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Consider as many compounds as possible, typically O (103) - 0 (105)

High-throughput
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Data-Mining

property 1
property 2
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property 4
property 5

0 (107) - 0 (102) compounds



Open Materials Database

Materials design

ea % CEPDB - the Harvard
Clean Energy Project Database

High-Throughput computing




Time per property
(node hours)
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4.7 million properties; 57 million CPU hours; 730,000 calculations...

structure chemistry electronic elasticity piezo



This is where the power of

machine learning has become very handy

wis e |N. Nosengo, Nature 566, 475 (2016)] |NTE|.|.|GENT SEAR[}H

- Artificial intelligence can help researchers to comb

through vast numbers of materlals to find just the
ones they need for the application at hand.
| Start with lab data and
................ ................ computer mode”ing of ..............
known materials.

Machlne_learnlng technlques could revolutionize ................ ................ ................ l ............... ................. ................. T

how materials science is done. M T
: : : achine learning extracts ; :

ﬁ o T common patterns. l U W O .. G I

BY NICOLA NOSENGO - . - = = = = ;|

prediction of new
materials.

Researchers look for : : :
materials with specific, SO VU Do S
predicted properties. | : :

= o < L B

Chemists try to make
the candidates for
real-world testing.

...................................................................................................................................................




Modelling battery materials:
The example of solid-state electrolytes

BB81812

"
Q
E
T
S
%
S
l.‘-,
;
3
g
2
g
3




Mean squared displacement and diffusion coefficient D =

mes O : Octahedrons
=== T : Linking Tetrahedrons
=== H : Hollow Tetrahedrons

log (D (m?s™))

20 30 40
Time (in ps)

AMSD
6At

-9.0 T T

Li, Zn,,.GeO,

357025

-10.0

105} \
1.0+ \
Li.Zn, .GeO,

3 0.5

=115

-12.0

-12.5~

-13.0 =
i, Al L8, 28 O

65" T0.25

135 1 I | | | I
1.0 15 2.0 2.5 3.0 3.0 4.0 4.5

1000 / T (K7)

2.92

New high-conductive battery material predicted and
then synthesized.

G. Hautier and co-workers, Chem, 5, 2450 (2019).



log(D (cm?/s))

Cite This: Chem. Mater. 2020, 32, 3741-3752
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method

AIMD
LOTEF - MD

MP entry id

mp-10499
mp-30249

MP entry id

mp-10499
mp-30249

total CPU

hours

23291
7186

composition
Lin2P3O 12
Li;GeS,

composition
Lin2P3O 12
Li;GeS,

Lithium lon Conduction in Cathode Coating Materials from On-the-Fly Machine Learning
Chuhong Wang, Koutarou Aoyagi, Pandu Wisesa, and Tim Mueller*

MD time production/cost (ns/CPU
(ns) hour)

3.75 x 107* 1.61 x 1078

1388 1.88 x 107!
experimental high-T AIMD

E, (eV) T (K) R*  E, + stderr (eV) AE,
0.597% 700—900 0.81 0.13 + 0.32 —0.46
0.5273 800—1000 0.92 0.31 + 0.23 —0.21
experimental LOTF — MD

E, (eV) T (K) R? E, + stderr (eV) AE,
0.597* 300—500 0.94 0.50 + 0.01 —0.09
0.527° 400—600 0.97 0.53 + 0.03 —0.01



® Linear Regression

e Random Forest .

* MEGNet §

® MODNet

e Automatminer .
Linear Regression

Error

calculated energy barrier (eV)

LR

MEGNet

machine-learned energy barrier (gV)

AM

MODNet
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v

calculated energy barrier (eV)



e Data consolidation e High-Throughput

simulations
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