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Group members and our aim

Group members (Including former members)

Development of large-scale rechargeable batteries are gaining attentions to
realize electric vehicles with safety and sufficient cruising range (Fig. ). ldeas
of all ceramics batteries and multivalent batteries may solve technical issues
above. Therefore, discovery of materials for these new-concept-battery (post
LIB) are urgently requested today.
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M Visualization of Interface Property by Ml
Using MI and ab inito DFT, interfacial properties, such as
energies, are visualized even for > 1M atom system. Active
learning techniques are used for reasonable selection of
training datasets.

(a) Training data selection with active
learning

(b) Replica DFT atomic energy calculation

(c) Machine learning
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B Prediction of Unknown Structure

New materials which is not registered in DB or interfacial
structures are predicted by machine learning or meta-heuristic
methods.

e.g.1) Materials property prediction only by composition
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e.g.2) Ab initio prediction of interfacial structure by PSO
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B Link to experiments with Ml
Fast composition optimization is achieved by combined
experimental and Bayes optimization techniques.

Solid state reaction!3! Relative density
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Magnet Materials Group

Magnet Materials Group
Takashi Miyake (GL) and Hiori Kino (SGL) = MIYAKE.Takashi@nims.go.jp

Optimizing Chemical Composition

Analyzing Curie Temperature

Fukazawa et al., Phys. Rev.. Mater 3, 053807 (2019)
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Structure-stability relationship
of Nd-Fe-B crystal structures

Thermodynamic Parameters

@ Hull-point structures in OQMD
® Formable structure in OQMD

M Hull-point substituted structures
B Potential formable substituted structures

Computatlonal Screening

Kim et al., Scripta Mater. 178, 433 (2020)
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2
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J. Chem. Phys. 148, 204106 (2018)
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Model Precision Recall f1 . .
Orbital Field Matrix KRR-model 0.533 0.534 0.376 concentration prOflle
LG-model 0.629 0.687 0.599
Pham et al., STAM 18, 756 (2017); DT-model 0.704 0.676 0.687
GMM-model 0.729 0.821 0.735
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Progress in Thermal Management Materials

Acceleratea by M|

Y. Xu, Y. Shinohara, J. Shiomi,

sz XU-Yibin@nims.go.jp SHINOHARA. Yoshikazu@nims.go.jp

Inorganic Composite with Ultra-Low Thermal
Conductivity

shiomi@photon.t.u-tokyo.ac.jp
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Thermal Management Materials Group
J. Morikawa, M. Goto, T. Baba

Mii

New Thermoelectric Material

We developed a machine learning model to predict interfacial
thermal resistance (ITR) and designed the best combination of
materials with high ITR. Inorganic composites with ultra-low thermal
conductivity of 0.16 W/mK has been synthesized.
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Y. Wu, et al., ACS Appl. Nano Mater. 2018,1,7, 3355

synthesis and evaluation of

Machine learning Bi/Si composites
i/Si l

model established

to predict ITR
Y. Xu ,et al., Patent application 2018-1587

Polymers with High Thermal Conductivity

Python 3, involving “transfer learning”, accelerates efficient polymer
design with desired properties even from a relatively small data set.

d Bayesian molecular design Post-screening models
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Considering the processability, new design of blends and block-copolymers of aromatic
polyimides reached anisotropic in-plane thermal conductivity up to 1.0 W/mK without fillers.

Development of high-throughput material

synthesis and evaluation technique

Research for thermal management
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Materials selection was performed using theoretical calculations, and
a novel Fe-Al-Si-based thermoelectric material was found. In addition,
we succeeded in greatly improving the power factor using machine
learning (Bayesian optimization).
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Thermophysical property database

A thermophysical property database was developed, and data of thermal
conductivity, electrical conductivity, specific heat capacity, and thermal
diffusivity were stored as a function of temperature (Figure 1). Analysis of
specific heat capacity data visualized universality of Dulong-Petit law for single
element solids and Neumann-Kopp rule for multi-element solids such as
oxides and carbide nitrides and demonstrated importance of an experimental
dataset for materials informatics ( Figure 2).
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Fig.1 A thermophysical property database
developed for materials informatics, in
which thermal conductivity, electrical
conductivity, specific heat capacity, and
thermal diffusivity of solids are stored.

