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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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What is Data Science?

Domain
Knowledge

Computer
Science
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The Data Age

Data Explosion
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-
Growth of Materials Data (as of Jan 1 2020)

[>138,000 STRUCTURES OF PROTEINS, DNA, AND RNA
e "
. .

"
1 millon published
research papers

8 Used by >400 biological
data rosources

Figure: Cambridge structural database
(small-molecule organic crystal structures)

Figure: COD: ~400,000 crystals
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-
But Quantity and Quality Lags Many Other Fields

» Japanese | [ Y For New User 29 National Institute for Materials Science
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CondenSEd m | Superconducting Material Database (SuperGon)
O e vt i

SUPERCON materials)
Allthe data are acquired from the published Journals. Roberts Table and some baoks are referred for old
data,

Thero aro two tables: u 3 . oxide

Materials
Data

Data for Typical

d by STA, Sample
preparation, s tog

coniton, Sample preparation These
data now tentatvely Gpened publicy.

INFODB (Knowledge data for materials researchers)

The data are Thess data are results and

SUMMARY (Data views obained using [SUPERCON])

Figure: One of the most comprehensive handbooks ~Figure: ~1000+ superconductors (many minor
on materials data: Density, thermal and electrical ~ composition modifications). Ref:

conductivity, melting and boiling points, etc., but ~ https://supercon.nims.go.jp/

0O(100) binaries and limited ternaries...
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First Principles Materials Computations

NANOx81

Inherently
scalable

Generally applicable to
any chemistry

Schrodinger Equation
2
Ew(r)=—;r—mVZ1p(r)+V(r)1/}(r)

Surface energies Mechanical
and Wulff shape® properties*

P6,/mme

Bulk modulus 5 (GPa)

Electronic Charge
structure® densities®

Density functional theory
(DFT) approximation
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Electronic structure calculations are today reliable and reasonably

accurate...
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(left) Modern electronic
structure codes give
relatively consistent
equations of state.

(right, clockwise from
top left) Good
predictions can be
obtained for phase
stability,[1] formation
energies, surface
energies,[2] and elastic
constants[3].



Software frameworks for high-throughput computational materials science

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

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

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

NANOx81

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

QF'—DW HOME | CONSORTIUM | PUBLICATIONS | SEARCH

Automatic - FLOW for Materials Discovery

The

Materials
Project

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

THE NOMAD REPOSITORY

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
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e
=
.
Detabase Satistcs
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)[8]

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

Flexible and scalable to cater to large number of users, with different access privileges.
Simple to use and code agnostic.

Requires an API key, available at: https://www.materialsproject.org/dashboard

Documentation: https://api.materialsproject.org/docs

NANOx81 Fall 2023
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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

NANOx81 Fall 2023 14



.
Materials APl Example

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

Example response:

{

"data": [
{"_id":"61la2dcaa2c86325a0218bbef","formation_energy_per_atom":-1.6299189062500006},
{"_id":"61a2dcb52c86325a021af9bd", "formation_energy_per_atom":-1.4175868379999996},

1, @ Intuitive response format.

"meta":{ .

"api_version":"0.48.0", @ Machine-readable (JSON parsers
"time_stamp":"2022-09-19T13:17:11.321756", available for most programming
"total_doc":26, langua es)
"max_limit":1000, guag )
) "default_fields":["material_id"] @ Metadata provides provenance for
3 tracking.
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N
Types of Materials Data

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

and permits meaningful
arithmetic operations.
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What is Machine Learning?

Meaningful
Compression

Structure Image
Discovery Customer Retention

Chssification

Big data
Visualistaion

Idenity Fraud
Detection

ALPHAGO

Recomimender Advertising Popularity oy
Systems

Unsupervised Supervised
Learning Learning Weather

Forecasting

Machine e ...

Marketin
. Growth Forecasting

Prediction
Customer Estimating

S, Learnin g ey

Not Sure What to Watch?

