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Development of Interatomic Potentials
 Traditional method of development:

Fit 𝐷𝐷𝑒𝑒 , 𝑎𝑎 and 𝑟𝑟𝑜𝑜

 For complex materials, simple potential forms may not be 
able to capture important transport properties (e.g. optical 
phonons) 
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 Machine learning used for fitting the potential parameters 
after energy surface is generated manually.

Parameter Fitting with Machine Learning

Genetic 
algorithm 

(GA) based 
fitting process

Interatomic 
potential 

parameters

 Objective function is difference between DFT and potential 
calculated energies, forces, stresses etc.

Rohskopf et al. npj Computational Materials 3 27 (2017)
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 Machine learning used for directly approximating the PES, 
using suitable regression methods
• Traditional potential forms are not used
• No prior assumption about functional form is necessary

Machine Learning Potentials

Deringer, Caro and Csanyi, Advanced Materials 31 (46) 1902765 (2019)

 Representation of 3N dimensional atomic coordinates into 
suitable descriptors used in ML is an important challenge
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 A “descriptor” or “feature” used to describe the atomic 
configuration quantitatively captures the local environment of 
an atom, up-to 2-,3- or even many-body terms.
• Must fulfill symmetry requirements of the system
• Typically specified up to chosen cutoff (e.g. ~5 Å)

 Finally, a suitable ML method (neural network, kernel 
regression) is used to obtain potential energy output from 
descriptor set input.

Representation and Regression 

Deringer, Caro and Csanyi, Advanced Materials 31 (46) 1902765 (2019)
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 Advantage of MLIP: “General purpose” potential can be 
fitted, describing different atomic configurations, multiple 
phases, defects, surface reconstruction, if DFT training set 
contains some corresponding data points.

Advantages of MLP

Deringer, Caro and 
Csanyi, Advanced 
Materials 31 (46) 
1902765 (2019)

Multiple 
phases of Si
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Materials Structures

Crystalline-amorphous 
phase change in PCMs

Deringer, Caro and Csanyi, 
Advanced Materials 31 (46) 
1902765 (2019)

Different bonding environments 
of carbon atoms in amorphous C

Deringer and Csanyi, Phys. Rev. B 95 094203 (2017)
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