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Machine-learning-driven materials modelling
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Atomic positions



Machine-learning-driven materials modelling

3Adv. Mater. 2019, 31, 1902765

ML potentials approximate the quantum-mechanical
potential-energy surface, using three main ingredients:



A “textbook case” for random networks: Amorphous silicon
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Silicon “GAP-18”: Bartók et al., Phys. Rev. X 2018, 8, 041048
Validation for a-Si: VLD et al., J. Phys. Chem. Lett. 2018, 9, 2879

VLD, N. Bernstein, G. Csányi, C. Ben Mahmoud, M. Ceriotti, M. Wilson, D. A. Drabold, S. R. Elliott, Nature 2021, 589, 59



5Nature 2021, 589, 59

Origins of structural transitions in disordered silicon



Gaussian process regression (GPR) for materials

6Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)
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Gaussian process regression (GPR)

7Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)

• Observations, using the “ground 
truth”, make up the training data

• In atomistic ML: x encodes 
atomic environment, y can be 
any per-atom property

• Basis functions are built using a 
kernel similarity measure, k

• In atomistic ML: from simple pair 
distance to more complex forms

• Estimation means predicting y
at a new, unknown location x

• To do this, we need k and pre-
determined fitting coefficients, c



Gaussian process regression (GPR) for materials
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Observations

Basis function

Estimation (fit)



Gaussian process regression (GPR)

9Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)



Gaussian process regression (GPR)

10Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)
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truth”, make up the training data
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atomic environment, y can be 
any per-atom property

• Basis functions are built using a 
kernel similarity measure, k

• In atomistic ML: from simple pair 
distance to more complex forms

• Estimation means predicting y
at a new, unknown location x

• To do this, we need k and pre-
determined fitting coefficients, c



Representations (descriptors) in practice

11VLD, G. Csányi, Phys. Rev. B 2017, 95, 094203



Representations (descriptors) in practice

12VLD, G. Csányi, Phys. Rev. B 2017, 95, 094203

Use Smooth Overlap of Atomic Positions
(SOAP) only to encode atomic structure

Figure from: VLD et al., Chem. Rev. 2021, 121, 10073
SOAP: A. P. Bartók et al., Phys. Rev. B 2013, 87, 184115



Representations (descriptors) in practice

13VLD, G. Csányi, Phys. Rev. B 2017, 95, 094203

Use 2-body term only
to encode structure

Figure from: VLD et al., Chem. Rev. 2021, 121, 10073
SOAP: A. P. Bartók et al., Phys. Rev. B 2013, 87, 184115



Representations (descriptors) in practice

14VLD, G. Csányi, Phys. Rev. B 2017, 95, 094203 Figure from: VLD et al., Chem. Rev. 2021, 121, 10073
SOAP: A. P. Bartók et al., Phys. Rev. B 2013, 87, 184115



Representations (descriptors) in practice

15VLD, G. Csányi, Phys. Rev. B 2017, 95, 094203

Combine N-body and SOAP fits
for robustness where needed, & accuracy where possible



Gaussian process regression (GPR)
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• Observations, using the “ground 
truth”, make up the training data

• In atomistic ML: x encodes 
atomic environment, y can be 
any per-atom property

• Basis functions are built using a 
kernel similarity measure, k

• In atomistic ML: from simple pair 
distance to more complex forms

• Estimation means predicting y
at a new, unknown location x

• To do this, we need k and pre-
determined fitting coefficients, c



Gaussian process regression (GPR)
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Gaussian process regression (GPR)

18Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)

• Finding the coefficients, c, means 
solving a linear algebra problem

• Σ is a regulariser that encodes the 
expected noise in the input data

• (effect of regularisation: see examples at 
https://arxiv.org/abs/2211.16443)

• This is “full GPR”: all N
data points are used



Gaussian process regression (GPR)

19Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)

All data

a Full GPR fitting b Sparse GPR fitting: e.g., in GAP models



Gaussian process regression (GPR)

20Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)



Gaussian process regression (GPR) for interatomic potentials
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• So far, we have looked at learning an 
atomistic property, y, itself

• For interatomic potentials: much of the 
training data are forces (derivatives)



Gaussian process regression (GPR) for interatomic potentials

22Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)



Gaussian approximation potential (GAP) models

23Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)



Gaussian approximation potential (GAP) models
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Reference data Representation

The fit itself

Chem. Rev. 2021, 121, 10073: “Gaussian Process Regression for Materials and Molecules” (Open Access)

Available for non-commercial research at
https://github.com/libAtoms/QUIP



Gaussian approximation potential (GAP) models
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Tutorial: melt–quench simulations
using GAP interfaced to LAMMPS

VLD, G. Csányi, Phys. Rev. B 2017, 95, 094203



Reference data are critical

26L. C. Erhard, J. Rohrer, K. Albe, VLD, npj Comput. Mater. 2022, 8, 90
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De novo exploration & fitting
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De novo exploration & fitting
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De novo exploration & fitting
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VLD, C. J. Pickard, G. Csányi, Phys. Rev. Lett. 2018, 120, 156001
VLD, D. M. Proserpio, G. Csányi, C. J. Pickard, Faraday Discuss. 2018, 211, 45 

De novo exploration & fitting
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VLD, C. J. Pickard, G. Csányi, Phys. Rev. Lett. 2018, 120, 156001
VLD, D. M. Proserpio, G. Csányi, C. J. Pickard, Faraday Discuss. 2018, 211, 45 

De novo exploration & fitting



32N. Bernstein, G. Csányi, VLD, npj Comput. Mater. 2019, 5, 99

De novo exploration & fitting



33N. Bernstein, G. Csányi, VLD, npj Comput. Mater. 2019, 5, 99

De novo exploration & fitting



34VLD, M. A. Caro, G. Csányi, Nat. Commun. 2020, 11, 5461

GAP-RSS as starting point for ML potential databases



35VLD, A. P. Bartók, N. Bernstein, D. M. Wilkins, M. Ceriotti, G. Csányi, Chem. Rev. 2021, 121, 10073

Towards automated & general ML potentials
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The structure of amorphous red phosphorus

Y. Zhou, W. Kirkpatrick, VLD, Adv. Mater. 2022, 34, 2107515
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The structure of amorphous red phosphorus

Y. Zhou, W. Kirkpatrick, VLD, Adv. Mater. 2022, 34, 2107515
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The structure of amorphous red phosphorus

Y. Zhou, W. Kirkpatrick, VLD, Adv. Mater. 2022, 34, 2107515



How to validate interatomic potentials

40J. D. Morrow, VLD, J. Chem. Phys. 2022, 157, 104105



How to validate interatomic potentials

42J. D. Morrow, VLD, J. Chem. Phys. 2022, 157, 104105



How to validate interatomic potentials

43J. D. Morrow, VLD, J. Chem. Phys. 2022, 157, 104105



Executive summary
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• ML potentials are increasingly popular simulation tools
for materials modelling: accurate, flexible, and fast
(Adv. Mater. 2019, 31, 1902765; Chem. Rev. 2021, 121, 10073)

• They are therefore giving new insight into real materials,
from fundamental questions to full device-scale simulations
(a-Si: Nature 2021, 589, 59; phase-change materials: arXiv:2207.14228)

• Validating potentials is becoming increasingly important, and 
many ideas here will be transferable from GAP to other models
(arXiv:2211.12484 – see also tutorial by Joe)



Thank you!
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