Reinforcement
Learning
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Materials ML Workflow

Data Sources

Existing DIy
pymatgen
Material
P:a‘;‘;? J UQMD FlreWoﬂ(s»‘

S5AIDA

cICSD

FIZ Karlsruhe

Identify Purpose Data Generation or Featurization

and Target Collection

Elemental Features

Domain knowledge
- Is target learnable?
- Is target ambiguous?

,& matminer

Classification 1F
Decision tree T Fl .
Logistic regressic:: ensorrlow

Materials Science Specific

Regression aenet

GPR Automatminer
KRR CGCNN
Multi-linear DeepChem
Random forest MEGNet

SVR PROPhet
Neural networks SchnetPack

Graph models TensorMol
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Where is ML valuable in Materials Science?

Too many to compute Too big to compute Too complex to understand.
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Data History of the Materials Project

Materials design
is combinatorial

Jiang et al. A New Class
of High-Entropy
Perovskite Oxides.

8% Scripta Materialia 2018,
= 142, 116-120.

(AR 5(BB') 505
perovskite
2 x 2 x 2 supercell,

10 A and 10 B species
= (1°C, x 8C,)? =107

108
—— Energies
107] —— Bandstructures -=============7===m= s
6l Elastic tensors
w 10°{ — xas spectra
Phonons
+ 10°
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A
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Surrogate models for “instant” property predictions

Property = f(Composition, Structure)

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

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

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

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

coordinates, connectivity / bonding between atoms.
NANOx81 Fall 2023
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Compositional features

Composition-weighted ay
b lomonts i he compound. vl for Fot: 05 X 85045+
0515990 = 36,02

Average column on pariodic tabe: Composiion-wehted average of
the columns of the elements in the compound. Value for Fo
05x16=120.

Average row on the periodic table: Composition-weighted average of
the rows of the elements in the compound. Value for FoO: 0.5 x 4 + 0.5 x

+ Mrorsge 8

2230,
+ Maximum difference in atomic number: Largest atomic number in the
composton ees he malest. Vake o FeC: zs o a

r: Composition-we
umbersof the oments nhe compound. Vot o Fo00.6428 + 65

+ Waximum diferonce n stomic radi Largest atomic radius in the
‘composition less the smallest (in pm). Value for FeO: 140 60 = 80.

werage atomic ition-weighted average of the atomic

adil of the elements in the compound. Value for FeO: 0.5 x 140 + 0.5 x 60
000,

+ Maximum differance in electronegativity: Largest dlectronegatiiy in
the composition less the smallest. Value for FoO: 3.44 —

« Average electronegativity: Composition-weighted average of the
electronegativities of the elements in the compound. Value for FoO: 0.5 x
3.44+0.51.83= 2,635,

umber of s valence electrons: Composition-weighted average

of the number of s valence electrons associated with the elements in the

ipound. Value for FeO: 0.5x 4 +0.5x 2 = 3.0.

« Average number of p valence electrons: Analogous o above, but for p
electrons. Value for FeO: 0.5x 0+ 0.5 x 4 = 2.0

« Average number of d valence electrons: Analogous 1o above, but for d
electrons. Value for Fe0: 0.5x 6+ 0.5x

5x0+05x

. o eloctrons: Composiion-weighted fracton of all
Vlence slecons n the compound tha epresent 5 ates. Value fo Fo0:
$0/(50+20430100) ~0375

+ p fraction of ectrons: Anaiogous 0 above, bt o p lcrons

Vet ke o020/ 1 220430400
« dfraction of valence electrons: A'ulogeus w .no
Valoo for Fo0: 30/ 3.0+ 20+ 30+
1 fraction of valence electron: naqu w v, bt forf lctons.
Value for Fe0: 0.0/ (30+2.0+3.0+0.0) =

. butfor d electrons.

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

NANOx81

lectrons: Analogous 1o above, but for
0.

