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Discovery of new functional molecules and
materials is of national importance

the WHITE HOUSE PrrESIDENT BARACK OBAMA Get Email Updates Contact Us
THE WHITE HOUSE
WASHINGTON

BLOG PHOTOS & VIDEO BRIEFING ROOM ISSUES N the ADMINISTRATION the WHITE HOUSE our GOVERNMENT

Materials Genome Initiative

Goals | Examples | News & Announcements | Federal Programs | External Stakeholder Activities | Contact Us

To help businesses discover, develop, and
deploy new materials twice as fast, we're
launching what we call the Materials
Genome Initiative. The invention of
silicon circuits and lithium-ion batteries
made computers and iPods and iPads
possible —- but it took years to get those
technologies from the drawing board to the
marketplace. We can do it faster.




First Principles Calculations

Accurate, Slow

* Full configuration interaction

* Wave function based
* Density functional theory
* Semi-empirical

* Empirical potentials

Inaccurate, Fast



Old Picture

Sillation Experiments
(DFT etc) P




New Picture

Experimental Design

Artificial Simulation

Intelligence (DFT etc) Experiments

UFeatures
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Gaussian Process (/A X7:L)
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Gaussian Process (/A AX&HY)

e K: IFFEYTILIZEHT BH—RILITH
e v: JFEYTILICEE T HERAIE
o« TFRAMAE x*IZHBITAFEIE
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 Maximum Probability of Improvement
— Current MaxZ B A S HES

e Maximum Expected Improvement
— (B;BE-Current Max) D EATFIE

* Thompson Sampling
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Where to observe next?
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Gaussian Process: Obtain Posterior Distribution
| | | |

Current
Maximum
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Explanatory Variable
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Grain boundary structure determination

=105

095

Choose optimal translation parameters
(dx, dy, dz) to minimize the grain
boundary energy

26



Acceleration of Discovery

Cu [001] (210) 25 grain boundary

i

Exhaustive calculations Bayesian optimization
GB energy=0.96J/m? GB energy=0.96J/m?
Number of energy calculations Number of energy calculations
=16,983 =69

S. Kiyohara et al., Jpn. J. Appl. Phys., 2016.
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COMBO: COMmon Bayesian

Optimization Python Library
https://github.com/tsudalab/combo

e Fast learning by random feature maps

* Automatic hyperparameter initialization & update

O @ ©tsudalab/combo: COMmo: x ||

€« C £ GitHub, Inc. [US] https://github.com/tsudalab/combo
=2 F7Y M Gmail - BEMLA & Pocket: Y1UR K ns4y - 44Ky 2 A GitLab Tsudalab JBpress(BAE Y% [N M—L-FAR—5L [ F/#8EER070:

» [ zotoTyIv—2

O This repository Pull requests Issues Gist A +-
tsudalab / combo ©Unwatch~ 3 JUnstar 1 ¥Fork 0
<> Code Issues 0 Pull requests 0 Wiki Pulse Graphs Settings

COMmon Bayesian Optimization — Edit

25 commits 2 branches 0 releases 2 contributors

Branch: master v ew pull reques New file Findfile = HTTPS~ https://github.com/tsud E& ([  Download ZIP

kojitsuda README Latest commit c9f5e44 6 hours ago
combo update combo to version 0.1.1 3 days ago
docs add document t 8 hours ago
examples/grain_bound modify README 9 hours ago
B .gitignore add .gitignore 23 days ago
[E README.md README 6 hours ago
B setup.py combo version 0.1.1 3 days ago

README.md

COMmon Bayesian Optimization Library ( COMBO )

Ueno et al,,
Materials Discovery,
2016, accepted.



