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AG E N DA Data-driven solutions

Crystallographic tools

Modeling approaches



Goals

- Discovery of new materials
- Diversification of technology stacks

-~ Environmentally friendly production
chains

Image «3eneHasn aHepreTuka» (style — detailed photo)
generated by Kandinsky 2.1




Data-driven




Materials discovery: the beginning of time

Stone Age Bronze Age

2.6 million 400 000 7 000 BC 1000 BC
years ago years ago

Images generated by Kandinsky 2.1



From discovery to application

® 1973
® 1980
= ® 1985
Chemistry
© Nobel Media 2019. lllustration: Niklas EImehed
“for the development of lithium-ion batteries” I 1991



Accelerating materials discovery

Empirical
Science

1stParadigm

Observations
Experimentation

Theoretical
Science

2" Paradigm

Scientific laws
Physics, biology,
chemistry, etc

Increasing speed, automation, and scale

Computational
Science

3rd Paradigm

Simulations
Molecular dynamics
Mechanistic models

Big Data-driven
Science

4t Paradigm

Big data, machine learning
Patterns, anomalies
Visualization

Accelerated
Discovery

PO TR

;ﬂm

Accelerated )

‘ Method l

Scientific knowledge at scale
Al generated hypotheses
Autonomous testing

m Scientific

1600s

1950s

2000s

2020s

Pyzer-Knapp E. O. et al. (2022) Accelerating materials discovery using artificial intelligence, high performance computing and robotics. npj Computational Materials 8, 64
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|s data really invaluable?

Image generated by Kandinsky 2.1:
«KoMnbroTep co3faeT N XPaHUT HOBbIe 3HAHUA»

Historical cost of computer memory and storage
This data is expressed in US dollars per terabyte (TB). It is not adjusted for inflation.

100 trillion $/TB
1 trillion $/TB
10 billion $/TB

100 million $/TB

1 million $/TB
10,000 $/TB
— Memory
N Flash
100 $/TB — Solid state
I I 1 1 I I — DlSk
1956 1970 1980 1990 2000 2010 2022
Data source: John C. McCallum (2022) OurWorldInData.org/technological-change | CC BY

Note: For each year, the time series shows the cheapest historical price recorded until that year.
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Data in action

Features

Algorithms

Data

Datapoints used to train notable artificial intelligence systems

Each domain has a specific data point unit; for example, for vision it is images, for language it is words, and for games
it is timesteps. This means systems can only be compared directly within the same domain.

}3 Task domain

1 trillion OpenAl Five, @ ® M Drawing
MoE. r B Games
M Language
Word2Vec (Iarge)‘ MuZero“ g- g
- YouTube Video Recommendation System oy B Multimodal
10 billion © GIoVe.(éB) B Not specified
ALIGN'. B Other
Iterahve Bootstrapping WSD: gNMT' B Recommendation
S o

- ° Bl Chaos 2008 M Speech
@ 100 million M5 ot «* - V")'
R Phrase-based tranelation Ision
) e Py
=3 JD-Gammon ¢® ° had
1) °
N - LSTM JpPLM GPU DBNS» amm
£ 1 million L4 Cpde-aadiand
% SRN Encoded GrammahcaIbStructur es
= Samuel Neural Checkers °

gamu u ° S¥M for faciij'etectlorg‘ .. C Neo
107000 le CNN System 11
NetTalk Thumbs Up? °
L) etJa Max Margin Markov Networks
Self Organizing System ° X
L] .Back—propagatlon
100 Theseus ®
°
Perceptron Mark | Neocognitron °
e ® .
Jul 2, 1950 Dec 27,1978 Sep 4, 1992 May 14, 2006
Publication date

Data source: Epoch (2023) OurWorldInData.org/artificial-intelligence | CC BY
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Data on structures and thermodynamics of materials

Experimental data

CICSD

FIZ Karlsruhe — Leibniz Institute for Information Infrastructure

31.10.2023
ICSD now contains 291,382 crystal
structures

The ICSD web version 5.1.0 is now online.

The Cambridge Structural Database (CSD)

small-molecule organic and metal-organic crystal

@ The comprehensive repository of validated and curated
structures.

Established in 1965 with historical structures dating back to the 1920s, the Cambridge Structural
Database (CSD) now contains over 1.25M accurate 3D structures with data from X-ray and neutron
diffraction analyses and additional curation from the CCDC. The database is used by researchers across
the pharmaceutical, agrochemical, and fine chemicals industries to predict and guide future discoveries.

