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Motivation

* In the last decade ML provides accurate Quantum Mechanic (QM)
potential energy functions.

e Large datasets of small atomic configurations are used train
regression models that map local atomic environment to atomic
energies and forces.

* Using ML potentials in LAMMPS and running on super computers, it is
possible to simulate systems containing billions of particles with QM
accuracy.



FitSNAP: Atomistic Machine Learning with
LAMMPS

* FitSNAP is a Python package to generate ML interatomic interaction
models that map local atomic environments to quantities associated with

atoms.
* FitSNAP has a seamless interface with LAMMPS.

* Native components of Lammps e.g., compute energy, are used to calculate
input for ML model, while the same component is used in the production
of MD simulations.

* This mapping is achieved by first calculating atomic environment feature
vectors (descriptors), and then using these to learn a regression model.

* Extrapolation is done using set of critical tests to assess the viability of the
proposed model.



Workflow of FitSNAP

1)  The first step is a I/O file step to scrape the
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