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Simulating electrolytes with NNPs 
Timothy T. Duignan
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Large scale first principles simulations

Musaelian, Johansson, Batzner, Kozinsky arXiv:2304.10061 
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Classical molecular dynamics (CMD)

• Calculate forces from parametrised 

forcefield. 

• Composed of electrostatic interaction and 

Lennard-Jones potentials. 

• Very fast and useful

• Parameter determination is extremely 

challenging. 

Coordinates Energies/forces

Newton’s laws

Forcefield

New coordinates
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+-

Classical models
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Classical molecular dynamics predictivity

Kalcher, Dzuibella J Chem. Phys. 130 134507 10.1063/1.3097530
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Crucial throughout biology and materials science

Merlet et al. DOI:10.1038/nmat3260
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Implications of AI for Science

deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology
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Ab initio molecular dynamics (AIMD)

• Solve Schrodinger’s equation with DFT to 

calculate forces

• Enabled by:

• Increased computer power

• Improved algorithms / software: CP2K

• Still too slow

Coordinates Energies/forces

Newton’s laws

Quantum 

mechanics

New coordinates
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Neural Network Potential Molecular Dynamics (NNP-MD)

• Neural network: flexible mapping of 

coordinates to forces

• Contains many parameters that are 

adjusted (trained) to reproduce AIMD

• Enabled by the AI revolution:

• Better GPUs

• Better libraries (Pytorch, JAX)

• Better algorithms (equivariance) 

Coordinates Energies/forces

Newton’s laws

Neural network

New coordinates
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• NNPs enables long time, large spatial scale simulations with ab initio accuracy 

• Orders of magnitude faster than AIMD

Efficiency

Accuracy

AIMD

NNP-MD?

Potential breakthrough 

CMD
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Workflow
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Water structure
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Expt. (Skinner et al. 2013)
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Sodium-water structure
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Kinetic properties (Diffusivities) 
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Thermodynamic properties (Activities) 
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Example (water self ionization/Grotthuss hopping) 
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Other uses for AI in molecular simulation

• Direct solution of Schrödinger equation. 

• Orbnet (Qiao et al., J. Chem. Phys. 153, 124111 (2020))

• DM21 (Kirkpatrick et al., Science 374, 1385 (2021))

• Predicting whole trajectories:

• Vlachas et al., J. Chem. Theory Comput. 18, 1, 538–549 

(2022)

• Winkler et al. arxiv.org/abs/2201.01195 (2022)

• Coarse Graining 

• Flow matching (Köhler et al. DOI:0.1021/acs.jctc.3c00016)
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• Approaching a new era in the field of molecular simulation

• Large spatial and temporal scales are accessible with ab initio 

accuracy

• True quantitative predictivity should be possible

• I believe this tool will be considered critical for the understanding and 

design for biological and materials science systems.

• Interest in this field is rapidly growing both in industry and academia

Conclusions
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THANK YOU

Students: Junji Zhang and Joshua Pagotto

Computing time: NCI

Funding: ARC

Many collaborators and advisors

You for your attention!
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Implications of AI for Science

https://www.bakerlab.org/2022/11/30/diffusion-model-for-protein-design/
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• Approaching a new era in the field of molecular simulation

• Large spatial and temporal scales are accessible with ab initio 

accuracy

• True quantitative predictivity should be possible

• I believe this tool will be considered critical for the understanding and 

design for biological and materials science systems.

• Interest in this field is rapidly growing. 

Conclusions
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Batteries performance/recycling

Merlet et al. DOI:10.1038/nmat3260

Hiragond et al. DOI:10.3390/catal10010098CO2 conversion/capture
Keith et al. DOI:10.1016/ j.joule.2018.05.006
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Dense feed forward/multilayer perception (DeepMD) 

Behler DOI:10.1021/acs.chemrev.0c00868
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Han et al. http://arxiv.org/abs/2202.07230

Equivariant graph neural networks (NequIP) 
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Duignan et al. Chem. Sci. DOI:10.1039/c7sc02138k

AIMD Success: Ionic solvation free energies



C
R

IC
O

S
: 

0
0

2
3

3
E

 |
 T

E
Q

S
A

: 
P

R
V

1
2

0
7

6


	Slide 1: Simulating electrolytes with NNPs 
	Slide 2: Large scale first principles simulations
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7: Crucial throughout biology and materials science
	Slide 8: Implications of AI for Science
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21: Implications of AI for Science
	Slide 22
	Slide 23: Batteries performance/recycling 
	Slide 24
	Slide 25
	Slide 26
	Slide 27

