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Basic Workflow for Materials Informatics

Backward prediction X =~ f~!(Y™)

Generator

Material (X) > Descriptor —>  Property (Y)

{O*@*O@*g—@ Forward prediction Y = f(X)

Representation & descriptors Crystal structure prediction Database Discovery: polymers
Kusaba et al., Phys Rev B 108 (2023) Kusaba et al., Comput Mater Sci 211 (2022) Hayashi et al., npj Comput Mater 8 (2022) Wu et al., npj Comput Mater 5 (2019)
Kusaba et al., Sci Rep 11, 4780 (2021) Liu et al., npj Comput Mater 10, 298 (2024) Ma et al., Mater Today Phys 28 (2022) Maeda et al. npj Comput Mater 11 (2024)
Wou et al., Mol Inform 39 (2020) Mukai et al., Materials & Design, 113964 (2025) Fujita et al., Sci Data 11 (2024) Maeda et al., Polymer J 57 (2025)

Ohnishi et al., arXiv (2025) Nanjo et al. npj Comput Mater 11, 16 (2025)
Polymer design Theory & algorithms Transfer learning Discovery: quasicrystals
Ikebata et al., J Comput Aided Mol Des 31 (2017) Minami et al., AAAI 35, (2021) Yamada et al., ACS Cent Sci 5 (2019) Liu et al., Adv Matter 33, 2170284 (2021)
Wau et al., npj Comput Mater 5 (2019) Minami et al., NeurlPS 36 (2023) Ju et al., Phys Rev Mater 5 (2021) Liu et al., Phys Rev Mater 7, 093805 (2023)
Ohno et al., J Chem Inf Model 63 (2023) Kusaba et al., Phys Rev B 108 (2023) Torres et al., J Condens Matter Phys 34 (2022) Uryu et al., Adv Sci 11, 2304546 (2023)
Zhang et al., STAM Methods 3 (2023) Iwayama et al., J Chem Inf Model 62 (2023) Aoki et al. Macromolecules 56 (2023) Kurono et al., STAM-M 5, 2444866, (2025).
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Limited Data in Materials Science

Agenda: How do we overcome the hurdle of limited data resource?

Lack of foundational open database No data in extrapolative region
High cost of experimentation and simulation: 00025 —*
Cost synthesis, sample molding, structure analysis,
property measurements 8 0.0020
= Innovative
wid 0.0015 .
g materials
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High The material space is quite huge and hierarchical, —_
e tepe ©
dimensionality making it difficult to construct common data. E 0.0005
2
= 00000 o’
—0.0005
Culture Researchers lack the incentive to disclose their
laboratory data to others. 0.0 0.2 0.4 0.6 0.8 10
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Current Status of Database Development in Polymer Materials Research

Due to download restrictions and the lack of property data, there is virtually no comprehensive
database available that can effectively support Al learning.

PolyInfo ~100 properties compiled for ~19,000 Available Not approved https://polymer.nims.go.
polymers, extracted from published literature ip/
polyVERSE A compilation of several datasets gathered by  Available Exp & Comp Approved https://github.com/Ram
a research group at Georgia Institute of prasad-
Technology Group/polyVERSE
PolyOne ~100M hypothetical polymers with 29 Available ML predicted Approved https://zenodo.org/reco
predicted properties using machine learning rds/7766806
models
PI1M ~1M polymers generated from deep Not available Comp Approved https://github.com/RUI
generative models MINMA1996/PI1M
OMG ~12M polymers generated by applying 12 Not available Comp Approved https://zenodo.org/reco
polymerization rules to purchasable rds/7556992
monomers
SMiPoly ~200k polymers generated by applying 22 Not available Comp Approved https://github.com/PEJp
polymerization rules to purchasable Ohno/SMiPoly
monomers
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Our Vision: Al for Chemistry & Materials Science

The first milestone: The world largest computational database of polymeric materials

. Open domain

Simulation database

First principles, molecular dynamics, phase field simulations

RS

RadonPy PolyOmics

Experimental database

Literature survey, patent database, high-throughput
experiments, synchrotron radiation facility

Transfer learning

— Closed domain
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redonpy  RAAONPY * Fully Automated Computer Experiments for Polymers

Hayashi et al., RadonPy: automated physical property calculation using all-atom classical molecular dynamics simulations for polymer informatics. npj Comput Mater 8, 222 (2022).