B T A
Conventional Machine Learning Approaches Be i
i i
vig |58
Feature engineering. 82021222324 |25 |2 |27 | 28|29 | 30|31 |32 33 | &
lachine Learning C|Sc|Ti|V Mn | Fe |Co | Ni |Cu 2n|Ga|Ge | As
(Ranﬂnm!ﬂras{, 38|39 |40 |41 42 |43 | 44 | 45 | 46 | 47 | 4 5051
Kernel Regrestion) S| ¥ |2 | b wo Tc | Ru | n | P |Ag | Ca | in | n
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o Vit T | W | Re | 0s | ir | 7t u sio | T |9 | i
MaterissDatasets [ predetve | ) ) y
(0QMD, AFLOWLIE) Mmy
Comvenas
Deep Learning Approach (ElemNet) .
P g App! (¢ t) ComeRetu FullConected Layer + Relu

(@

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

Figure: Property-labelled
materials fragments + gradient
boosting decision tree.[9]

NANOx81

(a)

e & @
= fa={p1, P2, ..., PN}
AxN) o

e & w

L= —> P ={p1, P2, .-, PN
(1x N)

) " O @ ®
p::/. @y > = {1 pe o} P =

(@xN)

Figure: Smooth overlap of atom
Figure: Crystal graph + graph positions (SOAP).[10]

convolutional neural networks
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Example: Graph-based representations

u [T State attributes Outputs MEGNet Block Model
Vi, Bond attributes , New state attributes
¢, DR MEGNet u ,
v New bond attributes
Tk /
> €y
C Atom attributes New atom attributes
Vi
MEGNet update steps 'g
o
1. Update bond 2. Update atom 3. Update state o 2
u u u EH
' e g © [ Concatenate
~ k; g
e
([ — I Dense [32]
Vo
[ Dense [16]

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

| MEGNET | MEGNET-Simple | SchNet | “Chemical Accuracy”

U0 (meV) 9 12 14 43
G (meV) 10 12 14 43
exomo (eV) 0.038 0.043 0.041 0.043
etumo (eV) 0.031 0.044 0.034 0.043
C, (cal/molK) 0.030 0.029 0.033 0.05
Table: 130,462 QM9 molecules
Property MEGNet SchNet CGCNN
Formation energy E¢ (meV/atom) 28 (60,000) 35 39 (28,046)

0.330 (36,720) -
0.050 (4,664) -
0.079 (4,664) -
78.9% (55,391) -
90.6% (55,391) -

Band gap E; (eV)
|0g10 KVRH (GPa)
|Og10 G\/RH (GPa)
Metal classifier
Non-metal classifier

Table: Materials Project Crystals. Brackets indicate number of data points.

NANOx81 Fall 2023

0.388 (16,485)
0.054 (2,041)
0.087 (2,041)
80% (28,046)
95% (28,046)
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Scale Challenge in Materials Science

Length Scale Time Scale

s

Finite element /
continuum

Critical challenge ms—- }

Bridging the 10-10 — 106 Reaction dynamics
mor 102 — 106 sec bS ==

scales in a manner that Empirical

retains transferability potentials ns == lon dynamics

and accuracy, and is

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

@ 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.

@ ML models: Linear regression, Gaussian kernels,
neural networks, etc.
@ Local environment descriptors:

Natom

R
Giatorn,rad _ Z e~ M(Rj—Rs)" £.(R;)
i#i
an‘:;;’::;:’:‘“‘@ Machine Scotential
leaming g > :::m )
atom,ang 1—¢ Aem ¢ ' (RBR24RD)
G; =2 Z (1+ XcosOjk)” - e ij ke (Ry) - fe(R
sk
IR — R;j|?
pi(R) =3 fe(Ry) - EXP(*TU%
J atom
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Automatable workflows for ML Interatomic Potential Construction

(CRATRYYl  Trajectory
SERERSREAN  snapshols

Fireworks + VASP —»

property fitting
e.g. elastic, phonon

NANOx81

Vacancy +AIMD Trajectory
SR MERRS  snapshots

DFT static

structures
Elastic deformation Distorted
BRI  structures

DFT properties

0 *0 Surface generation Surface

Pymatgen —»

