OH, HEY, YOU ORGANIZED
OUR PHOTO ARCHIVE!

YEAH, T TRANED A NEURAL
NET T0 SORT THE UNLABELED
PHOTOS INTO mrEGoRrEs

LJHCP:' NICE. WORK!

i

ENGINEERING TiP:
\WHEN YOU DO A TASK BY HAND
You CAN TECHMCALLY SAY You
TRAINED A NEURAL NET To DO IT.

Using machine learning to advance
materials design

Sai Gautam Gopalakrishnan

Materials Engineering, Indian Institute of Science
saigautamg@iisc.ac.in: https://sai-mat-group.qgithub.io

IIT Alumni Centre Bengaluru
Jan 18, 2025
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Why bother about materials science?

Key performance bottlenecks in key applications: governed by materials used

@

Cu Al
rrrrrr t W current
llector 8_/ ° - collector
Graphene Li*  Solvent LMO Iaye
structure molecule uctul

B. Dunnetal., Science 2011

Inside a photovoltaic cell

transparent
negative
terminal

positive
terminal

energy
from light

glass

n-type layer
(semiconductor)
junction

p-type layer

(semiconductor)

freed electrons

Source: U.S. Energy Information Adminisf

energy
from light Freed electrons
available to the circuit
HM/ TN
coee =
) (((( i
‘ o ( 222 + (current)

holes filled by freed electrons

tration

Energy and power density of a battery: limited by materials used as
electrodes (and at times, electrolytes)

Key material properties: stability, ionic mobility, reaction energies

Usage of better materials = better performance

Efficiency of a photovoltaic: choice of semiconductor used as the
light absorber

Key material properties: band gap, stability, resistance to point
defects



Why use machine learning (ML) In

materials science?

Technological innovation and deployment is a ‘slow’ process: often limited by materials

Cars (US) [ [

Historical Future

Cathode Ray Tube TV (US) [

Videocassette Recorder (UK)

Novel products for new
use and consumer
products

Cash cards & ATMs (UK)

Mobile phone (US)

Compact fluorescent light bulbs (UK)

Lithium ion rechargeable batteries (Global)

Thin Film Transistor LCD TV (Global)

end use and consumer
products

LED lighting (UK)

Replacement products- energy| markets - energy end

Nuclear power (France) [

Combined cycle gas turbines (UK) [

Solar photovoltaics (Germany)

Electricity generation
technologies

Wind electricity (Denmark)

1880 1900 1920 1940

0 Invention, development and demonstration
0 Market deployment and commercialisation

1960 1980 2000 2020 2040

@ EU restriction on natural gas generation

Gross et al., Energy Policy 123, 682-699 (2018)

Innovation is
particularly
slow in
energy
generation
sector!



Why use machine learning (ML) In
materials science?

Technological innovation and deployment is a ‘slow’ process: often limited by materials

2 T . Cars (US) | ‘ | | Historical Future
< o 9

8§55

23 2 ‘3 Cathode Ray Tube TV (US) [ | |

8§89 3 !

T 1 ; 8

g_g S5 Videocassette Recorder (UK)

523 |

> s 5

SE Cash cards & ATMs (UK)

Faster ways of discovering new/better materials - faster innovation cycles

Machine learning = “model” materials/“predict” properties faster

§- LED lighting (UK) :l:
e Nuclear power (France) [ | In novation iS
g . | ;
o % Combined cycle gas turbines (UK) [ V7778 partlc_l'”arly
o | slow in
:g g Solar photovoltaics (Germany) [ [ | energy
Y -
= Wind electricity (Denmark) ‘ [ | | generatlon
‘ \
I | | | . | | | I
1880 1900 1920 1940 1960 1980 2000 2020 2040 sector!

0 Invention, development and demonstration [ EU restriction on natural gas generation
0 Market deployment and commercialisation

Gross et al., Energy Policy 123, 682-699 (2018) S



Materials Genome (2011-present
THE U.S. MATERIALS GENOME INITIATIVE

“...to discover, develop, and deploy new materials twice as fast, we’re launching what we call the Materials Genome Initiative”

OMeeting Societal Needs
Advanced materials are at the heart
of innovation, economic opportunities,
and global competitiveness. They are
the foundation for new capabilities,
tools, and technologies that meet
urgent societal needs including clean
energy, human welfare, and national
security.