Fig.2 Per "atom-mole” unit: Temperature
dependence of specific heat capacity of
metals, alloys and non-metallic solids
(Logarithmic scale for temperature)
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Overview of Data Science Group

Data Science Group
KOJI TSUda, Ryo Tamura = tsuda.koji@nims.go.jp, tamura.ryo@nims.go.jp

De novo molecule generation

Phase diagram construction

Combining deep learning and quantum simulation

for discovering new molecules

—
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"
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ChemTS+Gaussian
(https://github.com/tsudalab/ChemTS)
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M. Sumita, R. Tamura, and K. Tsuda, et al.
ACS Cent. Sci. 4, 1126 (2018).
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NIM: National Institute for Materials Science

New machine learning algorithm for phase diagram

construction now
& 80 VI
.
;‘ v
1. Initialization 2. Phase estimation feln
Liquid
@®: Checked h
: Unchecked

R ]
Temperature ()

1o0o,_Checked points (110)

Parameter 2
l Parameter 2
F Probability
—
(4pa)
8

Parameter 1 Parameter 1
4. Experiment 3. Uncertainty score
m High
~ ~|m
8 g|m.
or g | S .
£ L] £ H £
& & 111 H
5 umE 5 EEEEEE e
& ] & 1 L] H
Di H : E
am ! Low
Parameter 1 Parameter 1 oo bt 3

K. Terayama, R. Tamura, and K. Tsuda, et al.
Phys. Rev. Materials 3, 033802 (2019).

https://github.com/tsudalab/PDC

MI research by Windows computers

Executable files of COMBO and PDC on Windows
without any installation

r ] drag-agd-dmp

press Enter

data.csv  COMBO.exe

PDC.exe

feedback
to data file

. accept a recommendation
! or F, Next Point: [0.74 0.45]
Row Number: 274

evaluate properties

data.csv
Explanations > 1 objective | parameter1 | parameter2 | -
of each column 2 » 0.0 10 K Terayama,
(or blanks) 3 8.2 0.2 9.7

7 o ottt K. Tsuda,

5 06 9.1
ST 2 o8 o5 1 and R. Tamura,
a next candidate 7 4.5 1.0 85
from blanks 8 1.2 8.2 'Jpn J Appl Phys

N9 20 1.4 79

N5 I 2.1 58, 098001 (2019).

1\ 1.8 7.3

12 ¥ 2.0 7.0
COMBO.exe

13 10.1 2.2 6.7
Objective " : : https://tsudalab.org
as real value —_— R . i
PDC.exe Non filled Filled /ja/projects/mitools
Index of phases objective explanatory
as integer value variables variables

(1D) (any dimension)

M.2 . "Materials research by Information Integration" Initiative
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Overview of Topological Analysis Team

Topological Analysis Group

Kazuto Akagi, Shinji Kohara and Yasuaki Hiraoka = akagi@wpi-aimr.tohoku.ac.jp

o) o

Outline of our Approach

A new mathematical scheme handling the "shape of data”.

"Shape" : n-dimensional hole (n=0 connectivity, n=1 ring, n=2 cauvity)
Treating a set of discrete points as input data: atomic configurations,
digital images, ...

Translating the complex input data into two-dimensional histogram
guantitatively.

Detecting a hidden order and elucidating its origin (with machine-
learning techniques, if necessary).

Proposing new materials based on the obtained PSPP relation.