Computational datasets

AFLOW

Automatic - FLOW for Materials Discovery

MATERIALS

154,718

INTERCALATION ELECTRODES

4,351

MOLECULES

172,874

3,479,057

form. enthalpies

366,988
band structures

172,488
Bader charges

5,650
elastic properties

5,664
thermal properties

1,738
binary systems

30,289
ternary systems

150,659
quaternary systems
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Search space

Group > 1 2 3 4 5 6 7 8 9 10 M1 12 13 14 15 16 17 18
Period v Noble
gases
Some elements near —
1 1 the dashed staircase are 2
N""met‘z/f_____H_ _______ sometimes called metalloids He
Metals 2 8 4 i 5 6 7 8 9 10
Li Be i B C N O F Ne
1M1 12 Transition metals 13114 15 16 17 18
3 Na Mg (sometimes excl. group 12) Al i_ Si P S Cl Ar
4 19 20 21 22 23 24 25 26 27 28 29 30 | 31 32 I 33 34 3 36
K Ca S¢ T V C Mn Fe Co N Cu 2Zn|Ga GeiAs Se Br Kr
5 37 38 39 40 41 42 43 44 45 46 47 48 | 49 50 51 | 52 53 54
Rb  Sr Y Zr Nb Mo Tc Ru Rh Pd Ag Cd | In Sn Sb i Te | Xe
6 55 56 Lato Yb 71 72 73 74 75 76 77 78 79 80 |81 82 8 84 |8 86
Cs Ba Lu Hf Ta W Re Os Ir Pt Au Hg | T Po Bi Po i At  Rn
7 87 88 Ac to No 103 104 105 106 107 108 109 110 111 112 | 113 114 115 116 117 | 118
Fr Ra Lr Rf Db Sg Bh Hs Mt Ds Rg Cn (Nh FI Mc Lv Ts lL Og
s-block ‘ f-block ’ d-block p-block (excl. He)
(incl. He)
Lanthanides 57 58 59 60 61 62 63 64 65 66 67 68 69 70
La C¢e Pr Nd Pm Sm Eu Gd Tb Dy Ho Er Tm Yb
Actinides 89 90 91 92 93 94 95 96 97 98 99 100 101 102
Ac Th Pa U Np Pu Am Cm Bk Cf Es Fm Md No

more than 10790 combinations

Image «Kpuctannunyeckasa CTpykTypa BellecTsa (style
— detailed photo) generated by Kandinsky 2.1
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Al workflows in materials science

Data
1st generation
Structure-property Structure
calculations

2nd generation
Crystal structure Composition
predictions

3'd generation Chemical and
Data-driven design of physical data
new materials

Algorithm

Local
optimization

Global
optimization

Machine
learning

Output

Property

o

Structure +
property

Composition +
structure +

property

Butler, K. T., Davies, D. W., Cartwright, H., Isayev, O., & Walsh, A. (2018). Machine learning for molecular and materials science. Nature, 559(7715), 547.

Image «J.A.R.V.I.S. XXenesHbin
yenoBek» (style — cyberpunk)
generated by Kandinsky 2.1
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Crystallographic tools
and modeling



Cathode materials
Operando studies of NCA

a) b) Voltage, V
2 25 3 35 4 45

003 a0 ¢ beel 5 1 3§ O
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B s e - 20
0 1 2 3 4 5 04 0 04
Interplanar lattice distances , A Current, A

(a) Evolution of neutron diffraction patterns during a charge-discharge
process. The intensive diffraction peaks at d = 3.4-3.7 A correspond to
Li C phases, and that at d ~ 4.7 A is a 003 reflection of the NCA
cathode material. (b) The corresponding changes of voltage and current.