/i
=
1
—— Clean Energy ——O Human Welfare

The MGI is a multi-agency initiative to
renew investments in infrastructure
designed for performance, and to
foster a more open, collaborative
approach to developing advanced
materials, helping U.S. Institutions
accelerate their time-to-market.

a R R . » " 13
e ol R SR

o Accelerating Our Pace

Time to Market

————————————0 Before MGI

~ President Obama, 2011

The U.S. Materials Genome Initiative (MGI)
challenges researchers, policymakers, and
business leaders to reduce the time and
resources needed to bring new materials

to market—a process that today can take

20 years or more.

Discovery Development

g

a A n . b " R S o . 8 B
T ST WO L .l.i'.. :-..‘l.'l.'

O After MGI

Deployment

{O Computational tools ————————O Experimental tools —————O Collaborative networks —————( Digital data

"= .l.'h. ‘.J.'L'."'



Evolution of ‘'modelling’ in materials

sclence

On the determination of molecular fields.
—Il. From the equation of state of a gas

J. E. Jones

Published: 01 October 1924 https://doi.org/10.1098/rspa.1924.0082

1924

Inhomogeneous Electron Gas

P. Hohenberg and W. Kohn
Phys. Rev. 136, B864 — Published 9 November 1964

1964

Computer simulation of local order in condensed phases of silicon

Frank H. Stillinger and Thomas A. Weber
Phys. Rev. B 31, 5262 — Published 15 April 1985; Erratum Phys. Rev. B 33, 1451 (1986)

1986

From ultrasoft pseudopotentials to the projector augmented-wave
method

G. Kresse and D. Joubert
Phys. Rev. B 59, 1758 — Published 15 January 1999

1999

Generalized Neural-Network Representation of High-Dimensional
Potential-Energy Surfaces

Jorg Behler and Michele Parrinello
Phys. Rev. Lett. 98, 146401 — Published 2 April 2007

2007

THE U.S. MATERIALS GENOME INITIATIVE ~ 2011-
s 2018

1957

1975

1996

2003

2018-

present

RESEARCH ARTICLE | AUGUST 13 2004
Phase Transition for a Hard Sphere System
Special Collection: JCP 90 for 90 Anniversary Collection

B. J. Alder; T. E. Wainwright
'.) Check for updates

J. Chem. Phys. 27, 1208-1209 (1957)
https://doi.org/10.1063/1.1743957  Article history &

Clustering and ordering in solid solutions

D. de Fontaine

Generalized Gradient Approximation Made Simple

John P. Perdew, Kieron Burke, and Matthias Ernzerhof
Phys. Rev. Lett. 77, 3865 — Published 28 October 1996; Erratum

Shock Waves in High-Energy Materials: The Initial Chemical Events
in Nitramine RDX

Alejandro Strachan, Adri C. T. van Duin, Debashis Chakraborty, Siddharth Dasgupta, and William A. Goddard, Ill
Phys. Rev. Lett. 91, 098301 — Published 28 August 2003

Predicting Crystal Structures with Data Mining of Quantum
Calculations

Stefano Curtarolo, Dane Morgan, Kristin Persson, John Rodgers, and Gerbrand Ceder
Phys. Rev. Lett. 91, 135503 — Published 24 September 2003

Data DeePMD-kit (a) FE
Generator Data | Tain/fest & ~
DFT, AIMD, QMC, ... rawdata &
P s
' g
DeePMD-kit Bacip) 2
MD support o CM&)
r DeePMD | 5
MO Interface Model networks %
\ = ()
Predictions 3

DeePMD-kit lib
descript OP, force OP,
& virial OP

TensorFlow lib
standard Tensor OP
& Compt. Graph

O
o\
E %:% O Output

Pooling L, hidden




Types of ML In materials science

Regressions: make property Interatomic potentials:

Advanced topics:
predictions better with describe potential energy Diffusion (generative)
‘simple’ inputs surface accurately models, language models,
(also classifications) transfer learning

KNeighborsRegressor, r2: 0.7503 Total energy
-——- ideal & Latent Space
. . O\/ 34 W)
—— linear fit - ’ — [ ]
2F o 24 D ®)‘\\ Other atoms O&‘iﬂ
O o O A O
o ©® S : AT ,') Ei ‘! .
3 8 O SRR : !
° - ~Ef s vefe) i '
o1 Q°°E : ‘.
a e o s ool Atomic T : Iil
o P ositions M
o) P . o<
® ... [ ]
[ ] P [ ] .i [ ]
® o ..
[ ] ¢ ®
Atom |
E
o
(o] [¢]
o o

CrystalLLM



Where does the data come from?