GP = Random Feature Map +
Bayesian Linear Regression

* Gaussian process (GP) is slow O(n3) due to the
use of kernel function

k(A)=exp(—|A]?/2)

* Approximation by random feature maps
(Rahimi and Recht, NIPS 2007)

Elze v(X)Zew, s (X')]| = k(X — X')

Zo b(X) =2 cos(w X+ b)

w is a vector of random samples from unit Gaussian distribution
b is drawn uniformly from [0,2m]



Computational Time of COMBO
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Part 2 {52

* Virtual Screening
* Discovering low-LTC compounds

* Bayesian Optimization
* Optimization of melting temperature
* Design of Si-Ge nanostructures

33



Screening by first principles
calculations alone

\"F]# \"F]# \"F]# \"F]#
1 3 7 10

First Principles Calc.

Score Score | Score Yolo] g
1 7 8 10

34



Virtual Screening

\"F]# \"F]# \"F]# \"F]#
1 3 7 10

First Principles Calc.
;

35



Virtual Screening

Mat. Mat. Mat. Mat.
1 3 7 10
‘-V

First Principles Calc.

Pred. | Pred. | Pred. | Pred. | Pred. | Pred. | Pred.
Score | Score | Score | Score | Score | Score | Score
4 5 6 7 8 9 10

Machine Learning

36



Thermoelectric materials

' )
\J
Power
_-A ), L) T
Electric current E Heat flux Electric current
p-type

n-type  gee

> 3
Electric current @ High T

Figure of S: Seebeck coefficient

Merit (S2 o/K )T c: electrical conductivity

k: thermal conductivity 27
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Discovering Compounds of Low Thermal
Conductivity: Motivation

* |sao Tanaka’s Lab developed a system capable of
calculating lattice thermal conductivity (LTC)

— First-principles anharmonic lattice dynamics
calculations

— Solving Boltzmann transport equation with the single-
mode relaxation-time approximation

* Too slow for screening in a large database
— One LTC can take one WEEK with hundreds of cores



Lattice thermal conductivity : calc. vs. exp.
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Discovering Compounds of Low Thermal

Conductivity from Database
(Seko et al., PRL 2015)

 Compute LTC of 101 prototypical compounds

— Rocksalt, Zincblende, Wurtzite-type
— Best LTC: 0.9 W/m*=K

* Predict LTC of 54779 compounds in Materials
Project Database

— Additional LTC calculations for best 8 compounds
— Five had impressive LTC of < 0.2 W/m*K (@300K)



TABLE 1. First principles LTCs and Z-scores for highly
ranked compounds by the virtual screening. Band gaps by
DFT-PBE are taken from MPD library[29, 33].

Space LTC Band
group  (W/mK) gap (eV)

Ranking Z-score Formula

1 1.90 PbRbl; Pnma 0.10 2.46
2 1.76 PbIBr Pnma 0.13 2.56
3 1.56 PbRbyBrg R3c 0.08 3.90
4 1.56 PbIC] Pnma 0.18 2.72
5 1.56 PbCIBr Pnma 0.09 3.44
7 1.44 Pbls R3m 0.29 2.42
3 1.43 Pbls P6ame 0.29 2.45

121 039 K2CdPb  Ama2 045 0.18
144 029 Cs2[PdClil2 [4/mmm  0.31 0.88




Bayesian Optimization

* Find best data points with minimum number
of observations

* Choose next point to observe to discover the
best ones as early as possible



Bayesian Optimization (1)

Mat. Mat. Mat. Mat.
1 3 7 10
-7

First Principles Calc.
;




Bayesian Optimization (2)

Mat. \"F1& \"F1& | Mat.
1 3 7 10

First Principles Calc.

Predicted Scores

Pred. | Pred. | Pred. | Pred. Pred. | Pred. | Pred.
Score | Score | Score | Score | Score | Score | Score
4 5 6 9 10

Var. |Var. |Var. . {Var. |Var.
4 5 6 9 10

Predicted Variances



Bayesian Optimization (3)

Mat. | Mat. | Mat. | Mat. | Mat. | Mat. | Mat. | Mat. | Mat. | Mat.
1 2 3 8 4 5 6 7 o 10

First Principles Calc.