J. Phys. Chem. C 2017, 121, 28293-28305



Cathode materials

Composition/configuration spaces of deintercalation

04

-3 stones

L

-2 stones

14 possible structures > 4 symmetrically inequivalent structures
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Cathode materials

Composition/configuration spaces of LNO and NCA

O 8
o —_ (]
o
< 3
X
&
O 8
83
o @
< g
S o Add
O .
substituent
<
.S
Z
—

J. Phys. Chem. C 2017, 121, 28293-28305

Remove
Li ions
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Cathode materials
DFT results for NCA and ML approaches
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Comparison of the data of operando neutron diffraction (open

squares) with calculated (a) a, (b) b, and

parameters of the NCA configurational space (open circles)

within the “PBE-vdW” model.
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6,11,11,11,11,12,12T1

Alall0.0.1.3

Co_all0.0..2.3

Al_close 0..0..0..1 Co_close 0..0..0..2

b) Li3 d) % Li4

Al_far0..0..0..3 Co_far0..0..0..3

a) Li1

J. Phys. Chem. C 2017, 121, 28293-28305

6,6,11,11,11,11,11,11,11,11,12,12,12,12T1

w

MAE, meV/atom
w

1.0
b)
0.8
0.6 1

0.4

R2

0.2

0.0 = without LiO_sublattice data
= without Ni_sublattice data
—-0.2 = without Li/Co data

without AICoO_sublattice data
= without Li/Al data
=0.41 — full set

0.0 02 0.4 0.6 0.8 1.0
Delithiation level, B

Dependencies of the estimators of energy prediction quality:

(a) MAE and (b) R2 determination coefficient versus delithiation for
the ridge regression models trained in a sequentially reduced set of

structural descriptors.
o (@) NAIRI



Solid electrolytes

Symmetrically inequivalent K+ pathways in Ti-doped KFeO,

(a) Ordered crystal structure Doping
.y.. B. 3 .4.

®® o0

e 0 9@ LI Modelcel

o0 e
0e 9€ 99

( X1 J o0 [ I J

Pathway 1 and --- SEPs

= Pathway 2 and -+ SEPs

@ Migrating ion
® Framework ion

@ Marked ion

Pathway of type 1 — Pathway of type 2

\\: Sets of inequivalent pathways of different types

® Substitutional defect .

(c) Configurational space (marked ions + substitutional defects)

(b) Framework disordering | \\

A ]

T3 (1
Pathway type 1

= Pathway type 2

Marked ions do not
correspond to any pathway type

J. Phys. Chem. C 2019, 123, 29533-29542

. ‘ Ring 1
‘ Ring 2
O Ring 3
@ring4
‘ Ring 5

KFeO, crystal structure with five indicated {FeO}s rings corresponding to five
inequivalent K* migration pathways.

Fe > Ti Inequivalent Inequivalent
substitutions structure K* pathways
realizations

64 128
15 552 59 520
1537 600 8 630 400
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Solid electrolytes
ML predictions of K* migration in Ti-doped KFeO,

K2
close
J
K1
>  close
>

(a) (b)
§ ' ---- Ridge regression e Ridge regression o o
3 . —— Random forest e Random forest °
;‘. 044 e L8 e Gradient boosting - 0.4 1 = Gradient boosting o° @,
2 « DFT calculations 2
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© o
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E 011 & 0.1 1 R? = 0.935
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T T T T T T T T T
1 2 3 4 5 0.1 0.2 0.3 0.4
Pathway type Model assessment, eV/ion
(c) (d)
ggﬁ %agg %g% . N mmm Random forest
PDA (0.589. 0.982] - ° W Gradient boosting
PDA (0.196, 0.589] A °
5 PDA (-0.196, 0.196] °
£ POD (8.0,9.0]
2 PDD (7.0, 8.0] °
] PDD (6.0, 7.0] ®
3 PDD (5.0, 6.0] - °
° PDD (4.0, 5.0]
] PDD (3.0, 4.0] °
5 K2 close -
F~1 K1 close -
S Ti/Fe2 framework - °
S Ti/Fel framework °
n athway type 5
athway type 4 - °®
athway type 3 - °
athway type 2 °®
athway type 1 - °

T T T T T | T T T r T T T T T
—0.08 -0.06 -0.04 -0.02 0.00 0.02 0.04 0.06 0.08 0.0 0.05 0.10 0.15 0.20 0.25
Value, eV/ion Descriptor importance

(a) Comparison of the DFT calculated maximum energies along the pathways (dots) with the different model
predictions (lines) with respect to the pathway types. (b) Scatter plot of the DFT calculated maximum energies
vs model assessments. While (c) summarizes the coefficients of the ridge regression model, (d) visualizes the
results of the feature importance analysis within the random forest and gradient boosting regression models for
20 introduced categories of structural descriptors (PDA: intervals in radians; PDD: intervals in angstroms).