DEAD & ALIVE
SCHRODINGER'S CAT

branies

Desi
experiments

Design of
experiments

Database system

ynthesis samples
No
Characterization
Yes of materials
<+— | Meets goals?
<«

Analysis/
Re-analysis

9/ Data mini

for scale-up

A~
\...‘_ :/\J
7/
o

National Institute of
Standards and Technology

Cicsp

HIEN.



Where does the data come from?

Home

Benchmark Info

Leaderboard-Property: General Purpose Algorithms on matbench vo.1

Find more information about this benchmark on

Task name Samples Algorithm Verified MAE {unit) or ROCAUC Notes

87.7627 (MPa)

33.1918 (meViatom)

26.7606 (cm*-1)

0.3327 (eV)

0.2711 (unitless)

0.9209

DEAD & ALIVE

0.0670 (log10{GPa)) structure required

SCHRODINGER'S CAT st o

Data organization: python/API : : | &
ML: python ‘
I CS D Nahonal Institute of 0

Standards and Technology

0.1559 (eV) structure required

0.9520 structure required

0.0170 (eV/atom) struciure required



https://matbench.materialsproject.org/

Classic machine learning models
and use cases Iin materials

H



Linear and non-linear models

Relationship of target data can be linear/non-linear with underlying independent variables (descriptors)

A o

Target property

® o
o ® o
® o0
o
® .
Linear data
@

Independent variable(s)

Linear regression/linear model works best

y=>b+ Zaixi
i

Popular models:

« Linear regression (RMSE reduction)
 LASSO regression (L; norm)

* Ridge regression (L, norm)

A

Target property
.
O

O .
O Non-linear @

data
%

Independent variable(s:;

Non-linear regression/non-linear model works best

y=b+ Zf(ai,xo

Popular models:

Random forest

Support vector machine (SVM)
K-nearest neighbors (KNN)
Neural networks*



Overview of non-linear (simple) models

Most non-linear models can be used both for regression and classification

Random forest

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-2 Result-N

l

Majority Voting / Averaging

Result-1

Final Result

Ensemble model: final decision
IS an average of several trees

Each tree; if-else decisions

Handle noisy and ’large’
data

Resistant to overfitting
Less sensitive to training
data

May not be interpretable
Computationally slow for
'large’ datasets

Support vector machine

X2 Maximum
margin Positive hyperplane
~Jeoge® ®
< . e ®®
" o
Support “ ¢
vectors - .
. .\\XSupport
O Y ,  vectors
o © )
O O
o ©
o N
o Positive hyperplane

Identify hyperplanes that
separate data into clusters

Efficient at identifying key
descriptors in high-
dimensional space
Memory efficient

* Sensitive to noise in data

Maximum
margin
hyperplane

K-nearest neighbors

sz .

New pglnt ® Category B

OO
o ©

O o ©
o Category A

X1
Uses feature similarity (i.e.,
‘distance’ from other points) to
make predictions about
unseen data

« Easy toimplement
* Resistant to noisy data

« Memory inefficient (needs to
store entire training data)




(Classic) machine learning in action:
predicting vacancy formation

A ‘ ' S «  ABOj; perovskites
JOURNAL OF THE AMERICAN CHEMICAL SOCIETY * A: Ca’ Sr, Ba’ La, Or Ce

pubs.acs.org/JACS * B: T|, V, CI’, Mn, Fe, CO,
or Ni

Factors Governing Oxygen Vacancy Formation in Oxide Perovskites
Robert B. Wexler, Gopalakrishnan Sai Gautam, Ellen B. Stechel, and Emily A. Carter™

Cite This: J. Am. Chem. Soc. 2021, 143, 13212-13227 I: I Read Online ° Database 341 . DatapOIntS
obtained from density functional

theory (DFT) calculations

* Model: A simple linear model with physically intuitive
descriptors O vacancy formation in ABO5 perovskites

o Crystal bond dissociation energy
E_'j_.iization

o Crystal reduction potential E
o Band gaps ~¢c8
O

Energy above hull

* Performance: |
o Mean absolute error (MAE) - 0.45 eV e
o BiFeO; and BiCoO; identified as viable
candidates for solar thermochemical water
splitting

14



(Classic) machine learning in action:

predicting elastic moduli

' t ; ( ; S % Cite This: J. Am. Chem. Soc. 2018, 140, 9844—-9853

JOURNAL OF THE AMERICAN CHEMICAL SOCIETY

Machine Learning Directed Search for Ultraincompressible,

Superhard Materials

Aria Mansouri Tehrani,"*® Anton O. Oliynylk,-:_'J“ Marcus Pan'y,:g: Zeshan Rizvi,” Samantha Couper,§