62 distinct properties & structural / dynamics features Python library that standardizes and fully automates all-

;. $Eerma: gﬁpdqc.ttivity 1(; I\_/inlear expansion coef]c 31. Polarizability (monomer) atom MD simulations for a diverse set of properties
. ermal difrusivity . Volume expansion coe 32. Dipole moment (monomer : ; ;

3. Density 18. Thermal expansion coef (upper Tg)  33. Nematic order p(arameter ) under various hlgher_order structures and external fields.
4. T, 19. Thermal expansion coef (lower Tg)  34. HOMO (monomer)

5. Rg 20. Refractive index 35. LUMO (monomer) p ~

6. Scaled Rg 21. Abbe's number 36. TC ke SMILES, polymerization degree,

7. C, 22. Solubility parameter (total) 37.TC pe the number of polymer chains, etc

8. C, 23. Solubility parameter (vdw) 38. TC_pair A l g

9. Compressibility 24. SP (electrostatic 39. TC bond

10. Bulk modulus 25.SP Eelectrostatic)short range) 40. TC:angIe Conformat_ion se_arch for the N Equilibration MD simulation

11. Isentropic compressibility  26. SP (electrostatic long range) 41. TC_dihed repeating unit (Psid) (LAMMPS)

12. Isentropic bulk modulus ~ 27. Cohesive energy density 42. TC_improper I

13. Young modulus 28. Dielectric constant (static) 43. TC_kspace . . .

14. Self-diffusion coefficient ~ 29. Dielectric constant (freq) 44. Mol weight (monomer) Ca'?’”'at'on of electronic properties Check to reach

15. End-to-end distance 30. Dielectric loss tangent (freq) etc or the repeating unit (Psi4) equilibrium

}

Generation of a polymer chain

Polymer systems / higher-order structures / external fields

4 Homopolymers € Amorphous states @ Polymer solutions Nonequilibrium MD simulation
4 Copolymers @ Stretch orientation & Electric fields I (LAMMPS)
@ Cross-linked polymer @ Crystalline states € Temperature gradients Assignment of force field ‘
. . . . parameters ( )
AC electric fields Stretch orientation Temperature gradient = :
i . ) ot o l roperty calculation
2 Slab Ni2 N|O \_ )

Generation of a simulation cell

.
c".
po

L
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o

i neighboring cell |

Velocity exchange




@ PoLyOmics: The World-Largest Omics-Scale Polymer Database

PolyOmics

Yoshida and Hayashi et al., Omics-scale polymer computational database transferable to real-world artificial intelligence applications, in preparation.

B Academia-industry consortium: 3 national research institutes + 8 universities + 36 companies (> 260 participants)
B ~100 M node-hours on supercomputer Fugaku (5 years, MEXT national project)

Distribution of 7 distinct physical properties Distribution of refractive index and Abbe Non-fluorinated polymers with high
for more than 10° polymers number for ~12,000 optical polymers elastic modulus and low thermal
Hayashi et al., npj Comput Mater 8, 222 (2022) Nanjo et al., npj Comput Mater 11, 16 (2025) expansion coefficient
100 r r 0.0025 »
% P1
= % P2
: % P3 0.0020
80 50 = limiting line 8
(C c
_.CE 0.0015
R
¢ 60 (72}
g 9 0.0010
p ©
2 40} g 0.0005
(O]
N a
|_ 0.0000 .
20
"tz‘.:.%? - -0.0005
. 0 1 1 e :!-
@ 1.2 14 16 18 2.0 on " ne nE ne b

B Refracive index Mechanical flexibility

0.0000 00005 150 175 01 02 03 500 1200
Linear ex pansion Refractive Ind2x Rg Tg

025 050 075 10 15
‘Thermal conductivity Density



&

PolyOmics

Property List in The Latest Version of PolyOmics

B Polymer types: homopolymers, copolymers (random / alternating / block), cross-linked polymers, oligomers
B External fields: uniaxial stretching, temperature gradient, AC electric field

Thermal properties

Specific heat capacity at constant volume
Linear expansion coefficient
Volume expansion coefficient
Thermal conductivity
Thermal diffusivity
Thermal conductivity (kinetic energy)
Thermal conductivity (potential energy)
Thermal conductivity (pairwise interaction)
10. Thermal conductivity (bond)
(
(
(

