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INTRODUCKE
YOURSELF!

Your NAME'

Your favorite material?
(Eq. Coffee muqg, soccer ball ..

§<'



OUTLINE

WHAT > What is Materials Science and Engineering ?

» Why should you be interested?

WHY
> Latest Trends
» Use of Machine Learning
(Big Data-driven science)
TIME
SPAN

» Fundamentals of Materials ~25 minutes
» Use of Machine Learning ~ 35 minutes



WHAT ?

Materials Science & Engineering (MSE) Tetrahedron

Processing

Synthesis and fabrication

Characterization

Theoretical and experimental

techr ques

Performance

Cost-efficient

Structure

Microstructure, atomic structure

(i.e. bonding)

Properties

Electronic, magnetic

yptical, chemical, etc

> Materials Science develops the fundamental understanding of the relationships and structure of materials.

> Materials Engineering uses this understanding to engineer (design) materials for real-life applications.
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MATERIALS CLASSIFICATION: LET’S IDENTIFY...

e

e
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Metals Ceramics Polymers

Ready
for
Quiz!!!

Materials Classification

Subclasses: Composites, Semiconductors, Smart Materials , Bi%materials

)
5 N UNIVERSITY OF < |INSTITUTE OF
Los Alamos LJGONN | connecricor 1MS R

EST.1943




CAN YOU CLASSIFY ?
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PERIODIC TABLE

[ Alkali metals Inert Gases

3 I Alkaline earth metals Halogens 1 1
H
3 . .
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. Non-metals

. Post-transition metals . Intermediate metals
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CHARACTERISTICS OF METALS, CERAMICS AND POLYMERS

> Pure elements or
combinations of metallic
elements (alloys)

&

» Organic compounds based on
C, H and other non-metallic
elements

» Compounds between
metallic and non-metallic
elements

> Metallic bonding

> lonic or covalently bonded » Covalent and secondary

bonding
» Good electrical conductors > Hard
> Huge variety of properties
» Good heat conductors > Brittle
Low densities

> Shiny appearance - not > FElectrical insulators

transparent > Non conductors
» Poor thermal conduction
> Strong (High Strength,

Stiffness)

> Low melting points
> Heat & corrosion resistant
> Can be very flexible
> Deformable » Can be transparent or

opaque

A\

> At times Magnetic (Fe)
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SELECTION OF MATERIALS FOR REAL-LIFE APPLICATIONS

Determine the Application

Requ1red. PrOpertles. for appropriate uses | Analo 9j
(Mechanical, Electrical, Thermal, Magnetic, |
Optical)
Apply
Pick Candidates i Prepare
(Develop Understanding about Structure, | Qzlppﬁ’cations
Composition) — Does it relate to the i
Application of interest ? A Select Schools \
Processing Pick
(Make the materials and also improve Major

properties according to the requirements of
applications)

Casting, Sintering, Vapor Deposition,
Doping, Forming, Joining, Annealing

fa
)
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@ QuIcK REcAP

> What is Materials Science and Engineering ?

Characteristics Relate

Materials Classes Classification Structures to

Applications Properties

/0
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STRUCTURE: LENGTH SCALES

& B = m
' Applicati TEM, SEM 3
» Structures at many length levels PINOSOn Tangs (S SN %
B g
> FElectronic (sub-atomic) - v~ : > z s
- Application range (various neutron e -
» Atomic (molecular, chemical) o scattering methods) 3 $
; s 3
> Crystal (group of atoms) . BEE lenenememensnsnemseemsnemsseesesseesesesmsssssmeesesesmns ® g
- 2 = . > -
Diffraction methods é Microscopes to telescopes 3z
5 g
Ultra- ¢°, e . @
Gamma rays X-rays ' violet ' Infrared ' Microwaves' Radio waves
A b o =’ 2 R QRS
o 5 =
3 3 3
Nuclear Atomic Nano Micro

» Microstructure (visible with microscope)
» Macrostructure (you can see with naked eye)

B
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BONDING: PRIMARY

lonic Bonding

Covalent Bonding

/ :Qq 5 ‘b\\ oy » o H2 H H H 4 H
l\éO,o, Q ~¢Qs=¢ © ¢ o -
\2o*/ N A  a " #
Na Atom Cl Atom a 4 ! shared e-
Example: NaCl
CH
Na (metal) O Cl (non-metal) 4
unstable unstable
electron
Na (cation) Cl (anion)
Attraction H: has 1 valence e-, C: has 4 valence e-,

shared e-

electrostatic attraction between oppositely charged ions needs 1 more needs 4 more

> Elements with small electronegativity difference
> Generally polymers, semiconductors

> Elements with large electronegativity difference
> Non-directional, strong

> Generally Ceramics > Non-conducting
> Non-conducting > Hard
> Hard > Brittle
> Brittle > Insulating
> Thermal Insulator A

)
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BONDING: PRIMARY
Metallic Bonding

Quick Quiz!!!