Feng Lin," Lowell Miyagi,§ Taylor D. Sparks,”™ and Jakoah Brgoch*’-i-

* Model: Support vector machine
regression using 150 composition and
structural descriptors

+ Performance:
o r2score =0.94
o ldentified incompressible — high
hardness metal ReWC,g and
Moy oW, ;BC with B = 380 and
370 GPa, respectively
o Experimentally verified

predicted shear modulus

pubs.acs.org/JACS

Database: 3248 Bulk (B) and
shear modulus (G) data
obtained from the Materials
Project (MP) database

1

|

|

predicted bulk modulus

15



(Classic) machine learning in action:
predicting elastic moduli

' t \ ( ; S % Cite This: J. Am. Chem. Soc. 2018, 140, 9844—-9853

JOURNAL OF THE AMERICAN CHEMICAL SOCIETY

pubs.acs.org/JACS

Database: 3248 Bulk (B) and
shear modulus (G) data

Machine Learning Directed Search for Ultraincompressible, obtained from the Materials

Superhard Materials

Project (MP) database

Aria Mansouri Tehrani,tl_ Anton O. Oliynle_(,.%'l Marcus Parry,* Zeshan Rizvi, Samantha Couper,§
Feng Lin,” Lowell Miyagif Taylor D. Sparks,”™ and Jakoah Brgoch™"'

* Model: Support vector machine
regression using 150 composition and
structural descriptors

* Performance:

o r2score =0.94

o ldentified incompressible — high
hardness metal ReWC,g and
Moy oW, ;BC with B = 380 and

Summary:

« Classical ML models have been used in specific property predictions with varied accuracy



Graph models



Neural networks

Suppose we want to fit the following data | \" -----

VRN
/ N\
..................... / M Pros
~ eo—@»  Robust and accurate
Fitting a simple - Parallel processing
regression model

Cons
* Minimal interpretability
« Tendency to overfit

Dependent variable

g
g
{1

Independent variable

Neural networks can fit
a squiggle

Single layer neural network

Optimized biases and weights are obtained via
back propagation

Weights and biases determine the part of the
activation function that will contribute to the
squiggle

Several types of NNs exist
Graph NNs particularly relevant for materials

Output layer




Graphs are an intuitive way to model
atoms and bonds

Each node has a feature
vector: collection of atomic
properties (mass, charge, etc.)

Nodes are atoms (features)

~ Edges represent bonds
" (relationships)

x1 | x2 | x3

x3

x1 | x2 | x3

Graphical Suitable Embeddings Feed forward to

representation (pass a NN (fit Regression or
of the data information weights and classification
(structure) across bonds) biases)

convolutional
scheme

Graph _neural networks can make @ os cons

predictions at three levels Highly accurate Storage/input graph size
» Graph level (overall structure) Message passing: use Inability to distinguish

- Edge level (for a given bond) information from neighbors multiple types of bonds

* Node level (for a given atom) Can take into account Need to ensure

underlying symmetry permutational invariance
and equivariance



Message passing: learn from
neighbors

[l =[] -
At the end of first x1 N X3 | -

message passing layer

x1 | x2 | x3

x1 | x2 | x3

x1 | x2 | x3] . h4(k)_—

Aggregate Update

After multiple message

passing layers 20



Predicting material properties:
Diverse material properties with graph neural network

PHYSICAL REVIEW LETTERS 120, 145301 (2018)

Properties : Formation energy, band
Crystal Graph Convolutional Neural Networks for an Accurate gap, Fermi energy, bulk and shear

and Interpretable Prediction of Material Properties moduli, and Poisson’s ratio
Tian Xie and Jeffrey C. Grossman
Department of Materials Science and Engineering, Massachusetts Institute of Technology, Database: 104 DFT-calculated
Cambridge, Massachusetts 02139, USA datapoints from MP
&D 5Oﬁ> SN Model: Crystal Graph convolutional
dER AP neural network (CGCNN)

Performance:

Formation energy: 0.039 eV/atom

Band gap: 0.388 eV

Fermi energy: 0.363 eV

Elastic moduli: ~1-2 GPa

Poisson’s ratio: 0.03

>O oupit o |dentified 228  ‘synthesizable’
perovskites out of 18928 in the

training database

.....

