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Talk Outline

2

• Introduction

• General machine learning concepts 

• AI methods in X-ray absorption spectroscopy 

• Examples of forward and inverse problem solving

• Conclusions
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Introduction
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J. Synchrotron Rad. 24, 269–275 (2017). 

J. Phys. Chem. Lett. 8, 5091−5098  (2017). 

Experimental: ROI selection

Data interpretation

WoS
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How can Machine Learning Methods be used: 
Forward vs Inverse Problem 
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Prediction

Reconstruction

ML
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Basics of X-ray Absorption Spectroscopy (XAS)
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Short range order < 6-10 Å

1000 eV

µ0

XANES
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The Effect of Thermal Disorder on EXAFS 
Amplitude
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A. Kuzmin, V. Dimitrijevs, I. Pudza, A. Kalinko, Phys. Status Solidi A (2024) 2400623.
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The Effect of Thermal Disorder on 
Interatomic Distances: EXAFS vs Diffraction 
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P. Fornasini, J. Phys.: Condens. Matter 13 (2001) 7859-7872.
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Extended X-ray Absorption Fine Structure
(EXAFS)
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A. Filipponi, A. Di Cicco, C. R. Natoli, Phys. Rev. B 52 (1995) 15122-15134.
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Multiple-scattering (MS) processes

MS expansion of EXAFS in the presence of disorder: 
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A Schematic of AI-ML-DL Context
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K. Choudhary, B. DeCost, C. Chen et al., Recent advances and applications of deep learning methods in materials science, npj Comput Mater 8 (2022) 59.          

DL methods are based on 
artificial neural networks (ANNs) 
and allied techniques.

AI mimics intelligence, for 
example, by optimizing actions 
to achieve specific objectives.

ML is a subset of AI,  
providing the ability to learn 
without explicitly being 
programmed for a given 
dataset.
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A Perceptron or a Single Artificial Neuron

10
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When the activation function is non-linear, 
then a two-layer neural network can be proven 
to be a universal function approximator, i.e., 
it can approximate any continuous function to 
any desired degree of accuracy.
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Artificial Neural Network (ANN) 
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Input layer Output layerMultiple hidden layers
Software for 

ANN training:

𝐓𝐫𝐚𝐢𝐧𝐢𝐧𝐠:  𝒘𝒊𝒋 −?
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A Workflow for Structure Determination 
using X-ray Absorption Spectroscopy 
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Molecular Dynamics Simulations of EXAFS 
Spectra (MD-EXAFS): History
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[1] P. D'Angelo, A.D. Nola, A. Filipponi, N.V. Pavel, D. Roccatano, J. Chem. Phys. 100 (1994) 985-994.
[2] P. D'Angelo, A.D. Nola, M. Mangoni, N.V. Pavel, J. Chem. Phys. 104 (1996) 1779-1790.
[3] B.J. Palmer, D.M. Pfund, J.L. Fulton, J. Phys. Chem. 100 (1996) 13393.
[4] A. Kuzmin, S. Obst, J. Purans, J. Phys.: Condensed Matter 9 (1997) 10069-10078.

aqueous 
solutions
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Molecular Dynamics Simulations of EXAFS 
Spectra (MD-EXAFS)
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Initial structural 
model (supercell)

Analysis of atomic 
configurations

Calculation of 

configuration 

averaged EXAFS

Interaction Model

𝑼 = ෍

𝒊

𝑼(𝟏ሻ 𝒓𝒊 + ෍

𝒊,𝒋

𝑼(𝟐ሻ 𝒓𝒊, 𝒓𝒋 + ⋯

Molecular Dynamics Ensemble

NVT, NpT, NVE, …

Molecular Dynamics Simulation

   i = 1         2            3                     n       

…

Experiment

[1] A. V. Shapeev, D. Bocharov, A. Kuzmin, Comput. Mater. Sci. 210 (2022) 111028.
[2] P. Žguns, I. Pudza, A. Kuzmin, J. Chem. Theory Comput. 21 (2025) 8142–8150.

