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» There's no place like real-space: elucidating size-dependent atomic structure of nanomaterials using pair distribution function analysis, Christiansen T. L. & Cooper S. R., Jensen K. M. @
Nanoscale Adv. (2020)
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")
2 9
9 I DD

LL
)]
o s =
e ) o

(O] (O]
Tt
(D)
o - : ‘

0 4 6 10 4 6 8 10
r(A) r (&)
LL
()
O -
o ¢
“— =
N ©
©
()
4 0 4 6 10
r (A)

UNIVERSITY OF

OXFORD

G(r) (a.u.)

G(r) (a.u.)

o @ o 0
o
9 d @ o
29009 200 O
0 4 -a 6 é 10 0 2 4 né 8 10
r(A) r(A)
0 0 2 ‘.1 6 8 10




Ab initio structure solution with the LIGA algorithm il
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» Ab initio determination of solid-state nanostructure, Juhas P. et al., Nature (2006)



e Conventional structure refinement

Conventional scattering and spectroscopy modelling
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» Machine Learning for Analysis of Experimental Scattering and Spectroscopy Data in Materials Chemistry, Anker S. A. et al., Chemical Science (2023)
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» Structural Changes during the Growth of Atomically Precise Metal Oxido Nanoclusters from Combined Pair Distribution Function and Small-Angle X-ray Scattering Analysis, Anker A. S, et al
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» Structural Changes during the Growth of Atomically Precise Metal Oxido Nanoclusters from Combined Pair Distribution Function and Small-Angle X-ray Scattering Analysis, Anker A. S., et al.,
Angewandte Chemie (2021) (Back cover) 12
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» Structural Changes during the Growth of Atomically Precise Metal Oxido Nanoclusters from Combined Pair Distribution Function and Small-Angle X-ray Scattering Analysis, Anker A. S., et al.,
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» Structural Changes during the Growth of Atomically Precise Metal Oxido Nanoclusters from Combined Pair Distribution Function and Small-Angle X-ray Scattering Analysis, Anker A. S., et al.,

Angewandte Chemie (2021) (Back cover)
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DTU Scattering pattern matching
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» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S., et al., Digital Discovery (2023) (Front cover)




DTU Scattering pattern matching

UNIVERSITY OF

o
- e The brute-force approach OXFORD

Training set

e fcc
e 0000000
00000 0000000
020°0°0% 0000000
0000000
00000 0000000
0000000
0000000
S hep ~20.5 hrs. [ 3742 structures
© 0o 0000
0coo0o0o00O0 0oo0o0 -
00000O0O0 OOOOOOOO Train ML model to
000000O0O0O
60000060 oo structure
© 0 00O 0000
oo0o0 0000
N| °
Octar;edron Icosahedron
XX °ogo°
00000 0P8%°
0000000 00000
000000000 °°°g°°°
00000000000 0%0%
000000000
0000000
WMLAN\J:‘:T \

Marcus N. Weng

> DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S., et al., Digital Discovery (2023) (Front cover) 18
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» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S., et al., Digital Discovery (2023) (Front cover) 19



o Using ML to analyse scattering data [l
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Machine Learning for Analysis of Experimental Scattering and Spectroscopy Data in Materials Chemistry, Anker S. A. et al., Chemical Science (2023)

MetalFinder — DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S., et al., Digital Discovery (2023)
CIF-Finder — MLstructureMining: A machine learning tool for structure identification from X-ray pair distribution functions, E. T. S. Kjeer, et al. Digital Discovery (2024)
POMFinder — Identifying polyoxometalate cluster structures from pair distribution function data using explainable machine learning, Anker A. S., et al., J. Appl. Crystallogr. (2024)
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» Machine Learning for Analysis of Experimental Scattering and Spectroscopy Data in Materials Chemistry, Anker S. A. et al., Chemical Science (2023)
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» Machine Learning for Analysis of Experimental Scattering and Spectroscopy Data in Materials Chemistry, Anker S. A. et al., Chemical Science (2023)
» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S, et al., Digital Discovery (2023) (Front cover) 22

» Using generative adversarial networks to match experimental and simulated inelastic neutron scattering data, Anker A. S., et al., Digital Discovery (2023) (Front cover)
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DTU  The challenge of structures not in the database [l
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» Characterising the atomic structure of mono-metallic nanoparticles from x-ray scattering data using conditional generative models, Anker A. S. & Kjeer E. T. S., et al., 16t international workshop
on mining and learning with graphs under KDD2020 conference (2020) 24
» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S., et al., Digital Discovery (2023) (Front cover)
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Characterising the atomic structure of mono-metallic nanoparticles from x-ray scattering data using conditional generative models, Anker A. S. & Kjeer E. T. S, et al., 16" international workshop

on mining and learning with graphs under KDD2020 conference (2020) 28
DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjaer E. T. S. & Anker A. S., et al., Digital Discovery (2023) (Front cover)
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» Characterising the atomic structure of mono-metallic nanoparticles from x-ray scattering data using conditional generative models, Anker A. S. & Kjeer E. T. S., et al., 16t international workshop
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» Characterising the atomic structure of mono-metallic nanoparticles from x-ray scattering data using conditional generative models, Anker A. S. & Kjeer E. T. S., et al., 16t international workshop
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» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S., et al., Digital Discovery (2023) (Front cover)
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» Characterising the atomic structure of mono-metallic nanoparticles from x-ray scattering data using conditional generative models, Anker A. S. & Kjaer E. T. S., et al., 16" international workshop
31

on mining and learning with graphs under KDD2020 conference (2020)
» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S, et al., Digital Discovery (2023) (Front cover)
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» Characterising the atomic structure of mono-metallic nanoparticles from x-ray scattering data using conditional generative models, Anker A. S. & Kjeer E. T. S., et al., 16t international workshop
on mining and learning with graphs under KDD2020 conference (2020) 32
» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S., et al., Digital Discovery (2023) (Front cover)
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DeepStruc