O O O O O O

_____

%,
R Conv L, hidden Pooling L, hidden

21



Predicting material properties:
Mechanical properties for energy storage

mmmmmmmm

Zeeshan Ahmad,”® Tian Xie,* Chinmay Maheshwari," Jeffrey C. Grossman,” . .
and Venkatasubramanian Viswanathan®** 12 ’ OOO co mpou n d S Wlth L|

Mechanically anisotropic interfaces

cel‘ltral  Cie This.ACS Cot. Sci. 2018, 4, 996- 1008 mespsscsoniemaiass - SUPPress dendrite growth
science .

« Dependent on G, B, and elastic
Machine Learning Enabled Computational Screening of Inorganic constants.

Solid Electrolytes for Suppression of Dendrite Formation in Lithium

Metal Anodes Database: Subset of MP containing

Model:

O

Graph neural network for G and B

prediction 0

o Gradient boost and Kernel-ridge %0\
regression for elastic constant % .>O Output
predictions %./

J

Performance: Convolution Pooling

o RMSE in log(GPa): 0.1268 (G) and :
0.1013 (B) Material - Convolution/ —p Stability —p Dendrlte-

o 20 interfaces with six solid Database  Regression criteria :Egﬁzstg;g

electrolytes predicted to be stable
against dendrite initiation

22



Predicting material properties:
Mechanical properties for energy storage

ACS AuthorChoice:

Mechanically anisotropic interfaces

central @ Cite This: ACS Cent. Sci. 2018, 4, 996—1006 http://pubs.acs.org/journal/acscii Suppress dendrlte grOWth
science .

« Dependent on G, B, and elastic
Machine Learning Enabled Computational Screening of Inorganic constants.

Solid Electrolytes for Suppression of Dendrite Formation in Lithium

Metal Anodes I
tal Anodes $ Database: Subset of MP containing
Zeeshan Ahmad, ™ Tian Xie,” Chmm%y‘ Maheshwari, Jeffrey C. Grossman,

and Venkatasubramanian Viswanathan®** 12,000 Compounds W|th L|

Model:
o Graph neural network for G and B
prediction H 1 0
o Gradient boost and Kernel-ridge Ly 0
regression for elastic constant 3;&%53 % 9 0 Output
predictions 5 .
Neaas ’ ' J
Performance: Convolution Pooling
o RMSE in log(GPa): 0.1268 (G) and :
0.1013 (B) Material - Convolution/ —p Stability —p gle;frlgstsing

Summary:
« Graph networks are an intuitive way to represent materials

« Have advanced accuracy of models and enabled predicting multiple properties with similar
architecture



Graph models and interatomic
potentials



Why machine learned interatomic
potentials (MLIPs)?

Classical force-fields have difficulties in modelling ‘complex’ potential energy surfaces
» Diversity of species and bonding environments

» Limited accuracy vs. DFT
E

MLIPs: Flexible functional form V
« Can handle diversity of species and bonding environments
* Introduce permutation, rotation invariance
* Improved accuracy vs. DFT compared to classical force-fields

Barték and Csanyi, Int. J. Quantum Chem. 116, 1049 (2016)

Mishin, Acta Mater. 214, 116980 (2014)

E

Atomic
Coordinates

4

Hidden
Input Layer

Layer
/‘ } \\
4 \ /
/ \ /
/! \ \
\ W/
X\ /
|\
X /

Fingerprint a local
environment around
a reference atom

+ machine-learning
model

= (classic) MLIP

25

Koceret al 1 Chem Phve 150 154102 (20190)



Message passing Is quite useful

_ _ Atom-centered
With message passing representation (without

(t:iteration) T ~-.._ Message passing)

e,
---------

Message passing helps learn long-range interactions MLIPs incorporating message

« Effective interaction from t X r.; passing should have higher
« Computationally efficient learning rates and describe longer
- Eliminates unnecessary neighbors range interactions better

Figure: Batatia et al.,, arXiv, 2205.06643v2 (2022) 26



Invariance vs. eguivariance

Equivariance

f(gx)=g1(x)

Invariance

f(gx)=1(x)

Rotated dog

The of the vector
1s invariant to translation
and equivariant to rotation

#

-" The magnitude of the
vector 1S invariant to
translation and rotation

The location (position) of e
the vector is equivariant to e
translation and rotation

»  Batzner et al., Nat. Commun. 13, 2453 (2022)

In materials parlance:

« Scalars (energies) are invariant

« Vectors (forces) and tensors
(stresses) are equivariant

« Several useful material properties
are equivariant

E(3): Translation, Rotation, Reflection 27


https://datascience.stackexchange.com/questions/16060/what-is-the-difference-between-equivariant-to-translation-and-invariant-to-tr

Foundational models: MACE-MP-0

MATERIALS PROJECT _ _ _ _

Hr e poneos Trained on Materials Project trajectory

[a o) [ai[si[e]'s i)

felecIm] Lol coanencolofi]o ] dataset (~1.5M structures)

c=[zalll ne|7a | w [Re[os] ir | Pt aulho| Tt [po] ai [CTPTICEY .