J. Phys. Chem. C 2019, 123, 29533-29542

Ti/Fel
0.982 K2 close

Ti/Fel 1374 1374
K1 close ; gg-

0.0\ || o196

0982 Ti/Fe2
K2 close

Ti/fFe2 0982
K1 close 1.374 1374

Ridge regression assessments of the maximum energies with
respect to the values of the structural descriptors. PDD and

PDA are the coordinates of the polar-type system.

Fraction of pathways
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g
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0.25

—

i atoms

Number of

0=f=<1/3
unfavorable

1/3<f=2/3 2/3<f=1
medium favored highly favored

Pathway statistics with respect to their favorability f at the
studied doping levels of the K1-xFe1-xTixO2 structure (1, 2,

and 3 Ti atoms in the model cell).
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Electrocatalysis and optoelectronics

New materials discovery through the structure-to-property predictions

Inequivalent

Number ...
combinations

Adsorbate 82

molecules 19281040
Adsorbent (~264 890 000)

materials 11451

BREEETRERS

ACS Catalysis 2021, 11, 6059 — 6072

Inequivalent

Number .
umbe combinations

Black phosphorous Hexagonal boron nitride Molybdenum disulfide Pristine 2D 6 Low defect contents:
monolayers (bases) 11866 (MoS;, WSe;)

and 9 P vacancies. The presented configuration and 2 B vacancies. The presented configuration substitutions vacancies. The presented configuration
possesses the lowest energy of ca. 0.091 eV/atom possesses the lowest energy of ca. ~1.072 eV/atom possesses the lowest energy of ca. -0.882 eV/atom
among the structures with the same composition among the structures with the same composition among the structures with the same composition

(N9P126) after the DFT relaxation (B58C4NB4) after the DFT relaxation (Mo6351265e2W) after the DFT relaxation PO'nt defeCtS vacancies and ngh defect contents:
P_P126N9_314e6036-22ea-459f -baal-603a415ca576 BN_B58C4N64_8eaeaal 60-6bdb-40d8-ablc- 6141f8669cbada84a8676bab (8 x 8 x 1 supercell) S u bStit utio n S I I
(6 % 6 1 supercell) b6734d8e0111 (8 8 x 1 supercell) 3000 (a ba SeS)

npj 2D Materials and Applications 2023, 7, 6
https://2dmd.airi.net/

@) NIRI



Crystal structure representations and Al models

—

Computationally
available samples

Table of descriptors Graph representation

T

composition

atomic
coordinates
Complete

composition/configuration
space

coordination
numbers

defect content

structural motifs

o (@) NIRI



Graph neural networks

4 CGCNN

_____

......

R Conv L, hidden

Pooling L, hidden

4 . )
DimeNet
\ 4
4 N
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Discovering new materials

from structure-to-property predictions to synthesizability assessments

Physics-informed
neural networks

SpinConv g
(021) *

* T -

Ac Th P U Np Py Am Cm Bk Cf E Fm M& No Lr

o

He ev/atom

'u.as

no vahe

(a)

GNN: Epyy, eV/atom

—0.04 -

0.10 1

0.06

0.04

0.02

0.00 A

QA

Simplified

« All types of defects

* Random
subsampling

(wy.vi
Initial @AS

structure

Disorder introduction

DFT modeling and model training

« Energetically favored
types of defects

 All symmetrically
inequivalent
structures

O A4

Enhanced
CCS

N

Promising

phases

» Data-driven
estimation of
thermodynamic
properties

» Computational
verification

Model inference

7 (b) (c)
weight 0.10 1 weight —0.50 1 --e- Known phases (convex hull)
1 1 # DFT-confirmed ACs
0.08 - 2 0.08 1 2 05554 x Candidate ACs (GNNs)
. 3 3 @ Candidate ACs (RF) g

H 6 £ 0.06- & . 6 b3

o S .o —0.60 1 % " Scs7Ptiz
oy o 8 | B ~X e 8 | ¢ o

; o 12| 3 0044 - e 2|8

o 24| 2 d o 24| S 70657 “
: ® 48 | & 002 e e 48| U X
e 5 P W -0.70 A %‘
o i ° ~ 4
i G 0.00 e - ‘i
o ©* —0.75 A %
—0.02 4 J —0.02 K
-0.804 .4
—0.04 1 2
T T T T T T T T T T T T T T T T T
—0.025 0.000 0.025 0.050 0.075 0.100 —0.025 0.000 0.025 0.050 0.075 0.100 0.74 0.76 0.78 0.80 0.82
Random Forest: Eny, €V/atom Sc content

