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What is Data Science?

Data science is a multi-disciplinary field that uses scientific
methods, processes, algorithms and systems to extract knowledge
and insights from structured and unstructured data.
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The Data Age

Data Explo:
Worldwide data creation 2025E:
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Growth in Materials Data (as of Jan 1 2020)

[>138,000 STRUCTURES OF PROTEINS, DNA, AND RNA
£ DB ARCHIVE POBOATA
o . i suboct

Figure 4: Cambridge structural database

Figure 2: COD: ~400,000 crystals

(small-molecule organic crystal structures) 5



But Quantity and Quality Lags Many Other Fields
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Figure 5: One of the most comprehensive

) . Figure 6: ~1000+ superconductors (many
handbooks on materials data: Density, thermal

) O i . minor composition modifications). Ref:
and electrical conductivity, melting and boiling

points, etc., but O(100) binaries and limited
ternaries...

https://supercon.nims.go.jp/
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First Principles Materials Computations
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Inherently
scalable

Generally applicable to
any chemistry
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Electronic structure calculations are today reliable and reasonably

accurate.
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Software frameworks for high-throughput computational materials

science

Materials Project (https://materialsproject.org)[4]

e Python Materials Genomics or pymatgen (https://pymatgen.org)[5]
e Custodian (https://materialsproject.github.io/custodian/)
e FireWorks [6]

Atomic Simulation Environment (https://wiki.fysik.dtu.dk/ase)
AFLOW (http://aflowlib.org)[7]
AiiDa (http://www.aiida.net)


https://materialsproject.org
https://pymatgen.org
https://materialsproject.github.io/custodian/
https://wiki.fysik.dtu.dk/ase
http://aflowlib.org
http://www.aiida.net

Computation + Automation — Large databases

OQM D. Home Materials Analysis Documentation Download
The Open Quantum Materials Database
Newsflash: OQMD v1.1 is out! (Download it here.)

3 QF' Dw HOME | CONSORTIUM | PUBLICATIONS | SEARCH

Automatic - FLOW for Materials Discovery

Database Statistics

Th e 124,515 52,827

Materials
Project

REPOSITORY HOME ~ REPOSITORY TEAM ~ WHY SHARING?  DOIs  TERMS FAQ  UPLOAD YOURFILES ~ SEARCH AND DOWNLOAD  CONTACT US

THE NOMAD REPOSITORY

13,751

The NOMAD Repository was established to host, organize, and share materials data.
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Google for Materials

Materials Genome Initiative: A Renaissance of
American Manufacturing

June 2011: Materials Genome Initiative
which aims to “fund computational tools,
software, new methods for material
characterization, and the development of
open standards and databases that will make
the process of discovery and development
of advanced materials faster, less
expensive, and more predictable’

The Materials Project is an open science project to make the computed

properties of all known inorganic materials publicly available to all researchers to
accelerate materials innovation.
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Google for Materials

Database Statistics

133,691 58,329 21,954 530,243 -

13,942 3,028 3,628 16,128
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Materials Application Programming Interface (API)[ ]

e An open platform for accessing Materials Project data based on REpresentational
State Transfer (REST) principles.

o Flexible and scalable to cater to large number of users, with different access
privileges.

e Simple to use and code agnostic.

e Requires an API key, available at:

https://www.materialsproject.org/dashboard

e Documentation: https://api.materialsproject.org/docs
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RESTful API

A REST API maps a URL to a resource.
Example
GET https://api.dropbox.com/1/account/info

Returns information about a user’s account.
Methods: GET, POST, PUT, DELETE, etc.
Response: Usually JSON or XML or both
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Materials APl Example

URL

https://api.materialsproject.org/summary/?formula=Fe203& _fields=formation_energy_per_atom

Example response:

{

"data": [
{"_id":"61a2dcaa2c86325a0218bbef","formation_energy_per_atom":-1.6299189062500006},
{"_id":"61a2dcb52c86325a021af9bd" ,"formation_energy_per_atom":-1.4175868379999996},

1, e Intuitive response format.

"meta":{ i
"api_version":"0.48.0" e Machine-readable (JSON parsers
"time_stamp":"2022-09-19T13:17:11.321756", gvailable for most programming
"total_doc":26, | )

"max_limit":1000, g s
el el | [Mmebersil_delT] e Metadata provides provenance for
} .
} tracking.
15



Types of Materials Data

Qualitative data Ranked data Quantitative Data
e Nominal measurement. e Ordinal measurement e Interval/ratio
o E.g., Metal/Insulator, (ordered). measurement (equal
Stable/Unstable. e E.g., Insulator/ intervals and true 0).
e No rank or order. semiconductor/ e E.g., melting point,
conductor. elastic constant,
e Does not indicate electrical /ionic
distance between ranks. conductivity.

e Considerable
information and
permits meaningful

arithmetic operations. L6



What is Machine Learning?
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Nobel Prizes in Chemistry and Physics 2024

David Baker Demis Hassabis John Jumper John Hopfield Geoffrey Hinton

“for computational protein design” “for protein structure prediction” “for protein structure prediction” ational discoveried N lational discoveries and inventios
that enable machine learning with artifical that enable machine learning with artifical
neural networks” neural networks”
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Materials ML Workflow

Classification
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Where is ML valuable in Materials Science?