O N RN~

©

11. Thermal conductivity (angle)

12. Thermal conductivity (dihedral angle)

13. Thermal conductivity (improper angle)
14. Thermal conductivity (K-space)

15. Glass transition temperature

16. Thermal expansion coefficient (below Tg)
17. Thermal expansion coefficient (upper Tg)

Structural properties

18. Density

19. Radius of gyration

20. Scaled radius of gyration

21. Mean square end-to-end distance
22. Nematic order parameter

Specific heat capacity at constant pressure

23. Free volume

24. Fractional free volume

25. Molecular weight (repeating unit)
26. vdw volume (repeating unit)

Mechanical properties
27. Tensile modulus
28. Poisson ratio

29. Bulk modulus (calculated by uniaxial
stretching)

30. Shear modulus

31. Lame constant

32. Tensile viscosity

33. Speed of sound

34. Compressibility

35. Isentropic compressibility
36. Bulk modulus (isothermal)
37. Isentropic bulk modulus

Electronic properties

38. Dielectric constant (static)

39. Corrected dielectric constant (static)
40. Dynamic dielectric constant

41. Dielectric loss

42. Dielectric loss tangent

43. Dipole moment

44. Polarizability

45. Polarizability (486 nm)
46. Polarizability (589 nm)
47. Polarizability (656 nm)
48. Total energy

49. HOMO

50. LUMO

Solubility parameters

51. Cohesive energy density

52. Solubility parameter (total)

53. Solubility parameter (vdw)

54. Solubility parameter (electric)

55. Solubility parameter (short-range electric)
56. Solubility parameter (long-range electric)

Optical properties
57. Refractive index

58. Refractive index (486 nm)
59. Refractive index (589 nm)
60. Refractive index (656 nm)
61. Abbe's number

Mobilities

62. Self-diffusion coefficient

Miscibility (15 solvents)
63. Hexane

64. Benzene

65. Acetone

66. Ethanol

67. DMSO (dimethyl sulfoxide)
68. Water

69. Chloroform

70. DMF (dimethylformamide)
71. THF (tetrahydrofuran)

72. Diethyl ether

73. Methanol

74. Ethyl acetate

75. Toluene

76. Cyclohexane

77. 1,4-Dioxane

Miscibility (4 plasticizers)
78. DEHP (di(2-ethylhexyl) phthalate)

79. DEHA (di(2-ethylhexyl) adipate)

80. ATBC (acetyl tributyl citrate)

81. DEGDB (diethylene glycol dibenzoate)
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PolyOmics

Comparison to Experimental Properties

B Standardization of computational conditions based on systematic comparison with experimental values: skipping the

process of determining computational settings that requires advanced expertise.

B There is always a discrepancy between the incomplete computational world and the complex, uncertain real systems.
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Sim2Real Transfer Learning using PolyOmics

Wu et al. npj Comput Mater 5, 66 (2019); Yamada et al. ACS Cent Sci 5, 1717-1730 (2019); Ju et al. Phys Rev Mater 5, 053801 (2021);
Aoki et al. Macromolecules 56, 5446-5456 (2023); Minami et al. NeurIPS 36 (2023); Minami et al., npj

Simulation

‘L Fine-tuning

Real-world tasks

PolyOmics

©CeNO>ORWN =

() Experimental properties

Thermal conductivity (TC)
Thermal diffusivity
Density

T

Rg

Scaled Rg

Cp

C,

Compressibility

. Bulk modulus

. Isentropic compressibility
. Isentropic bulk modulus

. Young modulus

. Self-diffusion coefficient

. End-to-end distance

16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.

Comput Mater 11, 146 (2025).