&

Metal atom
lon core

> Identify types of bonding

> Diamond
> Glass (silicates)
> Plastics

Sea of valence
electrons

o

“gl ue”

0]

:6:90°0

0,0.00
ofole
fo¥o
D) (5,0

ol
4

> Availability of free electrons
» Mixed lonic-covalent character
> Generally metals, alloys
» Good electrical and thermal conductors

Secondary Bonding
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$ BONDING AND PROPERTIES

Bond Encrgy (/mo)

lonic 625-1550
Non-directional (ceramics)

Covalent 520-1250
Directional (polymers, semiconductors, even few ceramics)

Metallic 100-800

Non-directional (metals)

Secondary <40
Directional (inter-chain polymers, inter-molecular in molecular crystals)

> Higher the bond energy, more difficult it is

to break the bond Bonding

Materials Type

» Consequences...

> Strongly bonded compounds — Higher
melting temperature
> Weakly bonded compounds — Higher

coefficients of thermal expansion
A
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@ QuICK REVISION

> What is Materials Science and Engineering ?

Characteristics Relate

Materials Classes Classification Structures to

Applications

Properties

/)
)
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@ CRYSTAL STRUCTURES IN 2D

Lattice Basis of Atoms
Qe
O
or Oe De
(o] 1) o
Qe Oe D e Crystal Structure
(0] O 0 (2 D)
() o] O o] () o]
(o) (o) (@)

)
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@ CRYSTAL STRUCTURES IN 3D

How can you make them 1!

Let’s p [ay with Vesta & ‘More!
(Follow Handouts)

> Key Parameters to look for ...
> Lattice parameters
> Unit cell volume
> Angles
> Bond Length
> Lattice Planes

> Can you classify the type of bonding in these ?
> Atomic Packing Factor, Coordination numbers, types of

crystals systems e
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CRYSTALS AS BUILDING BLOCKS

> Engineering Applications

> Single Crystals

> Anisotropic Sj
: —Single Crystal ——
> Diamond single crystals for abrasives gle Ly

> Single crystal nickel alloys for turbine blades

— Polycrystalline
— Multi-phase
— Glass

Bubbles

> Polycrystalline
> Most engineering materials are polycrystalline
> lIsotropic

/\
C )
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MATERIALS PROCESSING (ENGINEERING)

Raw Materials

Beneficiated Materials

Naturally Occurring Minerals Synthetic Materials

1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
Abundance [ . . ! : :
5 | Beneficiated Materials | Synthetic Materials
1
50 Abundance of Elements : | Capacitor
%48 in Earth’s Crust i Examples Aluminum Metal | Examples Dielectrics
i 1 Liquid-Solid Production ! Solid-Solid
1 . . .
a4 1 « Bayer Process Alumina smeing! ¢ Barium Titanate calcine
28 : Precipitation Calcine Purified : Purified Barium Carbonate + Purified Titanium Dioxide =~ ©=——> Barium ﬁtanate
26 I Bauxite + Caustic Soda =———> Aluminum Hydroxide ——> ! _Soli (BaTiO,)
1 Aluminum Oxide 1  Gas-Solid
24 | Liquid-Solid (ALO,) ' . Sili .
: : ilicon Nitride
10 ' « Monocrystalline Alumina : Reaction
. . —_— 1 Silicon Nitride Engine
8 . Fuse + Aluminum Milling (Commln.utlon) ! High Purity Silicon + Nitrogen Gas =———> (SN, > Components
6 : Bauxite > X/Ilonocrystglllr:je Sulfide ——> Abrasives | Liquid-Solid
+ Pyrite uminum Oxide ' . .
. : + Iron Borings + Iron Silicide : ® Lead erconate Tltanate (PZT)
2 ! with impurities trapped . .
8 'Solid-Solid ( P pped) | Lead Sub- Dissolve Sot Hydrol;;e GDry&Ca;:me PZT
O Si Al F a Na K Mg H 1 HH . . I Acetate —> olution I el | Pb(Zr, Ti)O4
I .- I o : ¢ S|I|Con Carblde M'”'r?g Heating El t : + Alkoxides 2-Methoxyethanol Water N
Element 1 Electric Arc Forming S ea mgd etmen Sf’ 1 of Titanium
! Silica Sand + Coke ———> Silicon Carbide ——> preo:r:‘gg:i:guecqz:pvrfeig & Zirconium Piezoelectric
! (SiC)  pensification ! Transducers
1
1