Persistence Diagram (PD)

d

2

1.51A
1.52 A

d,
b

20 ¢t

- One of the expressions of “Persistent Homology”
- Filtration based on "Alpha Shape”

- Born at r=b, dead at r=d

- Each (b,d) corresponds to each "Hole"

- Robust "Hole" : apart from diagonal line

- Noisy "Hole" : near by diagonal line

Hole: connectivity, ring, cavity

15¢

DEATH [A]

10}

15 2.0

BIRTH [A]

1.0

Forward and Inverse Analysis via PD

Input Data Persistence Diagram Descriptor

(properly translated vector data)

 Extraction of hidden order
* Natural coarse-graining

»

l - Good affinity with machine-learning
A AR AR AR AR AR RRARRARD - Database of complex systems

system 1

/

\
A
N » o o.
. . » >
Al » ~ A
LI < ™
. ™ ™
'
an CJ
3 -
.—‘.
/.v > L]
\ D
" .
\

system 2

system N

Image Data

* Finding correlation with various properties
 Elucidation of key structures in original data

Development of “HomCloud” Package

output.idiagram

- Input data: atomic configuration, image files
- Calculation of persistence diagram (forward)
- Mapping (b,d) onto input data (inverse)

- Written as python modules

- Open source under GPL v3

- Developed by |. Obayashi and Y. Hiraoka

Search now “HomCloud AIMR” |

RRRRRR

Members

Y. Hiraoka: Development and implemetation of mathematical framework
F. Ogushi: Analysis of grain boundary and dynamic phenomena

S. Kohara, Y. Onodera, S. Tahara, A. Masuno:
Synthesis and analysis of functional glass materials

M. Kotsugi: Analysis of magnetic domains toward reduction of “core loss”

K. Akagi: Analysis and quantification of microscopic observed images

EMHREAREZAVE MRS

NIM National Institute for Materials Science

Examples of Application
- Metallic Glass: cooling rate effect on glass structures g

(Hiraoka et al.) &

* Apply PDs to MDs for describing structures
 Combine ML and inverse analysis for explicitly identify those changes

Persistence diagrams for different cooling rates in MD simulations

101K /sec 102K /sec 1013K /sec 104K /sec

109K /sec

H _2
Pd, dlm— Vs Pd_all_wa_pcl.2 Soso
' 0.02
000000
111111 0.025
000000 “ - 0.00
- L 0.000
0.02
0.025

PCA2

3.75 1
3.50 1
3.25 1
£ 3.00
H
2757 . - ~0.04
2.50
-0.06
2451
2.00 1 -0.08

PD of Pc& (Si, dim=1)

Inverse of PCA explicitly identifies geometry affected by cooling rates!

- Structural origin of mixed alkali effect in alkali silicate glass
(Kohara et al.)

* Experimental measurement of functional glass

» Topological data analysis (TDA) based on the MD simulation
reproducing the experimental features

Yellow : Si

Red : Bridging O (BO)

Blue : Non-bridging O (NBO)
Cyan : R=Na, K

O
OO Rzo
remove one BO
put two NBO

Four-membered rings

\ p

with R,NBO, are detected by TDA NaO, — KOs
— Getting aware of hidden (2NBO+250) (ENEO+450)
correlation between Na and K
NaOsg /
(2NBO+3BO)

Two alkali ions are trapped around these two NBO

to compensate negative charge. KOs

(2NBO+3BO)

KOs
(2NBO+4BO)

Information beyond “pair-correlation” plays an important role!

- Characterization of TEM images of amprphous materials
(Akagi and Xu)

* Non-trivial visualization by scanning PD and machine-learning
* Design of pre-process to avoid misleading characterization

Sample 1 ' 5. = Ll /1!?-',?' - = )
’ ¥} -1, :7..!1: . o AL S L
NI | R
i s e, W .E,'- = .rl_ - . . . . .
R e S T A A ) trivial visualization)
g I o __LI-';-j = T . L] ':ﬁ
Sample 2 | 1= e T TR 2 8T
" '_',_'.if‘. 4, L T e T
LE S bt e
._-y-u Y 7 - i 1 _._ -.L_ .
PD+PCA Sample 3 [hrae g T Al oo ek
adaptive binarization TP R Bl ek
and more L T i

| We can notice the difference in local 5
> order and compare it with atomic models.:

1.2 1

Thermal conductivity (W/mK)

-t
o
1 "

Heat conductivity of a-Ge film Ist principal .~ s

T. Zhan, Y. Xu et al., Appl. Phys. Lett. (2014) component vecto

—_——
50

o

Deposition temperature (°C)
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Research Activity in Materials Exploration Group

Materials Exploration Group
Tamio Oguchi
Kohji Nakamura

4 oguchi@sanken.osaka-u.ac.jp
nakamura.kohji@mie-u.ac.jp

Background and Goals of Group

Center for Materials research by Information Integration NIMS-MaDIS-CMI?

Goals of Materials Science

MaDIS-NIMS Materials Exploration Group
s Toe ™
o To discover novel materials with desired Main Themes
property/function applicable to future devices SECONDARY PERMANENT M:,:‘:ggﬁém
. . . BATTERY MAGNET &
* To optimize the property/function of existing THERMOELECTRICS
materials for realizing specified performance STRUCTURE PROPERTY PHASE
o To disclose the underlying physics of materials MIDDLE SEARCH PREDICTION STABILITY
property/function
QLI NN ( MATERIALS MATERIALS
DATASCIENCE § ““)natysis  JEZGRLTU Al DESCRIPTOR [ APPLICABILITY & VALIDITY ]
= OQur target materials have become much more complex and
demanding to meet the requirements for future applications. BOTTOM
= To accelerate R&D, much attention has been paid to ( DATA PLATFORM

Materials Informatics (Ml).

Selected Research Activity

d

ti Development of
crystal structure prediction method
T. Yamashita (NIMS, Osaka University)

Output

Layer-stacking dep of
in Fe-Co multilayer thin films
K. Nakamura (Mie University)

CoCoCoCoFsFeiMgO
o S oosare

Development of linearly independent
descriptor generation method
H. Fujii (NIMS)

Sparse Modeling of Chemical Bonds
T Oguchi (Osaka University)
« Interpretable sparse model for quantifying the energy

difference between rock salt (RS) and zinc blende (ZB)
structures in octet binary compounds

Evolutionary
algorithm

Bayesian
optimization

Input
ooo © a0
00o|= -,

Searching algorithm
+ Random search

Interpretable modeling by LIDG method:
Descriptor generation + Linear independence
+ Sparse modeling

E(RS) - E(ZB) =

{=5.02|r4 — 5| + 6.87} - 0.18

1
G+
ATk ‘Atomic radius

Model ofthin film
on Mgo(001)

« Anew van Arkel-Ketelaar triangle for chemical bonds

Ex. Magnetic moment of 3d binary alloys
van Arkel-Ketelaar triangle

M(A,B,x) ~ (1 — 2)Mp(A) + zMp(B)
o y - Evolutionary algorithm
el )[4 = + Bayesian optimization o sl
+0.322(4) . LaQA - Hybrid algorithm
+0.54M,(B. A) E-field-induced atomic displacements and DOS — .
) _ Development of CrySPY Propose an efficient
+0.42My(A, B)| | A double atomic-layer stacking of Fe on the MgO enhances a PMA but there is no role of searching algorithm

the short-range sequence in the E-field-induced MA modification, whereas an asymmetry
_ inthe whole film along the stacking direction plays a role in determining the DMI.
= Submitted (2019), MMM (2019)

Phys. Rev. Materials 2, 013803 (2018).

https:/igithub.com/Hitoshi-FUJIILIDG
npj Computational Materials 4, 32 (2018).

