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Machine learning force fields/potentials

atomic positions

Energy, forces, stress
(ML) FF

Reference data: energy, forces, stress from Density Functional Theory

Atomic positions are used to build descriptors of the local environments

Machine learning methods can be for instance:
• Neural Networks
• Gaussian processes
• Linear methods
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Why using (machine learning) force fields?

To perform Molecular Dynamics, Monte Carlo simulations, phonon calculations… :
• structure of liquids
• alloys
• extended defects
• surfaces and interfaces
• vibrational properties
• diffusion
• fracture
• macromolecules
• reactions
• etc…

Classical force fields are not very accurate quantitatively and not easily parametrized
Density Functional Theory is much slower and typically scales badly with system size

Machine learning potentials aim at keeping DFT accuracy at lower cost
to access larger systems/longer time scales with ab initio data.

Unke et al., Chem. Rev. 121, 10142 (2021)
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New paradigm in interatomic potentials
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There is much more DFT data available, with high 
reproducibility

Lejaeghere et al., Science 351, 6280 (2016)

Precision of DFT methods is of the order of 1meV/atom,
similar to experimental precision

Large repositories of DFT data available
(hundreds of millions calculations)

But… this does not mean that all data are comparable enough to be in the same training set.
At the end many people end up building a dedicated training set for their specific question. 
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ML potentials have a more general/less physical form than 
classical potentials, with many parameters

Typical interatomic potentials use 10s-100s parameters, with the local atomic
structure descriptors entering fixed-form functions

ML potentials use 100s-1000s parameters, with possibilities to systematically
increase the size of the basis of environment descriptors

Training set size is of the order of 100 000s – millions of atoms computed

RMSE can be of the order of meVs/atom, close to DFT precision

Purja Pun et al., Nature Comm. 10, 2339 (2019)
Hodapp and Shapeev, arXiv:2304.08226)
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Many ML potentials assume locality

Gubaev et al., Comput. Mater. Sci 156, 148 (2019)

Behler and Parinello, Phys. Rev. Lett. 98, 146401 (2007)

Cutoff: typically of the order of 5-10 Angstroms
Loss function: energies, forces, stress…
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Many flavors of possible descriptors

Behler, Chem. Rev. Lett. 121, 10037 (2021)
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Computational cost vs accuracy

Zuo et al. J. Phys. Chem. A 124, 731 (2020)

Gubaev et al. 10.21203/rs.3.rs-2073581/v1
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Extrapolation and active learning

Podryabinkin and Shapeev, Comput. Mater. Sci. 140, 171 (2017)
Lysogorskiy, Bochkarev, Mrovec and Drautz, Phys. Rev. Mat. 7, 043801 (2023)

D-optimality criterionEnsemble learning:
Training several models

Behler, Chem. Rev. 121, 10037 (2021)
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Extrapolation and active learning

Lysogorskiy, Bochkarev, Mrovec and Drautz, Phys. Rev. Mat. 7, 043801 (2023)
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Extrapolation and active learning
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Extrapolation and active learning

Lysogorskiy, Bochkarev, Mrovec and Drautz, Phys. Rev. Mat. 7, 043801 (2023)
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Active learning of local environments

Lysogorskiy, Bochkarev, Mrovec and Drautz, Phys. Rev. Mat. 7, 043801 (2023)

Podryabinkin, Garifullin, Shapeev and Novikov,
arXiv:2304.13144 (2023)
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Beyond locality

Behler, Chem. Rev. Lett. 121, 10037 (2021)
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Example: Neural network potential

Bochkarev, van Roekeghem, Mossa and Mingo
Physical Review Materials 3, 093803 (2019) 
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Bochkarev, van Roekeghem, Mossa and Mingo
Physical Review Materials 3, 093803 (2019) 
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(CoxMn1-x)3O4 for thermochemical storage

For x=0,5 and 56 atoms
about 3*106 possibilities

Wallace, Bochkarev, van Roekeghem, Carrasco
Shapeev and Mingo, Phys. Rev. Mat. 5, 035402 (2021)
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Moment Tensor Potentials vs Extended Mean Field

Wallace, Bochkarev, van Roekeghem, Carrasco
Shapeev and Mingo, Phys. Rev. Mat. 5, 035402 (2021)
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Distortions in perovskites: the example of BaTiO3

D. Fu and M Itoh, Ferroelectrics Materials – Synthesis and Characterization (2015)
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Distortions in perovskites: the example of SrTiO3
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Finite-temperature phonon calculations: QSCAILD 

Small displacements

2nd and 3rd order
force constants

Thermal conductivity

Quantum statistics, finite T
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SrTiO3 at finite temperature

van Roekeghem, Carrete and Mingo, Comp. Phys. Comm. 263, 107945 (2021)
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Thermal conductivities and dielectric constants

Mean

van Roekeghem, Carrete, Oses, Curtarolo and Mingo
Phys. Rev. X 6, 041061 (2016)

van Roekeghem, Carrete, Curtarolo and Mingo
Phys. Rev. Materials 4, 113804 (2020)
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Quantum paraelectricity in KTaO3

KTaO3 crystallizes in the perovskite structure

Quantum paraelectric: 

existence of a ferroelectric instability

No ferroelectric phase, because quantum 
fluctuations stabilize unstable phonon branch 
even at 0 K

Very soft polar branch -> large bandgap but 
huge dielectric constant

Gattinoni et al, arXiv:2108.10207
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• Acquiring forces requires many 
DFT calculations -> slow and 
expensive

• We have to sample many similar 
configurations -> ideal to combine 
with machine learning

• We interface QSCAILD with 
active learning of Moment Tensor 
Potentials

Bottleneck! -> DFT + active learning

Speeding up QSCAILD using ML potentials
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Results: Temperature dependent phonon spectrum of KTaO3

Temperature 
dependence mostly 
concentrated on the 
ferroelectric soft mode

Meier, Mingo and van Roekeghem, arXiv:2206.08296 (2022)
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Phonon frequencies of the soft mode and dielectric constant

Excellent agreement of temperature dependent 
phonon frequencies with experiment

Small difference in temperature of saturation

G. Shirane, R. Nathans, and V. J. Minkiewicz
Phys. Rev. 157, 396 (1967)

Temperature dependent dielectric 
constant compared to experiment, 
excellent agreement up to 25K
and observation of Barrett law

J. Barrett, Phys. Rev. 86, 118 (1952)

Meier, Mingo and van Roekeghem, arXiv:2206.08296 (2022)
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Temperature-dependent electrostrictive properties

Meier, Mingo and van Roekeghem, arXiv:2206.08296 (2022)
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Conclusions

ML interatomic potentials with DFT accuracy open new possibilities.

They are progressively predating previous interatomic potentials.

Selecting and producing data for training is one of the main challenges.

Performance is key, as is user friendliness.

Reliability and fidelity have to be questioned (what is the model?).
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