RDF & BADF

New trend: Machine Learning Interatomic Potentials (MLIPs)

Code is available at https://www.dragon.lv/edaca/
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Reverse Monte Carlo (RMC) Approach to 
EXAFS: History
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[1] S.J. Gurman and R.L. McGreevy, J. Phys.: Condens. Matter 2  (1990) 9463-9473. 
[2] W. Bras, R. Xu, J.D. Wicks, F. van der Horst, M. Oversluizen, R.L. McGreevy, W. van der Lugt, Nucl. Instrum Meth. Phys. Res. A 346 (1994) 394-398.
[3] J.D. Wicks, L. Borjesson, G. Bushnell-Wye, W.S. Howells, R.L. McGreevy, Physica Scripta. T57 (1995) 127-132.
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Reverse Monte Carlo Simulations of EXAFS 
Spectra  (RMC-EXAFS)
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Initial 

structural 

model

Calculation of 

configuration averaged 

EXAFS
Random 

displacement 

of atoms

Comparison with 

the experimental 

EXAFS spectrum 

Analysis of final atomic 

configuration

(RDF, BADF)

Bad

Good

[1] R.L. McGreevy and L. Pusztai, Mol. Simul. 1 (1988) 359. 
[2] J. Timoshenko, A. Kuzmin, J. Purans, J. Phys.: Condens. Matter 26 (2014) 055401. 
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Reverse Monte Carlo Method with 
Evolutionary Algorithm
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[1] J. Timoshenko, A. Kuzmin, J. Purans, J. Phys.: Condens. Matter 26 (2014) 055401. 
[2] J. Timoshenko, A. Kuzmin, J. Purans, Comp. Phys. Commun. 183 (2012) 1237-1245. 

Multiple-scattering 
approximation

Evolutionary 
algorithm for 
optimization

Wavelet transform for 
spectra comparison 

in k and R space

EXAFS spectra at several edges 
can be analysed simultaneously

Reliable analysis of distant shells,
partial RDFs and BADFs

Fast with good 
convergence

More reliable solution One structural model 

EvAX code: Simulation-based analysis of EXAFS data for crystalline and nanocrystalline materials 
(developed by Dr. Janis Timoshenko)

Code is available at https://www.dragon.lv/evax/
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Artificial Neural Networks (ANN) for X-ray 
Absorption Spectra Analysis
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[1] J. Timoshenko, D. Lu, Y. Lin, A.I. Frenkel, J. Phys. Chem. Lett. 8 (2017) 5091-5098.
[2] J. Timoshenko, A. Anspoks, A. Cintins, A. Kuzmin, J. Purans, A.I. Frenkel, Phys. Rev. Lett. 120 (2018) 225502.

EXAFSXANES
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Examples of forward and inverse problem 
solving

19

Prediction

Reconstruction

ML
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J. Timoshenko, A. Anspoks, A. Cintins, A. Kuzmin, J. Purans, A.I. Frenkel, Neural network approach for characterizing 
structural transformations by X-ray absorption fine structure spectroscopy, Phys. Rev. Lett. 120 (2018) 225502.

Inverse:

P. Žguns, I. Pudza, A. Kuzmin, Benchmarking CHGNet universal machine learning interatomic potential against DFT 

and EXAFS: Case of layered WS2 and MoS2, J. Chem. Theory Comput. 21 (2025) 8142–8150.
Forward:

2Hc-WS2

bcc -Fe

MD-EXAFS

ANN-EXAFS
MD-EXAFS

RMC-EXAFS
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uMLIP CHGnet: Crystal Hamiltonian Graph 
Neural Network

20

Universal Machine Learning
Interatomic Potential (uMLIP)

B. Deng, P. Zhong, K. Jun, J. Riebesell, K. Han, C.J. Bartel, G. Ceder, Nat. Mach. Intell. 5 (2023) 1031−1041.

Graph neural network CHGNet with 
400438 trainable parameters was trained 
on the Materials Project Trajectory 
Dataset, split into training, validation, 
and test sets in a ratio of 8:1:1. 

It can be fine-tuned!

DFT (GGA/GGA+U) 

The colour on the lower-left triangle indicates the total 
number of atoms/ions of an element. 
The colour on the upper right indicates the number of times 
the atoms/ions are   incorporated with magmom labels in 
the MPtrj dataset. 
On the lower part of the plot is the count and mean absolute 
deviation (MAD) of energy, magmoms, force and stress.
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uMLIP: Vanilla & Tuned CHGNet vs DFT for 
layered WS2

21

Key structural parameters 
(dWS, zvdW) are well 
reproduced with 1000 
fine-tuning frames, that 
also yield force accuracy on 
the order of 50 meV/Å.

Force error

Energy error

Stress error

P. Žguns, I. Pudza, A. Kuzmin, J. Chem. Theory Comput. 

21 (2025) 8142–8150.
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uMLIP: Vanilla vs Tuned CHGNet for 
layered WS2
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Softening

P. Žguns, I. Pudza, A. Kuzmin, J. Chem. Theory Comput. 

21 (2025) 8142–8150.