Y (energy, force, stress)

l Xi(ri... rin)

machine learning|_ | X:(r... ran)

Y=f(X;0) 5[
Xo(ri.. fom)
energy weights cutoff radius
degrees of freedom expansion width

grid search
evolutionary algorithm

£
@]
‘Jmax =3
e o ®
© ]
= @
> 104 0 hidden layers [16, 16]
g ® d o o
= o %0 .o m
5 54 B cap ./ e
c o mTP b
) @ NNP % =
—
n O SNAP J—— /‘-
& @ osNAP 0 polynomial powers
2 2000 kernels
T T T :
10° 10° 10" 10° 107

Fall 2023

Computational cost s/(MD step - atom)

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

Solid-liquid equilibrium

— 5 1
©
o
O 41
—— Experiment R
Liquid (L)~ --- CALPHAD L
3500 —— EAM W 34
SNAP 8 — 4.1 nm
3000 +~ —— 6.1 nm
" w24
= 2500 — 7.5 nm
= e 8.8
S — 8.8nm
2000 = — 10.2nm
1500 4/ L+Mogcc — 11.6 nm
i 0 - v - .
1000 T v 0.00 0.02 0.04 0.06 0.08 0.10
0.0 0.2 0.4 0.6 f
Xui True strain

Figure: ML-IAP results on Ni-Mo. (left) Ni-Mo phase diagram. (right) Stress-strain curves as a

function of grain size[17]
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Modelling complex relationships

black widow
cockroach
tick

NANOx81

spider monkey
it

indri
howler monkey

28% AlexNet, 8 layers

ZF, 8 layers
VGG, 19 layers
GoogLeNet, 22 layers
ResNet, 152 layers

(Ensemble)
SENet

Human error

100% accuracy and reliability not realistic

. Traditional computer vision
N Dccp learning computer vision

2010 2011 2012 2013 2014 2015 2016 2017

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

NANOx81

Database ion Atom Local i Features

12 Coord. Num.
o o5 one

" K+
oo
oo {chMu

oniz 0683

Structure

25 Coord. Motifs
wt

4%

Spectrum

A A

OPs>02 PS> 005
Coos._( crioate «
{_nimops {SVzaon e

B 3 . 3
" Ranking Labels |

Spectral Feature Vector

21, 220, T199. Z200

3 3
Train the Machine Learning Algorithm

Elementwise classification model ] -kl
= Akaline carth

o) B Metalod
= Garvon
..snnvuwhonmmmsae' ™
PostT
[R5 2 e ] e [ [ g e e 0

Prediction

Predicted Coord. Env

{"Ranking Labels |
CN12-CN2 | L amieiEs )

T

Distribution of training data

Coord. Env. Classification Accuracy

Classifier
Alkali — KNN

—— Random Forest
NN

— MLP
—— svC

Alkaline ™
Carbon z Post-TM

Metalloid

Figure: Random Forest Coordination Environment Classification[18]
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Other examples

(a) XRD Pattern Classification Framework

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

2. Simulation:
XRD powder
spectrum

5. Data
preprocessing:
ePeak extraction

*Background

4. Manual
Labelling:

3. Measurement:

(b) All Convolutional Neural Network

XRD Pattern 1200 x 1

6. Data
Augmentation:
*Peak scaling

8. Crystal
Descriptors:
*Crystalline
dimensionality
*Space group

Convolutional 8 x 1, 32

Relu, stride =8

Convolutional 5x 1, 32

Relu, stride =5

Convolutional 3x 1, 32

Relu, stride =3

*Peak elimination
eSpectrum shifting

Training

Peak indexing
(if used for
testing)

Experimental
XRD spectra

correction

*Savitzky—Golay
filter

Figure: X-ray diffraction data classification

NANOx81

Global Average Pooling | Class Activation Map (CAM)

Testing

with CNNs[19]
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