Linear expansion coef 31. Polarizability (QM, monomer)
Volume expansion coef 32. Dipole moment (QM, monomer)
Thermal expansion coef (upper Tg) 33. Nematic order parameter
Thermal expansion coef (lower Tg) 34. HOMO (QM, monomer)

Refractive index 35. LUMO (QM, monomer)
Abbe's number 36. TC ke

Solubility parameter (total) 37.TC_pe

Solubility parameter (vdw) 38. TC pair

SP (electrostatic) 39. TC_bond

SP (electrostatic short range) 40. TC_angle

SP (electrostatic long range) 41. TC_dihed

Cohesive energy density

42. TC_improper

Dielectric constant (static) 43. TC_kspace
Dielectric constant (freq) 44. Mol weight (monomer)
Dielectric loss tangent (freq) etc

B Liquid crystallinity
B Biodegradability

B Self-healing

B Phase transition behaviors
B Process-dependent properties

‘ Discrepancy

B Composite properties
B Rheology

B Macro-scale properties
B Stress relaxation

B Fatigue

10



Multitask Learning for Polymer Miscibility

Aoki et al.,, Multitask machine learning to predict polymer-solvent miscibility using Flory-Huggins interaction parameters.
Macromolecules 56, 5446-5456 (2023).



Polymer — Solvent Miscibility

Applications: polymer synthesis, plastic recycling, composites, polymer blends, painting and coating

Flory-Huggins theory Phase diagram

C [ t i I t

Gibbs free energy of mixing AG i _ D,

D,
log®, + \— log ®, +|P, D\

polymer (p), solvent (s) kT N, N,
Single phase
X X parameter (molecular interaction) ]
Temperature/composition dependent UCST

®; Volume fraction T Temperature of mixing & Boltzmann constant I Single phase

N, N Number of segments /\

Two phase

v
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Integrated ML using Simulation and Experimental Data

Overcoming Barriers of Limited Experimental Data

Experimental data for y parameters
* 46 polymers

* 140 solvents

* 1,190 pairs

» Different temperatures / composition

Orwoll, and Arnold, Physical Properties of Polymers Handbook, 2nd ed.; Springer: New York, USA, 2007.

Quantum chemistry calculations of y parameters
« COSMO-RS (x parameter)

* 9,129 polymer-solvent pairs

« Different temperatures / composition



Various Kinds of Biases in Experimental Data

Structural bias of polymers and solvents Bias toward miscible data
Experimental data @ Computational data (COSMO-RS) Some measurement methods only applicable to miscible states
vig ® o D,
. s D 100+ =3 Soluble (N=363)
° D, =3 Insoluble (N=66)
UMAP para. ” 801
® n_neighbors 4%' 60 -
. S

~ 200
20 - SY

0 L LI i =
T T T




Experimental
X parameter

Sim2Real Multitask Learning

Aoki et al., Multitask machine learning to predict polymer-solvent miscibility using Flory-Huggins interaction parameters.
Macromolecules 56, 5446-5456 (2023).

Python code: https://github.com/yoshida-lab/MTL_ChiParameter

Computational
X parameter
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Scaling Law of Transfer Learning

Minami et al., Scaling law of Sim2Real transfer learning in expanding computational materials databases for real-world predictions.
npj Comput Mater 11, 146 (2025).



Scaling Law of Sim2Real Transfer Learning

Minami et al., Scaling law of Sim2Real transfer learning in expanding computational materials databases for real-world predictions. npj Comput Mater 11, 146 (2025).
(Theory: Mikami and Fukumizu et al., A scaling law for synthetic-to-real transfer: How much Is your pre-training effective?. ECML PKDD, 477-492 (2023))

Generalization capability improves

PolyOmics (n) following a power law relationship

Experimental data (m)

@ Transfer X parameter (polymer & solvent)
> O

PolyOmics

Size of simulation database

|
E=Dn*+C
t t

Prediction error w.r.t. Transfer gap
experimental property

0.1710,239n=0034844 52 x 1010

10° 10° 10°

PolyOmics database
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oo Observed Scaling Behaviors

Minami et al., Scaling law of Sim2Real transfer learning in expanding computational materials databases for real-world predictions. npj Comput Mater 11, 146 (2025).

Expansion of PolyOmics — Scaling laws observed across various real-world tasks

Thermal conductivity

102 100 10* 102 100 104 102 100 10*
0.066 Refractive index Volume expansion coefficient
0.000150 -
0.064
0.000145 |
0.062 T 0.000140 -
g X
 0.000135 -
= 0.060 <
= 0.000130 A
0.0581 0.000125 1
0.056 - 0.000120 -

102 103 104 1072 103 104

Density

10? 103 104

Size of the PolyOmics database
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PolyOmics

Scaling Analysis with Shotgun Sim2Real Transfer

Yoshida and Hayashi et al., Omics-scale polymer computational database transferable to real-world artificial intelligence applications, in preparation.