Tty (A) Tnean.
Y. Kanda, H. Fujii, T. Oguchi, submitted

Atomic scale microstructure simulation Digital phase diagram database for Open Science
using interatomic interactions obtained from T. Abe (NIMS) o
DFT calculations G

H. Ohtani, M. Enoki (Tohoku University)

Finding descriptors of surface properties Machine learning analysis on tunnel
Y. Hinuma (Chiba University) magnetoresistance of Fe/MgAl,0,/Fe(001)
« Correlations between surface and bulk properties Y. Miura (NIMS)

Calculated phase diagrams

- = 7| calculated data on
g Fe-lat %Ti-1at %N Fe-at %V-1at %N Fe-lat%Cr-1at %N PANDAT software
o e + =7 and image data \
‘ - H e @ ] . prowes 4 { | { Vacancy DB ‘
M H L 4 o v Phase diagram DB /
M) 2 7 . L Specific heat DB
X 3 f ol o . oo Gibbs energy DB
gy ¢ ) ol T N provss
| = S E . —
Fomaion evey (eVistom) Digitalize: Digital phase diagram system (DigiPD)| fAverse problem solver

Vokmelatom) ' (1A}
Correlation between surface O Phase boundary data —and viewer

— 7

Correlation between ionization

~
potential and volume per atom in vacancy formation energy and 1 Ml - T and reaction data in X
A 19y | utibody intsractions to six-body lusor i ths Fo-M (M=T, V, Cr) tormary systars were ovaluated |
binary oxides bulk formation energy in binary romhe duter xpansion method.and te ormation mecharier of 1 anocktor was xamined by i ISON/TSV/XIL.
oxides T TR o Gl 4 | formees e
o s e i By s o L. oo e (T o it ges. !
Phys. Rev. Materials 2, 124603 (2018). [The crystal structure of disordered MAO was fixed to a rock| ., (XY Al anl| the bec Fe-Ti-N and Fe-V-N alloys, while spherical cluster forms in the Fe-Cr-N system. Composition search for the given
Phys. Rev. Materials 3, 84605 (2018). [ o o o 55 R o [ s ot i O A, e e A M. Enoki, H. Ohtani, Tefsu-to-Hagané, 105 (2019) 334 solvus, solidus, and liquidus
J. Phys. Chem. C 122, 29435 (2018). Fenwio i - »H- g gane. - - solidus and llauid
Aflrst-pnnclples phase field method for Predicting Thermal Conductivity Interface p Py Electric field effect in Magnetic metals

in various heterostructures

hetel Y. Suzuki (Osaka University)
S. Mitani (NIMS)

« Dipole effect in the wave guide method

y
without

phase from Grain Boundary Atomic Structures

S. Fuijii (Japan Fine Ceramics Center)

p

empirical
R Sahara (NIMS)

Structural Thermal P ey New spuner—d_epcswlion process yvilh oxid_alion and reduction reactions for vectornetwork anayzer . L

Combining density functional distortion, D conductivity, k S0 o Tonam . large magnetic in Fe/MgO . -
theory, cluster expansion z Iy 4N ©otar &
theory and potential 3® . B W=ries 7/'
renormalization theory, the g » . :::
free energy were derived as a i i . 2 m
function of compositions and 3 o e oo o POt Moy A
construct a parameter-free ERS » tom) [Femvao mariover IR
PFM, which can predict © 2ot ® K =1 ] I ‘
microstructures in high- R o e =
temperature regions of alloy 3o .
phase diagrams. Significant correlation between Predicting GB thermal conductivity 3 b) Dipole coupling effect in the measurement,

Figure: Microstructures of Ni-Al alloys at P (a) Wave guide method

D and  near grain boundaries (GBs) using machine learning
various alloy compositions at 1300K. o

S. Bhattacharyya, R. Sahara, and K. Ohno, Nature Comm. 10 (2019) 3451. S. Fuji, et al., Acta Mater. 171, 154-162 (2019).
S. Fuji, et al., in preparation.

