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Discover new materials with desired
properties from the vast material space.
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e.g. chemical space of small organic
molecules = O(10°%9)

Kirkpatrick et al. Nature 432 (2004)
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Backward prediction: S = f-1(Y)

Generator P(S|Y)

Descriptor (¢)

Forward prediction: Y = f(S) = fo¢(S)

g g

Chemical structure Composition Amorphous Microstructure Chemical reaction Spectrum
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Process & Composition Microstructure

Cr Al, O, N
o,T,P

Iwayama et al. J. Chem. Inf. Model. (2022)

e

Composition
Structure

ALTM,TM, &

Phase diagram

Liu et al. Adv. Mater. 33(36):e2102507 (2021)

Liu et al. Quasicrystals predicted and discoveredc by machine
learning (2022)

Aoki et al. Predicting polymer-solvent miscibility using
machine-learned Flory-Huggins interaction parameters (2022)

Reactants Synthetic product

R A
1

+ h

Q L 5

0 H

Guo et al. J. Chem. Inf. Model. 60(10):4474—4486 (2020)
Zhang et al. ChemRxiv. 10.26434/chemixiv-2022-5qpv9 (2022)
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Chemical structure Spectrum

Iwayama et al. J. Chem. Inf. Model. (2022)

Composition Crystal structure

Tio, &

Kusaba et al. Comput Mater Sci, 211:111496 (2022)
Liu et al. Shotgun crystal structure prediction using machine-
learned formation energies (2022)

Crystals or molecules
O} & Tg,Tm,Cp

Yamada et al. ACS Cent. Sci. 5(10):1717-1730 (201%?

Ju et al. Phys. Rev. Mater. 5:053801 (2021)

Minami et al. AAAT. 35(10):8992-8999 (2021)

Ikebata et al. J. Compt. Aided Mol. Des. 31:379-391 (2017)
Wu et al. npj Comput. Mater. 5:66 (2019)

Wu et al. Mol Inform. 39:1-2 (2020)

Torres et al. J Phys Condens Matter, 34(13):135702 (2022)
Hayashi et al. npj Compt Mater (2022)

Property

(o]
1

O



R ~ FMRBIRICHEETE ZRIEEMA D LT 28O B

~HNHN
Q

SHCETENLT7 P RFR)2—DHER ? ,,@’QNH@H
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Wu et al. npj Comput Mater (2019) ) . . 0 ; "

O 1i*tt80% ) ?’“‘{Eg$ I'"J E (3@ D 71_: )< — &AE‘E) Newly synthesized monomers

,NHOKG}NHU @00/

B AR XHR/ICK B9 FERET Ikebata et al. J Comput Mol Des (2017) gy, €t ol e Comet
BRE—NT—RMBB L EBEYE Yamadaetal. ACS Cent Sci(2019)

Three amorphous polymers newly synthesized
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Liu et al. Quasicrystals predicted and discovered by machine learning, under review
m3fEn#ERFRE (E+EEF) C10EMELERERR

mERFEENFE - R LAY TOEESR

B EERRERICBET 2EDDER Liuet al. Adv Mater (2021)

Diffraction pattern of the first quasicrystal
predicted and discovered by ML

HBEAMESoFREDHER W o B8 oo

Wu et al. Thermally conductive liquid crystalline polymers predicted and discovered
by machine learning, in preparation. T
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First liguid crystalline polyimides
predicted and discovered by ML
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\ Random forests
}A Xenon Py @) Neural networks
Chemical :
Cé ) ) Descriptor o ) Structure type
composition (three class labels)
232 compositional features QC: quasicrystals
e.g. electronegativity, atomic AC: approximants
weight, and so on OTHERS: ordinary periodic crystals
(80 samples) (78 samples) (10,090 samples)
QC AC OTHERS
66:14 60:18 8072:2018

Liu et al. Machine learning to predict quasicrystals from chemical compositions. Advanced Materials. 33(36):€210250712021).