Fr|Ra  Rf DbSg Bh Hs Mt Ds Rg Cn|Nh FI Mc Lv Ts|0g| [ Stable performance On 30 dlfferent
L e[ pr[Nalemismju o[ To oy ol e[ vo s . L. . .
g property predictions/application areas

' « Stable dynamics in solids, liquids, and
gases

 GPU; limited system size

o
©

’ Cu,0O Cu,O
Cathode materials Uz04(s) U,04(s)

o
o

o
S
Stability of CuO, / eV

U/Vvs. SHE

MACE-MP-0
Equivariant Graph
Tensor Network Carborane

Muiticomponent alloys Heterogeneous catalysis@

Perovskites

Cu(s)

o
N

Materials Project

o
o

Model ® Prec + Acct* MAEJY R%+
0.036 0.788
L 0756

0.776 | 0.
0.048 (
0.052 ! 0. 146k (1.58M
0.057 X 146k (1.58M
0.063 5 146k (1.58M
0.075 7 62.8k (188k

https://matbench-discovery.materialsproject.org/ 28



https://matbench-discovery.materialsproject.org/

MACE In action

Modelling zeolites (using MACE-ML-IP Using MACE-MP-0 as a pre-screening
model) tool in battery cathode identification

E 3 Dy
»
.
o

FER-5MR

&7,

CHA

Singh et al., ACS Appl. Electron. Mater. 6, 7065-7074

(2024)
Nasir et al., arXiv, 2411.00436 (2024) ) )
Polarization of
0.20 CaTiO5 with applied
—e— MP-0+Eq. BM1 Py —e— MP-0+Eq. BM1 Py —e— MP-0+Eq. BM1 P, "
MP-0+Eq. perovsk MP-0+Eq. perovsk MP-0+Eq. perovsk e|eCtI’IC f|e|d
0.15} & CTO+Eq. perovsk | —— CTO+Eq. perovsk | —— CTO+Eq. perovsk (MAC E_M P'O and

—%— CTO+Eq. BM1 —¥— CTO+Eq. BM1 —¥— CTO+Eq. BM1

custom models)

P (Coul/m?)
o
'—I
o

©

o

%)
T

Kutana et al., arXiv,
2412.03541 (2024)

0.00 025 050 0.75 1.00 0.00 025 050 0.75 1.00 0.00 025 050 0.75 1.00
E, (108 V/m) E, (108 V/m) E, (108 V/m) 29



MACE In action

Modelling zeolites (using MACE-ML-IP

model)

_ FER-6MR

FER-5MR

Nasir et al., arXiv, 2411.00436 (2024)

Using MACE-MP-0 as a pre-screening
tool in battery cathode identification

Singh et al., ACS Appl. Electron. Mater. 6, 7065-7074

(2024)

0.20
—e— MP-0+Eq. BM1

MP-0+Eq. perovsk
| —— CTO+Eq. perovsk
—¥— CTO+Eq. BM1

o
=
w

D (Coul/m?)
o
'—I
o

Summary:

Px

—e— MP-0+Eq. BM1
MP-0+Eq. perovsk

| —— CTO+Eq. perovsk

—¥— CTO+Eqg. BM1

—e— MP-0+Eq. BM1
MP-0+Eq. perovsk

| —— CTO+Eq. perovsk

—¥— CTO+Eq. BM1

Polarization of
CaTiO3 with applied
electric field
(MACE-MP-0 and
custom models)

« Graph networks enabling message passing, equivariance, and high body-order interactions
have advanced the accuracy of MLIPs and aided in creation of foundational models




Graph models and transfer learning



Materials science Is data limited

Several key material properties that govern performance
In applications have limited data
« ‘Small’ datasets (< 10 datapoints)
* lonic mobilities, defect formation energies, adsorption energies,...
 Limits application of deep learning (DL) frameworks

https://sites.psu.edu/

Devi et al., npj Comput. Mater. 2022 https://iwww differencebetween.com/difference-between-point-defect-and-line-defect/

32


https://www.differencebetween.com/difference-between-point-defect-and-line-defect/
https://sites.psu.edu/

