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Enormous number of 

chemical combinations 

Number of chemical 
elements

Number of 
chemical  combinations

(only for simple composition ratio)

1 ~100
2 ~100,000
3 ~10,000,000
4 ~1,000,000,000 (1billion)

Periodic Table
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Vast chemistry space to explore



Inorganic Crystal Structure Database (ICSD)

187,000 crystal structures
 82,000 structures 
excluding duplicates
incompletes, etc.

World largest database
for known inorganic crystals.
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Many systems are yet-unexplored !



ICSD
~82k

Vast chemistry space to explore

thermodynamically unstable compounds

thermodynamically 
(meta)stable compounds

experimental database 
for crystal structure

Simple chemical combinations AaBbCcDd (a,b,c,d <10)
~1B



ICSD
~82k

Vast chemistry space to explore

experimental database 
for crystal structure

experimental database
for physical properties

<< 1k 

 It is still worthy to explore the space of known compounds.

thermodynamically 
(meta)stable compounds



Discovery of new low thermal conductivity 
materials 

First-Principles Anharmonic Lattice-Dynamics Calculations 
and Gaussian Process Regression
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Atsuto Seko, Atsushi Togo, Hiroyuki Hayashi, 

Koji Tsuda, Laurent Chaput, and IT

PRL (2015) 115, 205901.



Find ultra-low thermal conductivity materials 
of 0.1W/m·K level

in Materials Project database (55,000 crystals)
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diamond

>2000
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Thermoelectric materials

Figure of 
Merit

ଶ 𝑆 ∶ Seebeck coefficient
𝜎 : electrical conductivity
𝜿 :		thermal	conductivity

Power

High T

Heat flux

Low T

Electric current

Electric currentElectric current

p-typen-type
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Essential for utilizing otherwise waste heat.



Background

Thermal Conductivity (TC)
κ = κelectonic + κlattice Lattice Thermal Conductivity (LTC)

Phonon-phonon scattering (phonon anharmonicity)
Harmonic phonons do not interact.

Physical origin of thermal resistivity



Background

 Reliable experimental dataset is limited ( < 100 crystals).

 Reliable first principles calculations are very expensive.

(1 day/100 cores for 1 simple crystal.)

 Insufficient knowledge to predict LTC deductively. 

(Simple model to determine LTC is available, but....)

Lattice Thermal Conductivity (LTC)

Materials search has been made through “modification” of 

known compounds showing high/low LTC.
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Ab-initio Lattice Thermal Conductivity (LTC) 
https://atztogo.github.io/phono3py/

Atsushi TOGO
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Lattice Thermal Conductivity (LTC)@300K

First principles calculation vs. Experimental data phono3py

Reliable calculations 
whose accuracy are 
comparable to 
experiments!

Computational cost

1 day (wall clock time) per      
1 crystal with 100core-PC



Comparison of ab-initio LTC with Slack model

஽
ଵ/ଷ

ଶ ଶ/ଷ
Slack model

𝑀 :	 atomic mass

𝑉: volume per atom

𝛩ୈ: Debye temperature

𝛾: Grüneisen parameter@
30

0K

Outliers

CuH (ZB)
CuH (W)

RbH (RS) RbCl (RS)
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cannot be found just by a model 
based on harmonic phonon !

ab initio

harmonic phonon 



Virtual Screening
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Simple descriptors for LTC
Model 1: Volume V and Density ρ

H Li Be B C N O F ꞏꞏꞏ
LiH 1 1 0 0 0 0 0 0
LiF 0 1 0 0 0 0 0 1

BeO 0 0 1 0 0 0 1 0
BN 0 0 0 1 0 1 0 0
ꞏꞏꞏ 15

Model 2: Model 1 + 34 primitive elemental descriptors (one-hot)



95% confidence interval

Gaussian Process Regression

Prediction f(x)
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Gaussian Process Regression

x1*
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f0

z=0 z=1 z=1.5 z=2
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𝑓 ൌ െ log 𝜅௅

The higher Z-score, the lower predicted LTC !

Ranking of LTC  for 54,779 compounds in MPD library

𝜎 𝒙∗ : standard deviation of prediction

𝜅௅ ∶ lattice thermal conductivity
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Top 10 lowest LTC compounds among 54,779
Virtual screening of 54,779 compounds in MPD library

ab initio LTC



with low LTC of < 0.5 W/mK (@300 K) 

and narrow band gap of < 1 eV.

Newly discovered candidates for thermoelectrics

A. Seko, A. Togo, H. Hayashi, K. Tsuda, L. Chaput, and IT  PRL (2015) 115, 205901. 20



Modelling of  Lattice Thermal Conductivity

Descriptors RMS Error
(log κ)

V , ρ 0.545

V , ρ
+ Primitive elemental descriptors 0.220

Elemental descriptors
+ GRDF

0.102

Elemental descriptors
+ BOOP

0.096

Test data = Randomly-selected 10 % of whole data, 200 trials
(Whole data = 101 compounds)

Kernel Ridge Regression (KRR)
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Seko et al. PRB 95 (2017) 144110

GRDF: Generalized Radial Distribution Function

BOP: Bond-Orientational Order Parameter
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Lattice Thermal Conductivity (LTC)@300K

First principles calculation vs. Experimental data phono3py
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