Welcome to DeepStruc that is a Deep Generative Model which has been trained to solve a mono-metallic

structure (<200 atoms) based on a PDF!

Upload a POF

use DeepStruc to predict the structure
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Generate structures

Cite
If you use DeepStruc, our code or results, please consider citing our papers. Thanks in advance!

DeepStruc: Towards structure solution from pair distribution function data using deep generative models

2023 (hitps://pubs.ric.orglenicontent/articlehtmi/2022/dd/d2dd00086e:

Chara structure of mono-metallic nanoparticles from x-ray scattering data using

conditional g e models 2020 (https;//chemrxiv.org/engage/chemmxiviarticle-

details/60c74dd1842¢651412db3521)

LICENSE

This project is licensed under the Apache License Version 2.0, January 2004 - see the LICENSE file at
https:/gthub. [blobimain/LICENSE md for detals

Github

htts://github.com/EmilSkaaning/DeepStruc

Questions

andy@chem.ku.dk or etsk@chem. ku.dk

150 % speed

» Characterising the atomic structure of mono-metallic nanoparticles from x-ray scattering data using conditional generative models, Anker A. S. & Kjeer E. T. S., et al., 16t international workshop
on mining and learning with graphs under KDD2020 conference (2020)

> DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjaer E. T. S. & Anker A. S., et al., Digital Discovery (2023) (Front cover)

GitHub: https://github.com/EmilSkaaning/DeepStruc 35
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» Machine Learning for Analysis of Experimental Scattering and Spectroscopy Data in Materials Chemistry, Anker S. A. et al., Chemical Science (2023)
» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S, et al., Digital Discovery (2023) (Front cover) 38

» Using generative adversarial networks to match experimental and simulated inelastic neutron scattering data, Anker A. S., et al., Digital Discovery (2023) (Front cover)
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PCSMO is a half-doped manganite double perovskite
The nature of the magnetism has been probed with inelastic neutron scattering
Can a neural network infer the magnetic structure from the INS data?

Keith T. Butler Manh D. Le

» Interpretable, calibrated neural networks for analysis and understanding of inelastic neutron scattering data, Butler T. K. et al., Journal of Physics: Condensed Matter (2021)
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> Interpretable, calibrated neural networks for analysis and understanding of inelastic neutron scattering data, Butler T. K. et al., Journal of Physics: Condensed Matter (2021)
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» Using generative adversarial networks to match experimental and simulated inelastic neutron scattering data, Anker A. S., et al., Digital Discovery (2023) (Front cover)




DTU Unpaired image-to-image translation

Experimental

Exp2SimGAN

GAN generated: simulated

Eszsimnetwork

Simulated

OXFORD

GAN generated: experimental

Sim2EXpnetwork

45

» Using generative adversarial networks to match experimental and simulated inelastic neutron scattering data, Anker A. S., et al., Digital Discovery (2023) (Front cover)




DTU Training process

“ 202" UNIVERSITY OF
ooo:o:ooo ocgggoo o
oo g Rijoe ‘g%é OXFORD
w R Train ML model to
56 6 S 6 Jo0e identify structure
b S oloeslaleie alal 7
o °2§§§8° @X@) model

Machine learning challenges

Simulated data does not resemble
experimental data

Structure is not in structure database

Experimental

}i‘;’fgj -\LM,[U\M/——-——

ML prediction

ML prediction

0
g

i Simulated
E ° \}

°
e

» Machine Learning for Analysis of Experimental Scattering and Spectroscopy Data in Materials Chemistry, Anker S. A. et al., Chemical Science (2023)
» DeepStruc: Towards structure solution from pair distribution function data using deep generative models, Kjeer E. T. S. & Anker A. S, et al., Digital Discovery (2023) (Front cover) 46

» Using generative adversarial networks to match experimental and simulated inelastic neutron scattering data, Anker A. S., et al., Digital Discovery (2023) (Front cover)



ETE

OXFORD

Acknowledgements

UNIVERSITY OF
COPENHAGEN

o
n OVO Kirsten M. @. Jensen Emil T. S. Kjeer

n O rd i S k = University of Copenhagen
I S\

g

)

I

i =)

DanScatt

Argonne &

NATIONAL LABORATORY

‘.‘ M | Keith T. Butler Simon J. L. Billinge Raghavendra Selvan
University College London Columbia University University of Copenhagen
Scientific Machine Learning Group g g
Jeyan Thiyagalingam

& Science & Technology Facilities Council

ISIS Neutron and Muon Source
Manh Duc Le
Toby Perring

Technical University of Denmark

16.05.2024