).< XenonPy

Compositional Descriptors
Yamada et al. ACS Cent Sci. 5(10) 1717-1730 (2019), Liu et al. Adv Mater. 33(36):2102507 (2021)

S: composition The i-th element of a descriptor vector

NiaTibCUCFedee ¢l(5) — f(a, b, C, d, e, nli\]i; n'l.I‘ir Tl(i:u’ Tlli:'e' nlgd)
N J

J

\

Fraction Element features

atomic weight, electronegativity, etc

f(-): weighted mean, variance, max, min, covariance between features (i, j) , and so on

11



Predictive Performance in Phase Diagram Drawing

B Hypermaterials (QC/AC) vs others: almost PERFECT prediction!
B Quasicrystalline phases can be predicted with the accuracy of about 70%
B In ~73% of the systems, the predicted QC and AC phases coexist in the same systems

Despite no training data were given, QC/AC phases Prediction
could successfully be predicted in many systems.
ac AC OTHERS
Prediction Experiment ac 9.63 3.24 3.13
I (1.64)  (1.34)  (1.18)
@ 3.11 9.73 3.16
= % s (1800 (1.57)
0.76 0.42  2016.82
OTHERS  089) (061) (1.02)
0 10 20 30 40 50 B0 70 80 90 100 0 10 20 30 40 50 B0 70 80 90 100
M v - Qc AC OTHERS
. 0.722 0.731 0.997
Precision  5'090)  (0.089) (0.001)
0.602 0.608 0.999
Recall  p103)  (0.113) (0.001)
F,  0.650 0.658 0.998

(0.076)  (0.088) (0.001)
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Tsai, Sci Technol Adv Mater. 9, 013008 (2008)
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¥F9E, EERFREE (V7 R9HDELY H/INEV) Z[FEE (MIC: Reshef et al. Science. 2011)

B Hypermaterials vs OTHERS
B Quasicrystals vs Approximants

).¢ XenonPy 232%TtHmsRT

i Others
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Feature Relevance

MIC (Maximum Information Coefficient: Reshef et al. Science. 2011)

Mutual Information:

I(YaX)=/p(£?y)10gI%dmdy p(z,y) = p(z)p(y) & [(X,Y) =0

Independence between X (candidate compositions) and Y (predicted class labels)