Materials science Is data limited

Several key material properties that govern performance
In applications have limited data
« ‘Small’ datasets (< 10% datapoints)
* lonic mobilities, defect formation energies, adsorption energies,...
 Limits application of deep learning (DL) frameworks

Transfer learning: efficiently use DL frameworks on small datasets
* Pre-train (PT) on 'large’ dataset, fine-tune (FT) on ‘small’ dataset

Pre-trained CNN

Do et al., Korean J. Radiol. 2020




Materials science Is data limited

Several key material properties that govern performance
In applications have limited data

« ‘Small’ datasets (< 10% datapoints)
* lonic mobilities, defect formation energies, adsorption energies,...
 Limits application of deep learning (DL) frameworks

Transfer learning: efficiently use DL frameworks on small datasets
* Pre-train (PT) on 'large’ dataset, fine-tune (FT) on ‘small’ dataset

How useful is transfer learning in materials science?
e Optimal ways to use?

« Ways to generate ‘generalized’ models? 34



/X6 combinations of pair-wise models
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GV: Shear modulus; PH: Phonons: FE: Formation energy; BG: Band gap
PZ: Piezoelectric modulus; DC: Dielectric constant; EBG: Experimental band gap




/X6 combinations of pair-wise models

GV PH FE PZ DC EBG Pair-wise models:
o 0.096 0.043 0.057 0.142 0.056 . ; better than scratch
800 * Average increase in
- 0.904 0.913 L -0.039 : : _ R2: 259,
0.090  0.032 0. 049 0.049 * Average decrease
EBG h : ' in MAE: 16%
0.940  0.934 o 012 \

0.090 0.032 0.048 0.050 : "~ Best models: GV,
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| 947 D.938 0.681 0.436 B\ée’rg%e, E‘g Ge S
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At capped dataset size, specific PT property is a weak handle; Normal distribution is better

Pair-wise transfer learning has significant utility




MPT: (Beta) Generalized models

Inspiration from literature: multi-task crystal graph convolutional neural network?

—

i VA x'l“‘:\“-. FC1 —> P1
T X2
|\ _._\ . \ / ; FC» > P,
Ny \1 | Build Graph > Z \ CGCNN ° L °
= 7 Xnl e FChn > Pn
Crystal Structure Crystal Graph Crystal Embedding Task Dependent Layers

Build cumulative dataset: 132,270 points
 Remove overlaps

» Presence/absence of property

Modify loss function

PT on all (but one) property, FT on one property
1. Sanyal et al., arXiv 1811.05660 (2018)

Add task-dependent prediction heads with a one-hot encoded vector

N
L= lzb'i - yilé*
N LRt
=1



MPT: better on out-of-domain than
PT-FT

Band gap of 2D materials (1,103 datapoints) from JARVIS-DFT!

Model Test R? Test MAE
Scratch 0.635 0.148
MPT (all seven datasets) 0.671 0.125
FE(100K) 0.670 0.127
BG(50K) 0.617 0.138
PH(1256) 0.628 0.145
GV(10,987) 0.626 0.143
EBG(2,481) 0.619 0.143

On average, MPT is 6% and 10% better on R2 and MAE than PT-FT
Closest performer to MPT is FE: largest dataset within MPT
MPT models: may generalize quite well with more properties

FE: Formation energy; BG: Band gap; GV: Shear modulus; )
EBG: Experimental band gap 1. Choudhary et al. npj Comput. Mater. 6, 173 (2020)38



MPT: better on out-of-domain than
PT-FT

Band gap of 2D materials (1,103 datapoints) from JARVIS-DFT!

Model Test R? Test MAE
Scratch 0.635 0.148
MPT (all seven datasets) 0.671 0.125
FE(100K) 0.670 0.127
BG(50K) 0.617 0.138
PH(1256) 0.628 0.145
GV(10,987) 0.626 0.143
EBG(2,481) 0.619 0.143

On average, MPT is 6% and 10% better on R2 and MAE than PT-FT

Summary:

« Transfer learning is useful in mitigating data-availability constraint in materials
« MPT provides a systematic way to create generalizable models




Generative models

40



Inverse materials design

Semicondutors

Property - Structure

HERE ARE SOME POSSIBILITIES

I WANT A MATERIAL:
1. STABLE

2. HARD

41


https://news.mit.edu/2022/new-way-perform-general-inverse-design-high-accuracy-0118
https://wires.onlinelibrary.wiley.com/doi/abs/10.1002/wcms.1489

Generative models (classic)

« Step 1: encode a configuration (o) into a latent/feature space (Z)
* Z=f(0)