-7
Score
8

46



Bayesian Optimization (4)

Mat. | Mat. | Mat. | Mat. | Mat. | Mat. | Mat. | Mat. | Mat. | Mat.
1 2 3 8 4 5 6 7 9 10
-7

First Principles Calc.

Score | Pred. | Pred. | Pred. | Pred. | Pred. | Pred.
8 Score | Score | Score | Score | Score | Score
4 5 6 7 9 10

Var. Var. Var. Var. Var. Var.
4 ) 6 7 9 10

47
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N RN & B EERIE

AIBr3 - As4S4 - GeSe - Se - BaSe - Sn02 - Sb2S3 - Sb2Te3 - Pb - SnF2 - GeBr2 - SnSe2
- BaO - Bas - SrSe - SiC - BeO - [AIN] - Be3N2 - Al203 - Si3N4 - Al4C3 - MgO - Ca0
-CaC2 - LiH-Cs-Be-BaH2 -Bi204 - K- BeF2 - TI - RbN3 - LiF - PbTe - Csl - Li - P205
- TI203 - BaF2 - Bi - Ba - CaS - SrO - CaSi - PbO - CaF2 - Rb - MgH2 - Si - BaSi2 - IBr -
Bi203 - SrS - NaF - Ga203 - Al - Tll - CsO2 - KCI - In - 12 - BiF3 - SrF2 - LiCl - InN - CsBr
-IClI- SrH2 - Pb304 - Na - Na202 - In203 - Rbl - S - PbF2 - Bi2Te3 - Sn - CaH2 - KF -
InSb - Ca - Bil3 - CsCl - K202 - MgF2 - Ge - PbS - SrSi2 - TeO2 - TISe - Sr - Bal2 - AlP -
Li20 - RbO2 - CsF - P4S3 - BiF5 - Mg - GeO2 - NaCl - CaSi2 - BaCl2 - Te - PbSe - TeF4 -
Pbl2 - TIF - KI - P - MgS - SnTe - NaO2 - GaAs - RbCl - TI20 - SiS2 - KO2 - InAs - BaBr2
- P2S3 - Sb - KBr - Tel4 - Li3N - TeO3 - RbBr - Sil4 - LiBr - GaSb - TICI - SeO3 - GaP -
RbF - Snl4 - Cs20 - As203 - SrCl2 - Mg2Si - TIBr - AlAs - Lil - P4S7 - Bi2S3 - Mg25n -
CaCl2 - AlI3 - As205 - SnSe - Ca3N2 - Li2S - NaBr - Inl3 - BeCl2 - Sb203 - Nal -
Mg2Ge - Inl - BiBr3 - GeS - Bel2 - SeBr4 - TI2S - InP - GaTe - P2S5 - SbF3 - K2S - BiCl3
- SrBr2 - InF3 - GeTe - Sbi3 - AlSb - In2Te3 - GeF2 - Mg3Sb2 - Srl2 - PbCI2 - GaS - PI3
- Na2S - SnS - AI2S3 - Gal3 - Rb2S - GaSe - MgCl2 - TeCl4 - Rb2Se - PbBr2 - Gel4 -
K2Se - Cal2 - BeBr2 - P2I4 - Sh2Se3 - CaBr2 - As2Te3 - In2Se3 - AICI3 - InS - GeBr4 -
As2S3 - Ga2Se3 - SnBr4 - InCl - As2Se3 - AsBr3 - Asl3 - GaBr3 - Al2Te3 - In2S3 -
SbBr3 - Mgl2 - InBr3 - GeS2 - MgBr2 - Ga2S3 - GaCl3 - SbCI3 - SnBr2 - GaCl2 - SnCI2




Design nanostructures for phonon transport

via material informatics (Phys Rev X, in press)

Interface structure design has wide application in thermal devices.