Relevance is low Relevance is high

N
Hypermaterials '| Others

Hypermaterials

Others fll
)\

Mean electronegativity Mean electronegativity

Others: TIC, (Yakir et al. JIMLR. 2016); SPPP (Heller et al. IMLR. 2016); MMD (Gretton et al. NIPS. 2019)
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Bl : TROBEREEEDMETFH0.15+0.01TH 3 Z &H, QC/ACOBLESRH
B2 : pEEDFIIHEFEA0.7110.06TH B Z L&D, QCIACHLESRM
Descriptor 1D Description (unit) MIC QcC AC Others
ave:vdw _radius_ uff Van der Waals radius from the UFF (pm) 0.43 409.05 (3.37) 406.49 (6.81) 382.207 (40.660)
averen ghosh Ghosh's scale of electronegativity 0.42 0.15 (0.00) 0.15 (0.01) 0.158 (0.021)
ave:first_ion_en First ionisation energy (V) 0.41 6.49 (0.09) 6.53 (0.17) 6.843 (0.580)
ave:mendeleev_ number Mendeleev's number 0.41 75.94 (0.36) 75.86 (1.47) 73.323 (4.326)
ave:specific_heat Specific heat at 20 °C (J/(g mol)) 0.40 0.74 (0.02) 0.73 (0.04) 0.658 (0.151)
ave:num p valence Number of filled p valence orbitals 0.40 0.71 (0.06) 0.73 (0.05) 0.5690 (0.247)
ave:num_ p_unfilled Number of unfilled p valence orbitals 0.40 3.53 (0.30) 363 (0.24) 2.846 (1.237)
ave:heat capacity mass Specific heat capacity at STP! (J/mol-K)  0.40 0.74 (0.02) 0.73 (0.04) 0.655 (0.150)
ave:covalent _radius_cordero Covalent radius by Cerdero et al. (pm) 0.39 126.06 (1.19) 126.38 (2.13) 129,510 (6.311)
ave:vdw _radius Van der Waals radius (pm) 0.37 180.51 (0.55) 190.67 (1.81) 193.799 (6.328)
ave:gs _energy DFT energy per atom (raw VASP value) 0.37 -4.57 (0.18) -4.60 (0.28) -5.192 (1.118)
of T=0K ground state (eV/atom)
ave:thermal _conductivity Thermal conductivity at 25 °C (W/(m 036  221.35 (21.74) 201.23 (13.96) 170.722 (60.677)
K))
ave:covalent _radius_ slater Covalent radius by Slater (pm) 0.35 127.92 (1.19) 128.08 (0.93) 130.396 (3.376)
ave:period Period in periodic table 0.35 3.40 (0.06) 3.52 (0.19) 3.725 (0.553)
var:num_p_valence Number of filled p valence orbitals (pm)  0.34 0.20 (0.02) 0.20 (0.02) 0.184 (0.071)
ave:num_d_valence Number of filled d valence orbitals (pm)  0.34 2.30 (0.60) 2.08 (0.52) 3.149 (1.901)
ave:heat _capacity _molar Molar heat capacity at STP (J/mol-K) 0.34 24.44 (0.10) 24.47 (0.14) 24.807 (0.580)
ave:density Density at 205K (g/cm?) 0.34 4.04 (0.32) 5.55 (1.24) 6.700 (3.347)
var:num_ p_ unfilled Number of unfilled p valence orbitals 0.34 5.00 (0.60) 401 (0.48) 4602 (1.767)
ave:hhi_p HerfindahlHirschman Index (HHI) pro- 0.33 1810.99 (242.60) 2106.51 (274.67) 2106.878 (?%@345}

duction values
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S = {(c1, o, c3)| ™ + canst + esnst ~ 0.15}
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Pink: target = Mean QC; Green: Mean QC/AC
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0.71 £ 0.06
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Figure 6 in Liu et al. Advanced Materials. 33(36):€2102507 (2021)
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Evolutionary (genetic) algorithm « MCMC

Gradient descent

Sequential Monte Carlo

Combinatorial optimization * Enumeration
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Prediction and Discovery of New Polymers

Inverse problem: find S with desired Y* with S =f1(Y*)

Structure (S) Descriptor (¢) Property & Structure (Y)

P L

Thermal conductivity ¢

(o}
fel o440} ———>  01000100000011010011 ——— icciic property

Tg, Tm
Cp

Molecular fingerprint Deep learning
Graph neural networks Sparse modeling
Graph kernels Ensemble learning
etc etc

Forward problem: with a given dataset on (Y, S), build Y = f(S)

B Guo et al. Bayesian algorithm for retrosynthesis. J Chem In. Model. 60:4474-4486 (2020)

B Wu et al. iIQSPR in XenonPy: a Bayesian inverse molecular design algorithm. Mol Inform. 39:1900107 (2019)

B Yamada et al. Predicting materials properties with little data using shotgun transfer learning. ACS Cent Sci. 5:1717-1730 (2019)

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

B |kebata et al. Bayesian molecular design with a chemical language model. J Comput Aided Mol Des. 31:379-391 (2017)
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).¢ XenonPy

Molecular Design using Generative Machine Learning

Ikebata et al. Bayesian molecular design with a chemical language model. J Compt Aided Mol Des. 31:379-391 (2017)

Refinement of polymer properties
Tg”7and Tm ./~

Designed molecules (monomers)
Generative models of chemical structures
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Discovery of thermally conductive amorphous polymers with Tc > 0.4 WmK

Wu 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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Polymer Property Database

PoLylInfo (literature survey)

~100 properties for 18,015 polymers
NO API

https://polymer.nims.go.jp/

Polymer Genome (DFT)

