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Research Activities

Nong Artrith and Team 

Computational Materials Science

and Machine Learning (ML)

2. Energy Storage

Ø Storage for renewable energy
Ø Enable electric vehicles

Ø Improve portable electronics

3. Energy Conversion

Ø Replace fossil fuels (oil/gas)
Ø Produce synthetic fuels using 

renewable energy 

Computational Discovery of Energy Materials and Interpretation of Experimental Observations 

with Atomistic First-Principles Methods and Machine Learning

4. Method Development

Ø Open-source ML modeling tools

https://github.com/atomisticnet

Pt

TM

EtO*

!"# = %#

ML Model 1

ML Model 2

Target (Expt.):
Activity and 

Selectivity

Large 

DFT Database

Small

Expt. Database

ActivityS
e
le
c
ti
v
it
y

Temperature

In
te
n
s
it
y

Target (DFT):
TS and E

a

1. Machine Learning & Data Science

Ø Data from simulation and 
experiment (with collaborators)

Ø Accelerating DFT calculations

Ø Predicting materials properties
Ø Data mining for materials discovery
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Ø Elucidate the formation and structural evolution of interphases at solid-solid interfaces and the 

impact on the cell performance, to address the need for 

“scientifically rational development of complex electrochemical interfaces”.
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Energy storage
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Nong Artrith (Email: n.artrith@uu.nl) 

Batteries are Complex: Challenging for Simulation

Movie source: US DOE
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[1]   D. Bresser, K. Hosoi, D. Howell, H. Li, H. Zeisel, K. Amine, S. Passerini,  J. Power Sources 382 (2018) 176-178.
[2]   https://www.batterynl.nl

Next-Generation Battery Materials
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https://www.batterynl.nl/about-the-project/
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Machine Learning (ML) for Accelerated Modeling

H. Guo, Q. Wang, A. Stuke, A. Urban, and N. Artrith, Frontiers in Energy Research 9, 2021, 695902

Ø ML can be used to accelerate atomic-scale simulations

Ø ML models can also be trained on measured data to predict materials

Ø ML is also useful for the interpretation of measurements (e.g., from spectroscopy)

QM Database

ML Potential

Structures & Properties

• Formation Energies
• Elastic Moduli

• Band Gaps

• …
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Accurate Simulation of Large-Scale Systems

Electronic
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Interfaces & 
Nanostructures

Density-Functional Theory Interatomic Potentials Lattice Models

Time (s)10-10 10-8 10-6

MD
Machine Learning Potential

Finite temperature MC
with lattice models

Ø DFT: Accurate Energy and Force 
Methods

Ø Real-World Complex Systems & 

Phenomena Accessible with 
Machine Learning Potentials
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• Learn from electronic structure theory (DFT) how atoms interact

• Our Approach:

As accurate as DFT

Reactive                    

+ Full-dimensional

• Artificial neural networks for interpolation

• Only based on atomic positions Þ

Þ

Machine Learning Potentials for Complex Materials

Applications:
Large Length/Time 

Scale in MD, MC, etc.

Interpolation

Continuous Efficient 
ML Potential

ML Models

QM/DFT Database

J. Behler, and M. Parrinello, Phys. Rev. Lett. 98, (2007) 146401.
N. Artrith, T. Morawietz, and J. Behler,  Phys. Rev. B  83, (2011) 153101.

N. Artrith* and A. Urban, Comput. Mater. Sci. 114, (2016) 135-150.
AM. Cooper, J. Kästner, A. Urban, and N. Artrith*, npj Comput. Mater. 6, (2020) 54.
M.S. Chen, T. Morawietz, H. Mori, T.M. Markland, and N. Artrith*, J. Chem. Phys. 155, (2021) 074801

T. Morawietz and N. Artrith*, J. Comput. Aided. Mol. Des. 35, (2021) 557.

http://ann.atomistic.net
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The ænet Package

N. Artrith* and A. Urban, Comput. Mater. Sci. 114 (2016) 135-150.
M.S. Chen, T. Morawietz, H. Mori, T.M. Markland, N. Artrith*, ænet-Lammps, J. Chem. Phys. 155 (2021) 074801.

Jon Lopez-Zorrilla*, N. Artrith* et al, ænet-PyTorch, J. Chem. Phys. 158 (2023) 164105.

The Atomic Energy Network

http://ann.atomistic.net

Modules for potential fit and for application

Ø C compatible library & Python interface

Ø MC/MD codes: ASE, LAMMPS, Tinker, 

DL_POLY, Genetic Algorithms 

Jon LopezAlex Urban
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Amorphous LiSi

Accurate and Efficient ML: Non-Crystalline Nanostructures & Interphases

http://ann.atomistic.net

CuAu/H2O: Artrith* and A.M. Kolpak, 

Nano Lett., 14 (2014), 2670.

Cu/ZnO: Artrith, Hiller, Behler,  

Phys. Stat. Sol. B 250 (2013) 1191.
CuO/CeO2: Elias, Artrith, Shao-Horn, et al., 

ACS Catalysis 6,  (2016), 1675. 

Artrith*, Urban, Ceder, 

J. Chem. Phys. 148, (2018) 

241711 (Editor’s Pick) and

arXiv:1901.09272 (2019).