/)
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MATERIALS SCIENCE AND ENGINEERING

o\ Property
l Materials KL Relationship
o N

~Cecification

Why Machine Learning?

Materials Science and :Engineering



WHY MACHINE LEARNING IN MATERIALS SCIENCE?

Useful Weblinks:
l’l rv lw(f)
MY A THIv() NOMAD:
4" PARADIGM https://www.nomad-
3 PARADIGM Big-Data- i
2nd Computational  Driven Science coe.eu/index.php?page=centre-of-
PARADIGM Sclence. excellence

- Theoretical _ .
1 Eﬁ%ﬁ‘.g?m Science Simulations
Science

| Materials Project:

Experiments Laws of classical Density-functional Detection of
mechanics, theory and patterns and
electrodynamics, beyond; anomalies in https://materialsproject.org
etc. molecular Big Data;
dynamics artificial
intelligence; etc. ICSD:

L B 1600........... 1950......... 2010 ....Q...........>
https://icsd.fiz-
karlsruhe.de/search/basic.xhtml

https://www.nomad-coe.eu/uploads/images/News/NOMAD_new_paradigms_material_science.png

P
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Introduction to Machine Learning

» QSPR (Quantitative Structure Property Relationship) -> Establish relations between structure of a molecule and its
chemical property

Original - Ny domizati
e *L > -ran c?njlzatlon
| | Multiple | ‘
Splitinto trzler:;ng U
b & training, test Combi-QSAR |
and external modeling J

| Curated |—2| validation |’ | Example Problem 2
dataset ¥ sets H

: N
Multiple G
test Activity
prediction .
sets Onlyretain
models that
Virtual pass both
screening usin AV - — internal and
LRELSE ' Ext Ivalidati Validated predictive Starna]
appllca§|luty :' X€iha VT.' ;_I'_Ct’“ models with high L
domain \ usmg;::\::: Y N internal & external achILtJCrerJS(:y
i i
g } accuracy
r— Tropsha, Alexander. "Best practices for QSAR model
Experimental s e
lidati development, validation, and exploitation." Molecular
validation informatics 29.6-7 (2010): 476-488.
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Introduction to Machine Learning:
Drug Discovery

» Crystalline or non-crystalline » Crystalline or non-crystalline, solvents dependency

Non-crystalline | crystalline Total » 319 small molecules in 18 different solvents
Training 13440 13453 22733
» Total of 5710 compounds
Test 4480 4485 8965 > Training (50%)
Total 17920 17938 35858

» Molecular Descriptors, build models, accuracy

= [ I %' & RBC [ numerical descriptors [ Morgan FP ]
. > 0.75 - . . ; - - - - . - -
» Molecular Descriptors 3
g 0.70
. o
» Build models § 065
©
3 060
» Accuracy: 79% =
2 055
g
<< 0.50
I I I - ¥ X w w = a9 ZZ
O QO O g:) = = = E % 9 Q
Wicker, J. G., & Cooper, R. . (2015). Will it Pillong, M., Marx, C., Piechon, P, Wicker, J. G.,
crystallise? Predicting crystallinity of molecular Cooper, R. I., & Wagner, T.(2017). A publicly available
materials. CrystEngComm, 17(9), 1927-1934. crystallisation data set and its application in machine AN

learning. CrystEngComm, 19(27), 3737-3745. - Los Alamos




COMPUTATIONAL MATERIALS SCIENCE? (MACHINE LEARNING IN MATERIALS SCIENCE)

> Need for computational approach s
applicable to all length scales Years
Hours
Minutes
Seconds

Microseconds

N\
\

SyntheS|s Nanoseconds
N ; Picoseconds ,
/ Femtoseconds W '
/ >
A nm pm mm m Distance

Characterization ) Materials Discovery e.g., density functional theory (DFT)

> Wavefunction -> DFT -> tight binding, force fields -> continuum
T mechanics, rate equation -> finite element modelling

Refinements > Electronic -> atomistic -> microstructure -> macroscale
)
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@ How DoEs It WORK?