~10 properties for ~800 polymers
NO API

https://www.polymergenome.org/?m=home

CROW (literature survey)
NO API
http://www.polymerdatabase.com/

CRIPT (not yet open)
MIT + Citrine Informatics
https://cript.mit.edu/

Inorganic Compounds

Materials Project (DFT)

~130,000 virtual and real compounds
Accessible via API

https://materialsproject.org/

AFLOW (DFT)

~3,000,000 virtual and real compounds
Accessible via API

http://www.aflowlib.org/

OQMD (DFT)

~600,000 virtual and real compounds
Accessible via API

http://ogmd.org/

ICSD (experiment)

~240,000 real compounds
Accessible via API

https://icsd.products.fiz-karlsruhe.de/
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Measurement
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® Nano

Synthesis

Candidate
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E

® Monomer/Polymer
® Composite
® Process

Database

Data

\

— @ e Candidate

Experimental design
Virtual screening
Molecular design
Process design

Simulation
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Machine Learning

® MD/DFT
® Automated pipeline

).¢ XenonPy

https://xenonpy.readthedocs.io/en/latest/index.html
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RadonPy Hayashi et al. RadonPy: Automated Physical Property Calculation using All-atom Classical Molecular Dynamics
Simulations for Polymer Informatics. npj Comput Mater (2022) in press.

GitHub: https://github.com/RadonPy/RadonPy

Latest: 15 properties implemented

(2022/03/31)

Thermal conductivity
Thermal diffusivity

Density

Radius of gyration

Specific heat capacity Cp
Specific heat capacity Cv
Compressibility (isothermal)
Isentropic compressibility
Bulk modulus (isothermal)
Isentropic bulk modulus
Self-diffusion coefficient
Thermal expansion coefficient
Linear expansion coefficient
Dielectric constant (static)
Refractive index

0000000000000

Polymer systems
€ Amorphous/crystalline states

& Oriented structures
€ Mixtures

RadonPy (OSS)

Python library for the automation of all-atom -

MD simulations using LAMMPS

degree, temperature, etc

[Input: SMILES, polymerization

)

}

Conformation search for a
repeating unit

l

Calculation of electronic
properties of a repeating unit

|

Generation of a polymer chain

!

Assignment of force field
parameters

l

Generation of a simulation cell

AP
MREE
(e amt)

Equilibration MD simulation

Y

(LAMMPS)

!

Check to reach
equilibrium

l Yes

Nonequilibrium MD simulation
(LAMMPS)

}

Property calculation
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UMAP embedding 2
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(PoLyinfo: 16,427)

Polylinfo categories (16427)

15

10

-10

Polysuifon
Polyamine
Polyene
Polyether
Polyolefin
Polyphenylene
Polysiloxane
Polyester
Polyacrylate
Polyamide
Polyanhydrides
Polysulfide
Polystyrene
Polyimide
Polyketone
Polyhaloolefin
Polycarbonate
Polyurea
Polyurethane
Polyphosphazene
Polyvinyl
Others

~10 0
UMAP embedding 1

UMAP embedding 2

20

2022/09/13
FHESETRY = — 30,982
(E&MD: 18586, FEFHMD: 12,396)

Virtual library categories (3468/793867)

15 1

-5 4

Polysuifon
Polyamine
Polyene
Polyether
Polyolefin
Polyphenylene
Polysiloxane
Polyester
Polyacrylate
Polyamide
Polyanhydrides
Polysulfide
Polystyrene
Polyimide
Polyketone
Polyhaloolefin
Polycarbonate
Polyurea
Polyurethane
Polyphosphazene
Polyvinyl
Others

-20
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Hayashi et al. npj Comput Mater (2022) in press.

B Polyinfo 1,070 KU = —, 1594 DEtE, sEOMILART
B ERELOURICKYVHERE (FUty ) ORHEZRIL

(a)

Density

2.50

225

~
=1
o

~
a

MD density [g/cm?]
Bk

100

(e)

0.00025

0.00020

0.00005

MD linear expansion coefficient [1/K]

0.0000

0 ad
050 075 100 125 150 175 200 225 250

PoLylnfo density [g/cm?]