5 6a o on v 0 e thickness dependence of the frequency
o om) i

e roates o e 07 i rorsicrs s
Geposton

o s oty e s 2, 7o e icess epecence of s Nawaoka et al.,in preparation

3 e outead o By
Y.lida etal. in preparation

"Materials research by Information Integration" Initiative

. MR i1 AR . B> 7

NIm National Institute for Materials Science



XenonPy: a Python open-source project for Materials Informatics

Materials Descriptor Platform group
Ryo Yoshida, Chang Liu, Yukinori Koyama = yoshidar@ism.ac.jp

). XenonPy

https://github.com/yoshida-lab/XenonPy

S PAC‘ E R Go BevonD INTERPOLATIVE PREDICTION

Initial structure-property data
D= {Y.-'; -S,-'}

|

Existing molecules
{Si}

- - v
Initial target
properties |[——®
y* { Forward models }X [

)

Backward model (igspr)

v
Chemical B >
language model

Supercomputer in |

IMPLEMENTATION

SM

System "A" - SGI UV 2000 (320 cores)
Intel Xeon E5-4650v2 (10 cores)
1-2h for 100 molecules

Hypothetical materials
S1 w0 Sy

HOMO-LUMO gap 4
Dipole moment

New structure-property data & target properties

~

Melting point

Vel : Properties
oiling point Yo Yo

Mulliken charge

Design points Target properties
51! wery Sm Y*

Frequency \

%

Molecular volume
Atomization energy

Internal energy DFT (GAMESS)
lonization potential MD (LAMMPS)
Electronic affinity Y = £(S)
Thermal conductivity

Solvation energy

Experimental design

},

[ Desired properties & migration rate

U A

<
max Ay 2 (S, YY)
Acquisition function
* Fa 2 . %
] Apa(S,Y) ==[v" = ()" = a(s) -2 infllY" -]

mHR - S T ERRNTIAT T

B 9140,0001& O 3|37 -

B ETE 12—
B DFEETOMMEETILT Y X L (IQSPR-X)

=7 )L (XenonPy.MDL)

Pre-trained Model Library ‘XenonPy.MDL’

M. Yamada & Liu et al. Predicting materials properties with little data using shotgun transfer learning. ACS Cent Sci (2019)

Database: ~140,000 pre-trained models on 45 tasks

ONLINE TUTORIAL

https://xenonpy.readthedocs.io/en/latest/tutorials/6-transfer learning.html

Pre-training

XenonPy

Wuy, S:2

Transfer
Learning

BRFEDIREIZERAL. BEFOREEEDKIEER LI
~HIENWT—ITLERELTRNFREIC 82 FTOMBA T4 T4 RMEIZHF~

Wau et al. Machine-learning-assisted discovery of polymers with high thermal conductivity using a molecular design algorithm. np; Comput Mater 5:66 (2019)

BHEE TYOEFRAETILEELS

ME (Y)

l

A RMEEER

NSREHERE

LY

LEZh

FrE DYEZES

FORT—DIBEZERTS

BEMMDIEE 28D T—2TEMZEERQD

HETILSATSY

XenonPyZ R AL-HEERCEMRBILEVMORE
EFATTILIAT T XenonPy.MDLEES R FEEZERAL, BRI CEEEBILSYERIE

Ju et al. Exploring ultrahigh lattice thermal conductivity crystals via feature-based transfer learning. ChemRxiv (2019)
Yamada & Liu et al. Predicting materials properties with little data using shotgun transfer learning. ACS Cent Sci. 5(10):1717-1730 (2019)

Number of samples on SPS and thermal conductivity

Property

Number of samples

Lattice Thermal conductivity (target)

SPS (intermediate)

320 materials

45 materials

Source task: SPS

SPS

a

Dropout \ R
(0.2)

(10)

A

f

(50)

Dropout \ ,)
(0.2)

-

4

Estimation with
45 samples

LTC (W/mK, log,)

Target task: LTC

Dropout
(0.2)

Dropout N
(0.2)

(100)

<

Dropout \ N
(0.2)

A

<

TC

Linear

(1

0)

(5

o

Dropout \ N
(0.2)

Observation (W/mK)

Input (641 descriptors)

References

Input (641 descriptors)