. I
e Chemical formula AT RTEY @F

chemical e Energy
N IVEIE B DFT Simulations: . . . .
B - Optimized Descriptors et * Conductivity
pumiz L correlated e Band Gap
Data Geometry ( ) "y
e Force fields ’ (dentlfy iy e * Polarization
gg’s)cot";z‘z :s » Magnetic Property

> [Establish a quantitative trend between descriptors and endpoint
> Algorithms dependent

> If based on simulated data only, experimental validations are needed

: : 2
> Accelerate the process of new materials discovery Example Problem ¢

/)
)
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Predict Band Gaps for Double Perovskites

a

b

. . . .
= Performance of th n riptor h th 4D Prim riptor:
[ Database of Double Perovskite Bandgaps 4 S EIONTRACS OF NG SRR eI | ST W W8 DOk $5) YTy Deecriy
— 1A . e - 8,ATrainingset 7]
53 Single C;=1378 || 1306 Insulating FELel s - e 07 & [\ Testset .
E Perovskite Oxides |, Unique Doble [l Double 3 M o™ § s
| | With Bandgap > 0" Perovskite Perovskite S v aerrrrinaerligs 2l
a || (ANl non-magnetic) Oxides Oxides Bandos woop AT, E £
A A T I
o 1X ’ S B4
28 Primary Atomic " S o W, loaz = 3f
[ A4 (]
Featyres Co:rzqugnuﬂspmry | 2., / — s =, %
§ Symmetrized Features <|T> Filter Feskiee ‘0 Compound Features * * ~ "] o 3 N Wokea 383333835
w.rt. Q-&B-site Cations | 07 A Primary Features 02 0“ o RuSTestsetEror(eV)
s v LASSO- 02 4 6 8 10 12 14 16 0 1 2 3 4 56 7 8 9
s -010:1 Mm.:g ) based -’czzm - 16 y Descriptor Dimension GLLB-SC Bandgaps (eV)
u pou PCompound 1
Features SF““‘;; Filter Features C o KRR with the 16D Primary Descriptor KRR with the 16D Compound Descriptor
8 A Training set pZ 8 _ATraining set ¢
al ATest set / ot ATest set ‘,(
S e 3 F
g o & g s K/
:‘é 4 ,“.,;'4 % ‘§ 4 ("\'w
3 ,&" g% 11 B4 € 2
= 15 A —
Pilania, G., Mannodi-Kanakkithodi, A., Uberuaga, B. P, Ramprasad, R., Gubernatis, J. E., & 2f 1 Z 1 2t ok
. . . . .ps ~ K8ILFRIER v 8899888
Iicg)gl;r;an, T.(2016). Machine learning bandgaps of double perovskites. Scientific reports, 6, 1::}3 e 1;?{? : Kottt v
’ 00 12 3 4 5 6 7 8 9 00 12 3 4 5 6 7 8 9
GLLB-SC Bandgaps (eV) GLLB-SC Bandgaps (eV)

A
)
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¢

Predict Band Gaps

1-D 0959 | 0634 1.056 0.546 1-D 0954 | 0.638 | 1.056 | 0.545
2-D 1.059 | 0554  1.114 0.493 2-D 0.888 ' 0.686 | 0.879 | 0.685
3-D 0.689 | 0.811 @ 0.867 0.692 3-D 0.774 | 0.762 | 0.777 | 0.753
4-D 0.306 | 0.963 . 0.501 0.897 4-D 0.716 | 0.796 | 0.742 | 0.775
5-D 0270 | 0971 @ 0.529 0.885 5-D 0.566 | 0.872 | 0.637 | 0.834
6-D 0.302 | 0968 @ 0.521 0.889 6-D 0.502 | 0.900 | 0.594 | 0.855
7-D 0.356 | 0.949 @ 0.510 0.892 7-D 0.426 | 0928 | 0.554 | 0.875
8-D 0.281 | 0.969 ' 0.429 0.925 8-D 0.437 | 0924 | 0563 | 0.870
9-D 0.219 | 0981 @ 0.406 0.932 9-D 0.399 | 0937 | 0.550 | 0.876
10-D 0.139 | 0992 @ 0.397 0.935 10-D 0.300 & 0964 | 0.484 | 0.904
11-D 0.178 | 0.987 0413 0.930 11-D 0249 | 0975 | 0455 | 0.915
12-D 0.074 | 0998 @ 0.393 0.936 12-D 0222 | 0980 | 0.451 | 0.917
13-D 0.137 | 0993 @ 0.365 0.944 13-D 0.187 | 0986 | 0.418 | 0.928
14-D 0.110 | 0.995 @ 0.397 0.935 14-D 0.169 & 0989 | 0.413 | 0.930
15-D 0.087 | 0.997 @ 0.377 0.941 15-D 0.144 | 0992 | 0376 | 0.942
16-D 0.080 | 0.997 0.371 0.939 16-D 0.132 | 0993 | 0.360 | 0.947