Linear expansion
coefficient

0.00015

0.00010

-

o = P IE]

.
oy

P

0
0.00000 0.00005

000010 000015 0.00020  0.00025
PolLyinfo linear expansion coefficient [1/K]

0.50

0.45

o
=
)

MD thermal conductivity [W/m-K]

]
o
°

(b) Thermal conductivity

0.05
0.05 010 015 020 025 030 035 0.40 045 0.50

PoLyInfo thermal conductivity [W/m-K]

Volume expansion

0.0010 J
< T
= 0.0008 1 ‘ &
[~ e
@ |
ke y
£ Pl |
g y

0.0006 =
u

. ik
: -t 4l
@ I t L P
c Lt g A
a et - o
& 0.0004 EAFE i
@ .= T
£ 1
= . £ 1
S 0.0002 o e il JEo=s B «
A | [ S e .
It T - T 1[ T+

= L

0.0000 ¥

0.000 0.0002 0.0004 0.0006 0.0008 0.0010

PoLyinfo volume expansion coefficient [1/K]

(©)

MD refractive index

Refractive index

12

13 14 15 16 17 18 19
PoLyInfo refractive index

2.0

(d)

6000

5000

&
g

MD Cp [Jrkg-K]
8
8

2000

1000

s A PmLy[nfm Vs q RadonPy

1000

2000 3000 4000
PoLyInfo Cp [J/kg-K]

Vertical axis: predicted properties (RadonPy)
Horizontal axis: experiments (PoLyInfo)

5000

6000



Ll

e A WS I~ =%

HEMMOT—2EAHY SEBBESEEEE  f.(X)
EERT — X ~DOTIE g ZHEE Y%Xp=qﬂﬁ4Xj)

YIalb—vayvyr—4& EERT—4&
Task A Task B
‘?}MD "HMP
\
Y 7y v 4= Y
R SEh 2R
1 t > [s(X)

X X

R 2 —LFBE
33



HEWMY - EEREONA T RENY TV RADBKIBIZED

Hayashi et al. npj Comput Mater (2022) in press.

(a) MD simulation

Ce
6000 R2 = 0.602 yd
MAE = 1916
5000 s

RMSE = 1972

MD linear expansion coefficient [1/K]

(b) Transfer learning

0 T r ) : .
0 1000 2000 3000 4000 5000 6000
PolyInfo Cp [W/m-K]

Cp
6000 -
R? = 0.501 v
MAE = 196.1
500Q4SE = 279 3
< 4000
&
)
= 3000
(=N
(W]
|
F 2000
1000

TL linear expansion coefficient [1/K]

PoLyInfo Cp [J/kg-K]

0 T - . T ]
0 1000 2000 3000 4000 5000 6000

0.00040
0.00035 /

0.00030

0.00025

0.00020

0.00015

0.000104.

0.00005 i

0.00000

0.0000 0.0001

Linear expansion coefficient

R2=0.178 e
MAE = 3.89e-5 -
RMSE = 6.06e-5 -

0.0002
PoLylInfo linear expansion coefficient [1/K]

0.0003

0.0004

Volume expansion coefficient

R? =0217 o
0.002001  MAF =1 4%e-4 ’

— s
0.00175] RMSE =227c-4

oefficient [1/K]
e
(=]
(=]
=
w
(=]

o

c 0.00125
S

2 0.00100 A
(7]

[= %

Z 0.00075
@

E 0.00050 1
6 .