High Conductance -« » Low Conductance
uperalloy | Bond- | i G Cooling-
Thermal-Barrier- ‘Zgugstr;tley ; Bco:t E Toitgi)at ; i Air Filﬁ)

CPL Cooler | Coued  Temp,/ {~100 i 100.400um ||

Thermal Interface

Cooling Air

Microprocessor

Distance

Interface materials Thermoelectric Thermal barrier coating

 various parameters > low developing efficiency
O parameters effect coupled > > high experimental cost
O transport vs local atomic configurations > long calculation time

U interference/resonance effects

(_#¥ THE UNIVERSITY OF TOKYO Department of Mechanical Engineering, Thermal Energy Engineering Lab TEEL



Alloy Structure Optimization

Question: How to organize 16 alloy atoms (Si: 8, Ge: 8) to obtain the largest and
smallest interfacial thermal conductance?

Lead S1/Ge alloy region Lead
Descriptors: C;, =12,870

Casel 1 |2 13 4/5/6/7/89110/11(12/13 141516
1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0
paalalalalalale[alele|eo]o]o]o]|c

3 11 1 1 1 1 1 O O 1 O O O O OO O

Calculator: Atomistic Green’s Function (AGF): Phonon transmission

Evaluator: Interfacial Thermal Conductance (ITC)

Optimization method: Thompson Sampling (Bayesian Optimization)

(_#¥ THE UNIVERSITY OF TOKYO Department of Mechanical Engineering, Thermal Energy Engineering Lab TEEL



Alloy Structure Optimization

St Cuvu Cut

Q T Q | T T T

“c 500 max . e 00l max ]

2 ol = -

= - ' = 350 ll41; .

@ 400f < 4l 18 ity =

& z 3 s 300 B _

'g 300 | > 2 1f 1 g 250 c .

© L %66 300 400 500 ©° 200 300 400

@ Thermal conductance (MW/m?K) © 200¢F 3 Thermal conductance (MW/m’K)

£ 200 E _

= min 2 min

— . | , | , | \ = 150 . I ‘ L R I .

0 200 400 600 800 0 100 200 300 400

Calculated structures Calculated structures

Optimal structures were obtained by calculating only 3.4% of all candidates.

(_#¥ THE UNIVERSITY OF TOKYO Department of Mechanical Engineering, Thermal Energy Engineering Lab TEEL



Superlattices Structure Optimization

Topic: Arrange 10-layer superlattices structure (5 layers Si + 5 layers of Ge) between
S1 and Si to obtain minimal thermal conductance (1 layer thickness = 5.43 A)

B S "B B "B ®-B ‘., . ', ‘.,
. . . . . .
‘ .., BB R ESE ‘
n '. mea '. mee '. '. ’-
Lead CSi @Ge Si/Ge superlattlce region Lead
Descriptors: (0 @1 C;, =252

 Case | 1 | 2 | 3 | 4 | 5 | 6 | 7 | 8 | 9 | 10
1 T T T T T R I I T
2 I il aale [ 4]lae [ o ]a @
3 L e lalalaelaelalalala

Best Structure: (1101010001)

" Q.’ - " \-., .’ \-., B " U., ‘ \
RS 8
.-’..-'n -..-’n a 'l Pa'n

(_#¥ THE UNIVERSITY OF TOKYO Department of Mechanical Engineering,



Superlattices Structure Optimization

Si-Si Si-Si Si-Ge Si-Ge
Si:Ge=1:1 Si:Ge=no limit Si:Ge=1:1 Si:Ge= no limit

11000101 11101101 10100110 10100110
(70) (256) (70) (256)
1101010001 1110110101 100010110 100010110
(252) (1024) (252) (1024)
101100100101 110110101001 100101010110 100101010110
(924) (4096) (924) (4096)

11011000101001  11001010110111  10011001010110  10010101101110
(3432) (16384) (3432) (16384)

1100010010110101  1100101110110101  1010110110010010 1001010101101110
(12870) (65536) (12870) (65536)

(_#¥ THE UNIVERSITY OF TOKYO Department of Mechanical Engineering, Thermal Energy Engineering Lab TEEL



Conclusion

 Artificial intelligence technigues combined
with first principles calculation have enormous

power
f\Experimental Design

Artificial Simulation
Intelligence (DFT etc)

U Features

Experiments