ML Predictions (eV)

o o

KRR Predictions on Single Perovskites

L ' A ' L L

A

2 3 4 S5 6 7

GLLB-SC Bandgaps (eV)

8

9

Pilania, G., Mannodi-Kanakkithodi, A., Uberuaga, B. P, Ramprasad, R.,
Gubernatis, J. E., & Lookman, T.(2016). Machine learning bandgaps of
double perovskites. Scientific reports, 6, 19375.

°
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Key words

» Machine Learning:
» Alternative method where all possible data don’t need to be computed.

» Conventional (Shallow) Learning:
» Based on existent experimental data /theoretical simulations
» Diverse dataset

» Define a Target Property — Endpoint (This is the property you want to predict)

» Data mining: Extracting information already available, as applicable to predict Endpoint
» Descriptors: Properties that are related to target property, which, when varied, may affect the target
property

/\ﬁ
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Key words

» ldentify what type of problem it is: classification or regression

» Choosing Algorithms (Classification or Regression):
» Linear
» non-linear (Random Forest, Support Vector Machine etc.)

» Model Development:
» Divide dataset (training (on which your model will be built on), test (on which you will test your
model) and validation set (test the true capability of model)
» Both training and test sets are subjected to vary and are used during model building
» Validation set is kept untouched and used at the very end.

» How do you decide what’s a good model ???

/\ﬁ
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$ Key Points with quick Example plots

l T l T l L l T I T

- | ® Training Set
B Test set
— Linear fit to training set

» For a comparatively small dataset sizes, these
error values for training and test sets are going
to vary: statistical fluctuation of some sorts

» Cannot be used to determine the optimal
performance of a model

08

Predicted

» Learning Curve:
0. . » Model predictability over a varying
I 7 number of training sets

0 0.2 0.4 0.6 0.8 1
Observed

0.5 T T T T ] T

Dataset | RMSE | MAE | R? | ~
Train 0.14 0.11 0.86

Test 0.19 0.15 0.00
Training Set Size =70, Test Set Size = 8

— Training Error
— Validation Error

e
=
|

— o — —]

e
i
I

e
o
|

Root Mean Square Error

I
I
I
I
I
I
I
I
I
|

| ) ] I AN

1 L L 1 . 1 |
0 20 40 60 80 ) 50 100 . Lo5%lamos 2%
Training Set Sile Train_ing Sel’ Size NATIONAL }ABORATORV jo




MATERIALS SCIENCE AND ENGINEERING

Interdisciplinary \

4-1_/‘{',( \‘

Let’s summarize!

Materials Science gng Engineering



$ SUMMARY | (WHAT | BRIEFLY TALKED ABOUT)

/

Technological
Applications

émpu’raﬁonal /

Experimental Data

Synthetic Data
Learn the physics

Medicinal
Applications

Novel Organic Ferroelectrics

Novel Inorganic functional materials
e Multiferroicity (magnetic and polar)

e Thermal conductivity

Machine Learning 1/\
Crystallizability of orgahic compounds

e Large Optical Band-gap Materials /

~
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@ DAILY USEs (WHAT I DIDN’T)

/Search Engines

Maps
E-mails

Shopping
Self-driven cars

Face-recognition

Smartphones

Machine (Deep) Learning

Big Data-set

Train Neural-net with layers

N

(No descriptors)
Prediction

/

‘ /
T IO
N
O ®

/)
)
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MACHINE LEARNING IN MATERIALS SCIENCE
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