Parsimonious neural networks learn
Interpretable physical laws

Saaketh Desait, Alejandro Strachan?

1. Centre for Integrated Nanotechnologies, Sandia National Laboratories
2. School of Materials Engineering, Purdue University




Machine learning models and their applications
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Machine learned models excel when data is plentiful



https://www.wired.com/story/can-bots-outwit-humans-in-one-of-the-biggest-esports-games/
https://www.businessinsider.com/googles-translations-are-near-human-level-because-of-machine-learning-2016-9

Encoding neural networks for genetic algorithms

Couple neural networks with genetic algorithms to balance interpretability and accuracy
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How to train a PNN?
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Genetic operations on neural networks

r
elu relu

g 0.5
@\)_65 0.35 tanh
1jo[2M|1i242(1]2
Crossover @\/ i 0.35
— U

DISTRIBUTED

4 EVOLUTIONARY
: ALGORITHMS IN
’ PYTHON

relu relu

0.5
. X
Mutation @0_5 O tann
0.65
@/ 0.35




Parsimonious neural networks — melting point

Material Volume

Density Bulk modulus Shear Modulus Melting temp

BaZrO3  30.700078
Nd203 139.781930
BaO2 17.382291

5.983317 143.0 88.0 2813.15
6.395583 124.0 51.0 254315
5.391927 67.0 35.0 723.15

Can we predict the melting temp based on fundamental inputs?
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Can PNNs learn improved descriptions of melting from data?




Dimensional analysis on inputs
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Launching the nanoHUB tool

Parsimonious neural networks

From your browser go to link: https://nanohub.org/tools/pnndemo/

Parsimonious neural networks
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Design and train neural networks in conjunction with genetic
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Discovering melting point laws
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Parsimonious neural networks learn non-linear interpretable laws




Discovering integration schemes from data
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Position Verlet integration scheme

Parsimonious neural networks learn underlying physics directly from data
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