> 0.00025 P $,
o 07 X

= 0.00000
0.0000 0.0005 0.0010 0.0015 0.0020

PoLyInfo volume expansion coefficient [1/K]

Reduction of bias and variance

Linear expansion coefficient

0.00040

0.00035

0.00030

0.00025

0.00020

0.00015

0.00010

0.00005 =,

0.00000

R? =0.491 e
MAE = 2.68e-5 <
RMSE =4.50e-5 s

0.0000  0.0001
PoLylInfo linear expansion coefficient [1/K]

0.0002 0.0003

0.0004

Volume expansion coefficient

RZ=0.184 I
0.00200 MAE =1.20e-4 <

0.0017RMSE =223e-4 e

oefficient [1/K]
[=]
o
[=]
=
wu
o
~

o -
o 0.00125 .
S

£ 0.00100 s
(1]

(=%

% 0.00075

o
£ 0.00050 1 .
5 5 ©

3 %
£ 0.00025 1

1

 0.00000 :
0.0000 0.0005 0.0010 0.0015 0.0020

PoLyInfo volume expansion coefficient [1/K]

34



Linear axpansion

I

= e

& 2 o0 0 p
=]

Thermal conductivicy
kJ

Ean-

g

& 15
L0

GO0 -

4000 -

2000

Bulk modulus
-
2 &

b &

=
=
=3
S

0, EH00 4

—D.0005 A

201

Refractive index

o o

e
g 7 B

18

EHIEDNL— 7OV FHBPARZTLS

Hayashi et al. npj Comput Mater (2022) in press.

0.25 0.50 0.75 1 2 2000 4000 6000 00  ©5 10 —0.0008.00000,0005 15 2.0
Thermal le([h"’lt}' Dens-r:.r CFI Bulk moduldsll Limnear E:pﬂnslnn Refrachive index

R B B B B

Polymer class
Polyalefing (hydrocarbons)
Polystyrenes
Polyvinyls
Palyacrylics
Palyhalo-alefins
Palydienas
Polyethers
Polysulfides
Folyesters
Palyamides
Palyurethanes
Palyureas
Palyimidas
Falyanhydrides
Polycarbonates
Palyiminas
Falyphosphazenes
Palyketones
Palysullones
Polyphenylenes
Others

35



Counts

Yz

v BEDODTENLT T
v IKEEAFRERIZ Y I~7b<“="
vV SFEROBIEMIC &

3,220

HELYEE:

LSRR 2—DFEE

Hayashi et al. npj Comput Mater (2022) in press.

EBRAPOSW/ (M KV EBABTELTI PRRYT—DEFETZ WS FiE

R 2 —DECERDHH

350

300

0.2

All: 4,395
Unique: 3,220

Mean: 0.235
STD: 0.0572

0.4 06 0.8
Thermal conductivity [W/m K]

AR 2 —DOHEESR(X0.2-0.3 W/mKIFE
BE TFE . KEESPdipole-dipolelHEEA %A L 1-25E
HEEEEZNLI-BTE

OH

), 4

P (0.456 W/mK) P1241 (0.439 W/mK)
OH
OH
PI305 (0.503 W/m-K) P1626 (0.473 W/m-K)
PI1687 (0.581 W/m-K) PI711 (0.401 W/m-K)

LMOT {ogd-0-+01

P1715 (0.483 W/m-K) P11093 (0.501 W/m-K) 36



HOMO/LUMO Gap (eV)

SN MEORAICIX

F— 2 AT LB

F— 2 R ONEN T HORR

Acceptor = PCBM

pentacene (2004)

Performance distribution in 2009

tetracene (2005)

- .\ﬂ/ocm m“g“u moeoo
Q
S

(some known compounds in 2009)

4 . -
1 1
. 1 1
1 1
- o e
34 e e
A o o
:'{-ﬁg“!.‘-‘--_, 1@ 1|@
?nkm&é'?'v‘-. 1= 1=h
Py e 1o
T TR = 13
2 1 11D 11
13 113
112 110
0. o
'S 5
1 i I
10 =
1o 1IN
| |
: : «  dataset
0 T T T
0 4 8 12

PCE (%)

Donners = design targets

2,6-dihydroxyphenyl] squaraine (2009)

?@FH’@

a-sexithiophene (2008)  2,4-Bis[4-(N,N-diisobutylamino)-

0

OPVs in 2012
4 . .
1 ]
1 ]
| ||
1D 1|
1" 1 n
s i b=
< e |2
o
© 1o 1o
O |§ |§
1 |
22“ 1 © )
o | s 1>
<j 4 @ A |O
2 : JE
5 ! IR
T 11 I |8
1 | N
1 1N
] ]
] 1
1 I « dataset
O T l T l T
0 4 8 12
PCE (%) 37