NVT MD 
T=300 K

8a×8a×2c 
supercell 

(768 atoms)

t = 1 fs

Effect of tuning:
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uMLIP: Comparison with the best empirical 
potential

23

[1] A.V. Bandura, S.I. Lukyanov, A.V. Domnin,  D.D. Kuruch, R.A. Evarestov,  Comput. Theor. Chem. 1229 (2023) 114333. 

Empirical SWMBL-C potential was developed for bulk WS2 and nanotubes in [1].
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J. Timoshenko, A. Anspoks, A. Cintins, A. Kuzmin, J. Purans, A.I. Frenkel, Phys. Rev. Lett. 120 (2018) 225502.

In bulk Fe at temperature ca 1190 K (910 °C), the body-centered cubic structure (BCC) of -phase (ferrite) 
changes to face-centered cubic structure (FCC) of -phase (austenite).

BCC FCC
Z. Basinski, W. Hume-Rothery, A. Sutton, 
Proc. Royal Soc. London A 229 (1955) 459.

Artificial Neural Network (ANN) Approach to 
EXAFS: Phase Transition in Iron (Fe)

XAS
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J. Timoshenko, A. Anspoks, A. Cintins, A. Kuzmin, J. Purans, A.I. Frenkel, Phys. Rev. Lett. 120 (2018) 225502.

Experimental Fe K-edge EXAFS data of Fe

No oxidation!

Sample: 4 µm Fe foil (99.99+% Goodfellow) 
packed between two BN pellets.

bcc -Fe  ⎯→  fcc -Fe 
1190 K

Artificial Neural Network (ANN) Approach to 
EXAFS: Phase Transition in Iron (Fe)
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J. Timoshenko, A. Anspoks, A. Cintins, A. Kuzmin, J. Purans, A.I. Frenkel, Phys. Rev. Lett. 120 (2018) 225502.

Supervised learning based on MD
Classical NVT MD simulations were performed with GULP code (J. D. 
Gale and A. L. Rohl, Mol. Simul. 29, 291 (2003)) for iron with BCC, 
FCC and hexagonal close-packed (HCP) structures using Sutton-Chen 
type potential (modified Finnis–Sinclair (FS) potential) from X. Dai et 
al., J. Phys: Condens. Matter 18, 4527 (2006). 

Temperature was varied in the range from 10 to 1500 K, and the 
lattice parameters were varied within 97%-103% to account for the 
thermal expansion of bulk iron.

We used 20 ps equilibration time plus 20 ps production time with the 
time step 0.5 fs. We used 5a0x5a0x5a0 supercell for BCC (250 atoms), 
4a0x4a0x4a0 supercell for FCC (256 atoms) and 8a0x4a0x4c0 for HCP 
(256 atoms) phases. The lattice constant a0(T) was taken from XRD 
results for BCC and FCC Fe phases but of cobalt for HCP phase.

3000 MD-EXAFS spectra were generated from MD configurations using 
FEFF8.5L code. 600   600  600   100 nodes

Artificial Neural Network (ANN) Approach to 
EXAFS: Phase Transition in Iron (Fe)
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J. Timoshenko, A. Anspoks, A. Cintins, A. Kuzmin, J. Purans, A.I. Frenkel, Phys. Rev. Lett. 120 (2018) 225502.

RMC 
 ANN
 MDMD

 ANN

Validation of the neural network with theoretical data 
(not used for NN training)

Reconstruction of RDF g(R) for bcc/fcc Fe, 
fcc Ni and hcp Co using neural network and RMC

Artificial Neural Network (ANN) Approach to 
EXAFS: Phase Transition in Iron (Fe)



RÅC International Summer School, August 24-31, 2025, Tallinn, Estonia

Conclusions

28

• The use of Machine Learning (ML) methods in the interpretation and 
prediction of X-ray absorption spectra plays an important role in 
overcoming the limitations of traditional EXAFS/XANES analysis.

• Experimental EXAFS data, being sensitive to atomic structure and lattice 
dynamics, provide a valuable tool for validating the accuracy of MLIPs. 

• ML methods are expected to enable the rapid and accurate processing of 
large experimental datasets, facilitate on-the-fly analysis and potentially 
automated experimental control. 



The work was supported by the Latvian Council 
of Science project No. LZP-2023/1-0476. 

https://www.dragon.lv/exafs/ https://www.facebook.com/EXAFSLab/

Thank you for your attention!
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