Lopez, Artrith* et al., 

ænet-PyTorch: GPU support, 

J. Chem. Phys. 158 (2023) 

164105.
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AENET-LAMMPS, AENET-TINKER
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~11,000 atoms
Courtesy of T. Morawietz

M.S. Chen, T. Morawietz, H. Mori, T.M. Markland, N. Artrith*, ænet-Lammps, ænet-Tinker: JCP (2021)
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https://arxiv.org/abs/1901.09272
https://arxiv.org/abs/1901.09272
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Ø Challenge: The interfacial degradation in solid-state battery cells involves phenomena on multiple length and time scales. 
Experimental characterization and first-principles modeling are disconnected.

Ø Approach: ML enabled by high-performance computing (HPC) to accelerate modeling and connect to experimental length and 
time scales.
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LLZO or LiPS

NMC-811

Cutting-edge in situ microspectroscopy

State-of-the-art, ML-augmented 

first-principles modeling Bridging the gap between theory and experiment: 
Structure-property relationships from 

ML structural fingerprints and simulated spectroscopy

ML

Approach

Feng Wang (ANL), Deyu Lu, Shinjae Yoo (BNL), Alex Urban (Columbia University), Nong Artrith (Utrecht University, NL)
Chuntian Cao and Matthew Carbone (BNL)

Dr. Feng Wang, ANL, USA
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Characterizing Interface Structures

Example: Motif (structural fingerprint) extraction in our ongoing solid-state battery interface project.

NMC
Cathode

LLZO
Solid Electrolyte

N. Artrith, J. Phys. Energy 1 (2019) 032002.

Our aim in the ongoing project: validate the computational Li(NixMnyCoz)O2 

(NMC)/Li7La3Zr2O12 (LLZO) or LiPS models by comparison with spectroscopy

Collaboration: more general database that can be reused in future projects for 

automatic interpretation of X-ray spectra of interface systems

Nong Artrith (Email: n.artrith@uu.nl) 
12
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Characterization of Interface Structures

Ø Machine learning (ML) for the automated interpretation of X-ray absorption spectra 

from interface systems with e.g., transition-metal oxides

1. Structure 
Model

Obtain 
realistic 
structure 
model from 
ML potential 
simulations

2. Motif 
extraction

Extract small 
structures with 
characteristic 
motifs 
(Fingerprints)

3. XAS 
Simulation#

Simulate 
X-ray 
absorption 
spectra for 
small model 
structures

4. Match 
Experiment

Use ML 
model to 
match 
experimental 
spectra to 
motif library

Compile 

database

Match with DB

Build on approach from 
the literature 

(Co: UU, ESRF, Diamond 

Light Source, BNL or others)

A.S. Johnson, D. Perez-Salinas, K.M. Siddiqui, 
Nong Artrith, F. de Groot, S.E. Wall et al; 
Nature Physics 19 (2023) 215–220.

Nong Artrith (Email: n.artrith@uu.nl) 
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M.S. Chen, T. Morawietz, H. Mori, T.M. Markland, N. Artrith*, ænet-Lammps, ænet-Tinker: JCP (2021)
Jon Lopez-Zorrilla*, N. Artrith* et al, ænet-PyTorch: a GPU-supported: JCP (2023)

(x in LixSi)	: Phase Diagram

14
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P2S64−

(Li2S)x(P2S5)1-x: Crystals

Li2SP2S5 0.5 0.67 0.7

0.75 0.875

LiPS3 Li7P3S11

Li2PS3

β-Li3PS4 LT-Li7PS6 γ-Li3PS4α-Li2+1PS4

Li4P2S7

Li48P16S61

– S

746 K 573 K 293 K

HeatHeat

P2S62−
P2S74−

PS43−

Planner + 0.025 eV Zigzag

Li  P  S Ø β-Li3PS4 and Li7P3S11 are superionic conductors, but other phases not!

Superionic conductors
à Not related to PSx?
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Local Coordination: S atoms wt Li & P atoms in gc-LPS

c

Guo, Carbone, N. Artrith, Urban, Lu, et al. Nature Scientific Data 10, 349 (2023)
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https://github.com/atomisticnet/xas-tools 16
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https://github.com/atomisticnet/xas-tools
https://github.com/atomisticnet/xas-tools
https://github.com/atomisticnet/xas-tools
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N. Artrith (n.artrith@uu.nl):  https://github.com/atomisticnet 

https://archive.materialscloud.org 
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N. Artrith (n.artrith@uu.nl):  https://github.com/atomisticnet 

https://archive.materialscloud.org 
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https://github.com/atomisticnet
https://archive.materialscloud.org/
https://archive.materialscloud.org/
https://github.com/atomisticnet
https://archive.materialscloud.org/
https://archive.materialscloud.org/
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N. Artrith (n.artrith@uu.nl):  https://github.com/atomisticnet 
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N. Artrith (n.artrith@uu.nl):  https://github.com/atomisticnet 
20

Ning Wei
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https://github.com/atomisticnet
https://github.com/atomisticnet
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Thank You for Your Attention

Dutch Sector Plan Project
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