simple because the model of the
analyzed physical system already exists. But, what about use this approach to new
physical settings which have not a model describing them?
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Activation functions of Scinet

ELU activation function (a«=1)