Too many to compute Too big to compute Too complex to understand.

— Unknown Spectrum

Challenges

(E) (arb. units)

E (eV)

P
o—Q D_j /\
S S T
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Data History of the Materials Project

T Challenges
1 Example: Polycrystalline « Combinatorial explosion of
,  high entropy alloy . arrangements with # of elements
' (~ 1 million atoms) * Many properties require large
! models / long time scales
300k

Tensors, e.g. elastic
constants (~13k)

Number s
of entries 200k-|  IEEAESS NI Bandstructures,
' o . (~64k)
The Materials Project )
Structure and energies
100k (~154k)
0 T T ; T T T ; T T ; T T
07,0y, > 2075 207, Wi 075 07, 2075 20,5 203, 0>, 2‘793 <05,
Year 4
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Surrogate models for “instant” property predictions

Property = f(Composition, Structure)

e The material property, e.g., energetic (formation, energy above hull, reaction,
etc.), electronic (band gaps, DOS), mechanical, functional (e.g., ionic
conductivity) is called the “target”.

e Composition and Structure are called the “descriptors” or “features”.

e Examples of compositonal features: stoichiometric attributes, e.g., # and ratio of
elements; elemental properties, e.g., mean, range, min, max of atomic number,
electronegativity, row, group, radii, # of valence electrons, etc.

e Examples of structural features: crystal/molecular symmetry, lattice parameters,

atomic coordinates, connectivity / bonding between atoms.
22



Compositional features

« Average atomi mposiion-weighted average of the atomic
aseos ot slomans i s compound. oo o Fosy 08 x 85845+

chumn on paiodc tble: Composton-vaghied avrage o
the columns of the elements in the compound. Value for FeO: 0.5 x

asxies
« Average row on the periodic tablo: Composition-weightod average of
eTous o he clments n e compound. Voo o Fod. 56 X4 105 %
=30,

« Maximum differonce in atomic number: Largost atomic number in the
Composton oo o smatest ValoforFo0: 26 6 = 18

Average atomic. number: Composition-weighted average of the atomic

numbers of the elements in the compound. Valuo for FeO: 0.5 x 26 + 0.5 x

A e
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Valuo for Fo0: 2.0/(3

s satos. Valuo for Fo

loctrons: Analogous 1o above, but for p electrons
+20+30+00) =025

e tor Figure 8: Jha et al. (2018) Sci. Rep., 8(1), 17593., Zheng, X, et al
(2018). Chem. Sci., 9(44), 8426-8432.

Figure 7: Meredig et
al. (2014) Phys. Rev.
B89, 094104
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Structural features

H e & @
R 0 - 5 P ={p1,p2, ..., N}
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Figure 9: Property-labelled Figure 10: Crystal graph + Figure 1.1:. Smooth overlap of
materials fragments + gradient  graph convolutional neural civeiin e (SR

boosting decision tree.[9] TGRS
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Example: Graph-based representations

u [T State attributes Outputs MEGNet Block ]
Vsi Bond attributes , New state attributes
€, NN MEGNet u
v, New bond attributes
T o
2.

\ Atom attributes * New atom attributes 2

O Vi s vl 3

s

MEGNet update steps z

1. Update bond 2. Update atom 3. Update state
u u

Other blocks

_ncalenate

First block

[ Dense [16)

Figure 12: MatErials Graph Networks (MEGNet).[11]
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MEGNet Performance Benchmarks

Property MEGNet SchNet CGCNN
Formation energy E¢ (meV /atom) 28 (60,000) 35 39 (28,046)
Band gap E; (eV) 0.330 (36,720) - 0.388 (16,485)
log, Kvar (GPa) 0.050 (4,664) - 0.054 (2,041)
log,, Gven (GPa) 0.079 (4,664) - 0.087 (2,041)
Metal classifier 78.9% (55,391) | - 80% (28,046)
Non-metal classifier 90.6% (55,391) - 95% (28,046)

Table 1: Materials Project Crystals. Brackets indicate number of data points.
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Scale Challenge in Materials Science

Length Scale Time Scale

Finite element / I

continuum

Critical challenge ms— }

Bridging the 1010 — 10 Reaction dynamics
mor 102 — 10 sec HS ==

scales in a manner that Empirical

retains transferability potentials ns =t= lon dynamics

and accuracy, and is

scalable. <ps == Atomic vibrations
~ First principles methods N
Transferability Accuracy
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ML Interatomic Potentials as a solution to the scale challenge

e Examples: Neural Network Potential (NNP)[12], Gaussian
Approximation Potential (GAP)[13], moment tensor potential
(MTP)[14], spectral neighbor analysis potential,[15], atomic
cluster expansion[16], etc.