Distribution of LTC and SPS

6

5

200 300 400

100

FAETILEEL

| &

|||||||||||||||||||||||||||||||||||

SPS (cm, log,)

Prediction of LTC for the

transferred model

4 MAE: 30.8528
1 RMSE: 53.935
] r: 0.8681

e 2

® 75 W00

0 100 200 300 400
Prediction (W/mK)

\mﬁ

Bayesian Retrosynthesis

Guo et al. A Bayesian Algorithm for Retrosynthesis (in preparation)

Forward prediction (synthetic reactions) »») Y = f(S)

Yamada, H* Liu, C.%3

Nclnnc(C2CCC2)s1

S

D + S o

0=C(Cl)Cl 0=C=Nc1nnc(C2CCC2)s1

Backward prediction (retrosynthesis) »»» S* = argsolve{S | y* = {(S)}

Polymer — * + *

o
ol Small
molecule

A

A

Ql 1A

>W+® > =l

A
QJ Set of purchasable compounds

Monte Carlo sampling (+ a surrogate likelihood)

BEFBICL ST FRMEERDOTFH
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B 14 crystals screened out TL for ultrahigh LTC
(extrapolative region) @ T > T/
o
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1. Yamada & Liu et al. Predicting materials properties with little data using shotgun transfer learning. ACS Cent Sci. 5(10):1717-1730 (2019)

SRS

EiLh

I RFAEEAME - M HE

I90

NIM National Institute for Materials Science

gt

2

Wau et al. iQSPR in XenonPy: a Bayesian inverse molecular design algorithm. Mol Inform (2019)

. Ju et al. Exploring ultrahigh lattice thermal conductivity crystals via feature-based transfer learning. ChemRxiv (2019)
Ikebata et al. Bayesian molecular design with a chemical language model. J Compt Aided Mol Des. 31, 379-391 (2017)

M’

conductivity (W/mK)

Wau et al. Machine-learning-assisted discovery of polymers with high thermal conductivity using a molecular design algorithm. npj Comput Mater 5:66 (2019)
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MI4|l Data Infrastructure

B XU.Yibin@nims.go.jp

Data Platform Group

Yibin Xu, Junko Hosoya, Yuta Sakairi, Hiroyuki Yamasato

MI4] Data Platform

Inorganic Materials Database Atom\Work-adv.

The world largest scale database for inorganic

materials. At present, 318,837

crystals, 43,497 phase

diagrams and 390,263 properties are available.

W AtomWorlk ety

@ English ~ Link  Contact us ”
NIMS
00 . : .
BED B - Bs0
. o
®inbens 6004 \Ex L > I'I ]
100.00 .
oo HR i /f fff
— 8000 - ]
£ x oo —T-iq—— /
5 440 e T
& 6000 e y 48y . F
5 s
E 4000 H / E H'. i \'x =
£ B 004 g 2 2
E 2000 ‘ % i 3 \ |
/ E \
000 £0 — Imnl : — 150 180 = / \ II" ]
II |I
2hataldeg] I.II ", '|;
I 1
¢ I I N » 3 \
[1] 50 100 150 BO £ | 3
Range of X-axi o= 180 i
1 10 0 0 &0 50 0 70 Ba 50 100
Al at. % Mg

Crystal Structure Property
H
Li Be
Na | Mg
K Ca | Sc | Ti v
Rb | Sr Y Zr || Nb
Cs || Ba Hf || Ta
Bl -
La | Ce
Ac | Th

Data Applications

Phase Diagram

o [
B C N O F Ne
Al S P S Cl Ar

Cr Mn || Fe Co Mi Cu || Zn Ga  Ge | As | Se B Kr

Mo | Tc | Ru | Rh || Pd | Ag || Cd In | S Sb | Te | Xe

W | Re | Os Ir Pt || Au | Hg | TI Pb | Bi Po

Fr | Nd | Pm | Sm | Eu | Gd || Tb | Dy | Ho || Er || Tm | ¥b || Lu

Pa u Np | Pu || Am | Cm || Bk Cf Es | Fm | Md | No -

Database API
-!JAE omWYXork m *}:J: CempES -x

& Palymie

Con

Kakugsan

¥y ccTD

Tools
APl Toolkits, TOAST, NAP
Compound formation prediction
Specific heat & Debye temp.
prediction