ER-YIalb—Yav - BHFEORS
F— S HEONBENTFHORF LR BZ 5

v BISHERHEEICESE, F—2HFELEVREEEEES TS
v BATHRABHE + BHEBC L2 HDS TR HRERE

Initial data Training molecules
D={Y, S} | | (s)

).¢ XenonPy

Desired property
| y* Property Molecular -]
prediction generator
Property Selection Current target
Ylt'"l Ym 51, ey Sm Y*
s Computer experiment Experimental design | _
Y=fS) max A , (S, Y¥)

RadonPy

*

B Thermal conductivity m  Specific heat capacity Cv B Speed of sound
First principles calculation B Thermal diffusivity ®  Compressibility (isothermal) ® Thermal expansion coefficient
m  Density B |sentropic compressibility B Linear expansion coefficient
Molecular dynamic simulation ] Radiqs of gyration ) B Bulk modulus (isothermal) ®  Dielectric constant (static)
m  Specific heat capacity Cp m  Isentropic bulk modulus

38



Refractive index

Refractive index

MDEtE+EWMFEB T I ANRAR—XZzBHBEICESR

I
@

=
.

=
=
)

=
w
L

=
'S
L

1.3

1.2

e
L]
<

10

00 2000 3000 4000 5000 60
Cp [)/Kg K]

1.8

1.7 A

1.6 1

L
L]
<

Refractive index

00

Refractive index

1.2

1000 2000 3000 4000 SDUD 6000

Cp D/Kg K]

1.8
1.7 E
1.6 * -
L ]
1.5 ®
[ ] 'R ]
1.4 1 ° ‘
131 ."
1.2 T T T T
1000 2000 3000 4000 5000 6000
Cp [)/Kg K1
1.8
1.7 A
[ ]
1.6 1
e
1.5 1
L h
® . ..

1.4 . ‘ ®

[
1.3

]
1.2 T

1000 2000 SUDD 4000 5000 6000

Cp [/Kg K]

Refractive index

Refractive index

=
=

=
w
s

=
N]

ersd

10

00 2000 3000 4000 5000 60
Cp [)/Kg K]

00

1.8

1.7 1

1.6 1

1.2

1000 2000 3000 4000 5000 6000

Cp [/Kg K]

n

B BROFEREZETS

SN

S BEETLXNIEEEZET S

MRT—% (k&) HoR%Z—FL, BEXYE (MA) 2H-IasFeBERE

39



NL—=br70YT4T7%BRTIEDFIFERT S

£ . @010@010@ " ‘ g NIg@

%O&ﬁ ol g%
OO0 0 O@ @(le@@ ﬂIOJ(CIO ;ﬁ " o

27 IS EROEEBL OERIND
2.0 Ao BWW* ﬁkuy
3 . K s REDZIRAZ L
‘N
‘0
2 )
E 1.6 Aot \EVN\)H\ \[\H/‘;(F;H:OH
1]
(-4
1.4 4
58 spiRBDEIEHF L
1.2

1000 2000 3000 4000 5000 6000
Cp [J/Kg K]



V RAREGETINEREDIGIRER (Bote [K] ZHELTWBEIITRE
mbigohtwn, T—2RZ2R (TR TAKENS] -HOFRALER

v 4P HIAL TTF—XERBRMEICET IERN - AENLET— 28 %A
HLTWL ZEHPVWEPEZIREZ L

*—7 S
Yialb—rarvItkHERYN - BET XXX FRIELERRT — 22
FE—REETRERE - 2FBHEE F—7bidhLEE L

Xk - 5EF - BEIEER

‘ MEBIAD-HDT—2RFE

e 3 RKEOHRE PHREE7 O Ay =7 L AIRZ—+T 97

% ® =5 6

70— X &