e ML models: Linear regression, Gaussian kernels, neural

networks, etc.
e Local environment descriptors:

Natom

e, ) —n(R;; —Rs)?
esioneal E e~ M(Rj=Rs)* £ (Ry),
#
Natom 1(R24R2 +R2
: _ —n/ (R2+R% +R3
Grtom ang _ o1=C S (1 4 X cos0)C - e (RG+RA+Ri) fo(Ry) - fe(Rik) - fe(Rix)s
JikFi

R — R;|?
piR) = 30 felRy) - expl— oI,
J

atom

28



Automatable workflows for MLIP Construction

(CRATTYoN  Trajectory
snapshots

Fireworks + VASP —»
Vacancy +AIMD Trajectory

snapshots DFT stati
static
Dataset
0 0 Surface generation Surface —~ 201
v structures c o
Pymatgen —» o ) Imax =3
Elastic deformation Distorted ie] 0 O/

structures ©

S 10+ ’ ] hidden layers [16, 16]
DFT properties g R @ o ©
Y (energy, force, stress) = .

S 5{ B cap ./
= ¢ wmTP .

Xi(ry E

i ; l NNP
property fitting machine learning| | Xa(rx [5) -
eg. elastic, phonon T Y =f(X3w) T - 5 O SNAP / )
Xo(r & @ qSNAP 20 polynomial powers
2000 kernels
energy weights cutoff radius 2 ~ T ™ T —
degrees of freedom expanslon width 10 10 10 10 10
o Computational cost s/(MD step - atom)

Figure 13: Automatic workflow for ML-IAP construction and performance benchmarks.[17]
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Example: Ni-Mo

Solid-liquid equilibrium

4000

—— Experiment
Liquid (L) --- CALPHAD
—o— EAM
SNAP

3500
3000

25001

T (K)

2000

L+Mogce

1500 i

1000
0.0 0.2 0.4 0.6

True stress (GPa)

5 4

4.

3 -
— 4.1 nm
— 6.1 nm

27 7.5 nm
— 8.8nm

11 — 102nm
— 11.6nm

.00 002 004 006 008 010
True strain

Figure 14: MLIP results on Ni-Mo. (left) Ni-Mo phase diagram. (right) Stress-strain curves as

a function of grain size[17]
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Universal MLIPs

U Be B C N O F
20705 7618 17186 25540 46032 117733 18416
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Figure 15: Materials 3-body Graph Network (M3GNet), the first whole periodic table
MLIP.[18]
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Modeling complex relationships

AlexNet, 8 layers

ZF, 8 layers
VGG, 19 layers
GooglLeNet, 22 layers
16%

ResNet, 152 layers

12% (Ensemble)
SENet
% . . P Humaneror
ascar cat 3.0% 5 25%
I monkey
spider monkey
pickup s elde: titi
beach wagon o |ftordshire bultterrier indri| 2010 zon 2012 2013 2014
fire engine | dead-man’ s-'lnnors rrant howler monkey

100% accuracy and reliability not realistic
2015 2016 2017 . O N

[ Traditional computer vision
W Deep leaming computer vision

Figure 16: ImageNet (https://www.image-net.org/)
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Example: Coordination environment from X-ray Absorption Spec-

tra

Database Absorption Atom Local Environment Features
{"" 12 Coord. Num. ) " 25 Coord. Motifs. )k
o o e om owe

A -

77 structure
of 3 Sra.

Ea S S 5

ontionm
Goors, [ AL 022
N.,map.{c o

ovizosss | Coord. Env. Classification Accuracy

l
Classifier
OPs>02 .
Cood. [ oNz02te  t Alkali — KNN
{__numOps Loz 063} —— Random Forest
T — CNN
Spectral Feature Vector | Ranking Labels | { Ranking Labals | —we
: P CN12-CN2 | | Beladis
1. 72, 0, w109, 200] B ! B J
3 3 ¥ Distribution of training data : 6
Train the Machine Learning Algorithm Alkaline - ™
lomentvisa ciassification modl -l
R oo oot [l 2 e
SR L
DENEE0NEE-8 -
PoT
AEREEESREEEE - -
Prediction
Input Predicted Goord. Env
o [P . Carbon Post-TM
| ona-mount | =
£ | s -t 2- ot 3|
£ N6 -Motif4 |
o ) . }
Metalloid

Figure 17: Random Forest Coordination Environment Classification[19]
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Other examples

(a) XRD Pattern Classification Framework

1. Data-mining:
Crystal descriptors
for similar materials
from ICSD database

2. Simulation:
XRD powder
spectrum

5. Data

6. Data
Augmentation:
*Peak scaling
*Peak elimination
*Spectrum shifting

(b) All Convolutional Neural Network

4. Manual preprocessing: | | Training
3. Measurement: Labelling: *Peak extraction
Experimental Peak indexing [»{*Background
XRD spectra (if used for correction Testing

testing) *Savitzky-Golay
filter

Figure 18: X-ray diffraction data classification with CNNs[20]
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The End