* Critical info of any structure
Composition

Lattice parameters

Atomic positions

Use graph neural networks to obtain Z
Z can be mapped to labelled properties

» Step 2: decode configuration from latent space using a learnable
function
« o' =f(2)
* Introduces noise

* Provides a probability distribution (compositions, lattice parameters, and
positions)

« Step 3: generate configuration by sampling probabilities

* Osampled — p(Z)
» Given constraints on target properties, composition, and/or lattice geometry

Park et al., Matter 7, 2355-2367 (2024)



Advancements in generative models

Variational autoencoder (VAE) T
c YA e Decoder o'
Learned
Input latent space Sampled
structure structure

F Generative adversarial network (GAN)

) . . .
€ | Generator 0 | Discriminator

Noise Pass
vector Sampled or Fail
structure
[ Diffusion model J
Noise (forward)
]
O7 T-1 T-2 1-3 T-4 T-5 | eee oes o
Noisy r—— Sampled
structure enoise (reverse) structure
L Avutoregressive model
0’] /n 0’2 /n 0,3/"n O-’A/"n O,S /n
TN TN 277N 277N 277N
]
0 1 2 3 4 Gl v e o
Input Sampled

A Sequential prediction
string structure

Classic

Generator confuses discriminator with
synthetic data
« Beaten by diffusion models ®

Progressive noise addition/removal

Sequential probability (language models)

Park et al., Matter 7, 2355-2367 (2024) 43



What is diffusion?

Forward diffusion

Xt|Xt1
H —E)— @

Gaussian noise added in a Markov chain

Learn conditional probabilities

@ H

Pext 1|Xt
@H H@



https://www.assemblyai.com/blog/diffusion-models-for-machine-learning-introduction
https://medium.com/@luisfelipechary/my-experience-with-diffusion-super-resolution-3386b6574696

In materials, diffusion models can be
used for structure generation

Add noises A. X — A, X e o o T
Fm e e s 251 @ | Denoise A, X | @ |
| M = (A X,L) | ® | - > | | —> Lprc
[ Conditonal 1 @1 PGNNpg.(M|z) [ @
I | [ Lo — — d
r—=—=n"
' @ | Encode Predict . e 05 + :- B -: + 4
I I > . 0.5 L_uJ —> Lacc
I . I PGNNEx (M) MLP e (2) Composition ¢ Lattice L # of atoms N
e | T |
M= (AX,L) z M= (A X,L) + Rand. init.

———>  Training B :- B _._ -: II__a_ngevm dynleiS
—>  Generation Conditional > | —> |.' | — 1y ®— |
= — L —
| | ~
L — — — 1 PGNNDEC(M‘Z)

Crystal diffusion variational autoencoder (CDVAE)

* One of the first diffusion models to be developed
for structure prediction

» Periodic graph networks for encoding a latent
space and denoising

* Property predictor: for composition, lattice, and
number of atoms from latent space

« Langevin dynamics: final structure

Xie et al., ICLR 2022; https://github.com/txie-93/cdvae


https://github.com/txie-93/cdvae

Diffusion models In action

UniMat + Diffusion (Google Deepmind)

Inverse design of new superconductors
1058
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Diffusion models In action

Inverse design of new superconductors
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« Diffusion models generating structures can accelerate materials discovery
« Stillin nascent stages, can generate ‘bad’ structures




Conclusions and some thoughts to chew

Designing better materials critical for performance
improvement in several applications

« Computations + ML can significantly accelerate
materials design

Different ways to use ML (or precursors to ML)

» Regressions (or classifications): predict properties
using experimental/calculated properties

* Interatomic potentials: model larger/longer
phenomena on a dynamic lattice

» Diffusion and language models, transfer learning

Materials science is a data-limited domain
+ Garbage in = Garbage out; data normalization
* Real vs. synthetic data

*  What model to choose? Simple models are usually
better

* ‘Real’ success stories: still few, possibly in
development

* Don’tdo ML just because you can (hammer doesn’t
beget a nail)

« Construct models with care: overfitting, lack of
transferability

 Test and validate, validate and test, and ...

AR

R
4‘““.\"
TR v\'

.‘ \\\ "’

!mﬂaﬁ’nﬁm’uﬂa

THIS 1S YOUR MACHINE LEPRNING SYSTETT?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE CTHER SIDE.

WHAT IF THE ANSLIERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT

saigautamg@iisc.ac.in; https://sai-mat-group.github.io; https://github.com/sai-mat-group 48
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