* Cluster computing system
* Cloud system

M

APl service of MatNavi and AtomWork-Adv. data

NIMS

232 SN

ﬁ

Computational platform of HPC cluster and cloud

Project members

M2l potal

Stroage
(200TB)

Consortium

API| DB server

members

HPC cluster (48 servers, 1152 cores)

NIMS intranet

Framework of Template Oriented Atomic

Simulation Toolkit (TOAST)

CIF files

‘

Setup of computational
environment

Unified setup of job manager Python script

—)

Job submission

Unified calculation parameters

Job workflows

Template

(42,289)

Input files of FP calculations

Data parsing and post-processing ‘

Parse CIF files

Relaxed structures
(CIF files)

Job script

Electronic structures
data

Launch FP calculation jobs

l Metadata files

Output files of FP calculations

‘

Files for visualizing
results

Electronic Structure Data Generation

: | . ) ~ - -
MNntomWork AdV] ééCempES ) 2500 — Pt
. o3 r;““‘\
5 2000— O
Crystal Electronic structure [N SR e -
. . . Q - / ;
structure by first-principles 2 1500 " 8 &
(303,885) calculations “‘E 1000 szl 1
E ®
O

1. Calculations of self-consistent-field (SCF), band structures
(BS), density of states (DOS), and Fermi-surface (FS);
2. Calculations of structure relaxation, SCF, BS, DOS, and FS.

National Institute for Materials Science

EMRFAREZADE - HERE

500 — é

https://mi2i.nims.go ]p/

Structure of portal site :

This sfe explass e conlent 3nd uage of e data platiorm construcbed by MIZI, that s c
Eerials research by Informatign Integration® initiati

1 RSHA I - SRS =7 o

Page for the
public

Cluster system Cloud system

Usoge guide

MI2| Data Platform is an
infrastructure to accelerate the
research and development of

It prowides the occumuloted enormous materiols datobase and the 1|:u:||5 |
nihgdhmlﬂhhmhamd atata- of- tha-art data-driv
mathadologie

n information sCiencn

Database API L3 Cluster system

Providing the world's largest matenals database  Providing the tools to perform machine leaming,  This is hi
*tatMani® for data mining, machene keaming, data analysis and simulations
artificial intelligence (Al) and so on via API

gh performance com puting for first-
principle calculations, analysis and simulafions

novel materials b

s L

» Qutline of services
« Download of tool
» Usage quide

Page for specified users
(Only accessible from NIMS

LAN and MIZI-DPF)

» Details of services

- Download of usage manual

» Download of API manual &
sample codes

Page for DPF users
(User authentication

needed )

» Changing password
- Display of API token

- Display of API call count

Specific Heat Prediction Tool. Predict specific heat
and Debye temperature by Neumman-Kopp’s law and
machine learning based on experts evaluated data.

BT E 7 TY || tavER—s57 || t2TAER

LEBVTRI7 T

EEEHR—EFT || kETFEERT

Chemical Formula : sic |
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o

T T T T T T T T
100 200 300 400 500 600 700 800
temperature(K)

show datas || hide datas | | download || predict_debye |

FINA8E  347.82 K

Ni

SiC 30 J

PJ
Ln
1

]
o
L

=
LA
1

=
o
1

Wi

® revised data
» prediction data use

d debye temperature

0 100 200 300 400 500
temperature(K)

. 'Materials research by Information Integration” Initiative

11 BRGNS MRER AT 747




	スライド番号 1
	ポスターフォーマット
	スライド番号 1

	ポスターフォーマット
	Framework of Template Oriented Atomic Simulation Toolkit (TOAST)