Random Forest: Epui, €V/atom

For the Sc-Pt systems, comparison of EHs obtained by the RF regression and GNN-based models (a) without taking into account defect

contents and (b) considering them by GNN-B. (c) Formation energies (gray crosses) calculated for the selected structures and the

Sc2Pt-Sc57Pt13-Sc convex hull (blue dotted polyline). The structures with DFT-confirmed EHs below 2 meV/atom and those of them
predicted by the RF regression are highlighted (blue crosses and green circles, respectively).

Cryst. Growth Des. 2022, 22, 4570-4581
Materials Today Chemistry 2023, 30, 101541
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Discovering new materials

from structure-to-property predictions to structural stability

e Graph Formation energy
neural distributions
network
] (%)
o =
[ (=) .
o = Energy difference
Q
= % between the phases
(7]
;=
o

Formation energy increase
Configuration space complexity

s v

Doping level

increase

Table 1: Statistics of the obtained CCSs with mention of the corresponding assignment of
data within the data-driven approach and corresponding calculation scenarios.

Pb atoms | . .Number ok DAt g Calculation
i inequivalent structures GNN s
substituted . scenario
v (black) J (yellow) train
test
phase phase val
0 1 1 all 0 DET
1l 1 1 all 0 (full CCS)
2 15 16 al | 0 B
3 87 87 18 5 DFT
4 632 637 0 5 | (subsample)
5 37225 5225 0 5 +GNN
6 14 509 14 544 0 0 GNN

(a) Cd-doping Zn-doping
g 1 ? 1
E 101! 4 ' *+ E Model
%} H H % ——— SchNet (both-both)
E_ —— SchNet (element-both)
] —— Allegro (both-both)
21004 !
(b)
2.0 A
£
2
© Model
3 157 —— Allegro (both-both)
£ ___ Allegro (both-both)
4 pre-trained on Aflow
S 1.0
<
0.5 A
()
€
% 10! 4 Model
N —— Allegro (both-both)
“E’ —— Allegro (element-both)
wi ___ Allegro (element-both)
g pre-trained on Aflow
& 100
. 4

0123456789111 012345678 91011
Validation group Validation group

(a) For the SchNet and Allegro models with random initialization of their learnable parameters

(without pre-training), the average test RMSE dependencies on the validation group used. Pre-

training effects on the test scores for the (b) both-both and (c) element-both Allegro model. In all

plots presented, the translucent areas correspond to one standard deviation of the test RMSE scores

obtained using 4 random training/validation subsets.

Submitted to Computational Materials Science
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Discovering new materials

ML-based synthesizability assessments for higher borides
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Discovering new materials

= Task

Al for predicting new materials and targeted
modification of their properties

Material domain

A 1
Quasicrystal " _w./

Perovskites * Higher

> Methods

GNN (SpinConv, Graphormer, Allegro)
with modification of graph properties

Optimal training and data sampling strategies
Physical modeling (DFT)

2D materials

approximants borides
Search 16 000 74 000 376 000 100M+
space
DFT-derived 37% 0.3% 0.07% < 0.006%
samples (6000) (200) (260) (6000)

s (@) NIRI



Discovering new materials

9 Task

Generation of crystal structures with optimization
of composition/structure/properties

S

9 Methods

Generative neural network models (Variational
autoencoder)

Modification of latent representation of crystal
structures

Physical modeling (DFT)

Composition modification

A 4

LiCoO,

Structure/property modifications

AlgV,Cu,
-240 meV/atom

@) NIRI



Digital world vs Real world
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The task of searching for new functional materials has
almost unlimited complexity

The environmental and efficiency agenda determine the
direction of the search for new materials

Al models are a universal approach allowing to predict
properties of materials



New Materials Design Group @ AIRI
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Artificial Intelligence
Research Institute

airi.net

airi_research_institute

AIRI Institute

AIRI Institute

AIRI_inst

60000

artificial-intelligence-research-institute



https://www.youtube.com/c/AIRIInstitute
https://t.me/airi_research_institute
https://twitter.com/AIRI_inst
https://ru.linkedin.com/company/artificial-intelligence-research-institute
https://vk.com/airi_institute




