Chemically Transferable Potentials



Crystal structure prediction

Ultimate goal: designing new material for specific application
|s a hypothetic material stable”
material composition -> most stable structure(s)

Potential energy surface (PES) + structure search algorithm
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Crystal structure prediction

Ultimate goal: designing new material for specific application
|s a hypothetic material stable”
material composition -> most stable structure(s)
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prediction across chemical
compound space

- Improve PES fits by shared
learning
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Chemically transferable potentials

- start from simple potentials, e.g. 2-body potentials
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Chemically transferable potentials
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Results for 2b-potential and octet binaries

1885 data points = 82 compounds x 4 phases x 5/8 volumes

Input features: 1P, EA, rs, Nyalence
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Results for 2b-potential and octet binaries

1885 data points = 82 compounds x 4 phases x 5/8 volumes

Input features: 1P, EA, r,,

Training set, RMSE: 0.105 eV/Atom
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Test set, RMSE: 0.055 eV/Atom
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Leave 10% of (compound, phase) out cross-validation
for 2b+3b-potential



Leave 10% of (compound, phase) out cross-validation
for 2b+3b-potential

PI’Ed ' Ecohesive [EV/atOm]

-10

-10

without CT ° .
with CT o Lo
e g° \J
L
e o [ ]
0.® %
©po
8 ©
S g %a‘e“ °
%
—'8 _'6 —'4 —'2

Ref. Econesive [€V/atom]

RMSE | MAE
without CT 0.428 10.277
with CT 0.159 (0.0/79




Leave 10% of (compound, phase) out cross-validation
for 2b+3b-potential

Pl’Ed . Ecohesive [eV/atOm]

without CT ° .

N with CT o eeils
. o, RMSE | MAE
— ) : e without CT 0.428 [0.277
0.0 %
“61 4 o with CT 0.159 (0.0/79
-8 g 8 o g;(gi. .
2

o _SRef. Ec;:,esive [e_\l}/atom]—2 0
Fon(A, B;1r) = a1(A, B) exp|— (r 207;1) | 4+ as(A, B) exp|[— (r 207;2) |+ ...




Leave 10% of (compound, phase) out cross-validation
for 2b+3b-potential
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The CT approach regularizes the ML potential parameters using physics



Summary

New idea on how to transfer potentials across
compound space

Chemically transferred potentials regularize the the
machine learning potentials



2b-potential fit to Stillinger-Weber potential
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