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An accurate and transferable machine learning
potential for carbon

J. Chem. Phys. 153, 034702 (2020); https://doi.org/10.1063/5.0005084
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PHYSICAL REVIEW LETTERS 120, 166101 (2018)

Growth Mechanism and Origin of High sp® Content in Tetrahedral Amorphous Carbon
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Summary of silicon material properties
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Abstract

The first step in the construction of a regression model or a data-driven
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ideas that lead to computationally efficient and universally applicable
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Latest developments: Atomic Cluster Expansion
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Current modelling challenges

Solved short range potential fitting problem, energy depends on
near environment only

Long range interactions: flexible electrostatics and charge transfer
Need to model full self-consistency of DFT

Higher length scales:

"Coarse grained" models can be made similarly
(But accuracy vs cost tradeoff is different!)

Lower length scales:

Full electronic wave functions have exploitable local structure, new
representations can be used to escape exponential scaling



New workflows for atomistic modelling

1. “ML-enhanced ab initio MD”

- Major DFT codes will have ML “interpolators” built-in:
VASP already does, Castep coming soon

- Allows extending time scales, complex chemistry, basically
automatic

2. “General force field” for a given application

- Assemble a range of configurations. For materials:
pressure, temperature, composition, phases, defects etc

- High throughput DFT, fit potential : iterative training

-  LAMMPS/OpenMM/Gromacs etc. for large scale production runs
how do we know simulation is correct?



New kinds of modelling questions
* Forward problem:

Given a database of small structures, how does
the accuracy of fit (controlled with weights)
determine the accuracy of material properties?

* Inverse problem:

Given a material property of interest, what fitting
database is required (and what accuracy of fit)
to obtain a good prediction?

* These questions did not arise before because
force fields were not systematic !



"First principles” force fields
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“Semi-automated” potential fittin
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Random Structure Search workflow
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Building a general database: phosphorus
Iterative MD and fitting
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Workflow implementation: requirements

* Use ASE as glue: all calculators ready
* Modular: some steps still manual

* Heterogeneous computing environment

- Laptop for development: frequently changing package stack
- Local cluster with moderate resources: full control of stack

- National HPC (large resource): no control over stack, only ssh

Automated Interactive Infrastructure and
Database for Computational Science

oo A ,Q
c2AIIDA FireWork§'®

X Heavy-weight, no ASE X requires dbase on HPC