B 43 property datasets from PolyOmics vs 61 experimental property datasets from PoLyInfo

B Among 43 X 61 (= 2623) cases, significantly strong scaling was observed in 635 cases

25
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Density
Cp
Cv

Rg

Scaled Rg

End-to-end distance

Self-diffusion coefficient
Compressibility

Isentropic compressibility

Bulk modulus

Isentropic bulk modulus

Volume expansion coefficient
Linear expansion coefficient

Static dielectric constant
Corrected static dielectric const
Nematic order parameter
Refractive index

Tg

Thermal expansion coefficeint (T<Tg)
Thermal expansion coefficeint (T>Tg)
Thermal conductivity (x)

Thermal diffusivity

Kip

Kpe

Kpair

Kbond

Kangle

Fidileed

Kimproper

Kispace

Cohesive energy density

Solubility (total)

Solubility (vdW)

Solubility (electrostatic)

Solubility (short-range electrostatic)
Solubility (leng-range electrostatic)
Mol weight (monomer)

van der Waals volume (monomer)
Total energy (monomer)
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Dipole moment (monomer)
Polarizability (monomer)
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Brittleness temp

Charpy impact
Compressive modulus
Contact angle

Cp

Crystallization temp.
Density

Dielectric const AC all freq.
Dielectric const AC high freq.
Dielectric const AC low freq.
Dielectric const AC middle
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Dielectric const DC
Elongation at break
Elongation at yield

Flexural mod.

Flexural storage modulus all
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Flexural storage modulus low
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Flexural stress at break
Gas permeability coef. CO2
Gas permeability coef. N2
Gas permeability coef. 02
Growth rate of crystal
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Hansen parameter delta-d
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Heat of fusion
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39.
40.

52.
53.
54.
55.
56.
57.
58.
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60.

Shear storage modulus loss
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Shore hardness

Solubility parameter
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Surface tension
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Tensile modulus
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freq.

Tensile storage modulus low
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Tensile storage modulus
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Tensile storage modulus loss
tangent high freq.

Tensile storage modulus loss
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Tensile storage modulus loss
tangent middle freq.

Tensile stress at break
Tensile stress at yield

Tg

Thermal conductivity
Thermal decompaosition temp.
™

Vicat softening temp
Volume expansion coefficient
Water absorption

Water vapor transmission



PolyOmics

Scaling to Computationally Intractable Real-World Systems

Scales strongly even to systems for which both computation and experiments are difficult to automate,
such as crystal growth rate, tensile yield stress, fracture bending stress, and surface tension.

Thermal conductivity — Growth rate of crystal
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Scalability and Discrepancy of Experiments and Simulations

PolyOmics

Even if experimental and simulation results do not quantitatively match, the
generalization performance still scales.

Scaling behaviors of Sim2Real transfer

generalization across different polymer classes (Tg) MD-calculated vs experimental Tg values
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PolyOmics

@ 2D Scaling Law on Experimental and Computational Data

Minami et al., Scaling law of Sim2Real transfer learning in expanding computational materials databases for real-world predictions. npj Comput Mater 11, 146 (2025).

The strength of scaling varies depending on the
amount of computational data.

10! 102
Number of experimental samples

>

Experimental data

Scaling laws as a function of the number of experimental
samples (m) and computational samples (n)

R(n,m) = (An~* + B)ym™ " + ¢,

The number of computational data points equivalent to one
experimental sample

By taking the partial derivatives of the scaling surface, the
marginal rate of substitution is computed.

OR(n,612) _ _ee3x0-T OR(O129.m) = —7.25x 107

One experimental measurement is equivalent to

109 quantum chemical calculations in the

prediction of polymer-solvent miscibility.
22
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PolyOmics

Optimality of Large-Scale Low- to Medium-Quality Data

Task: Density-to-density Sim2Real transfer

Analysis: Investigated how scaling behaviors change when Gaussian noises with varying variances are introduced
in the PolyOmics database

Results: Increasing the noise level in PolyOmics enhanced predictive performance for experimental properties.
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Scalable and Transferable Workflow of Data Production

Foundational data should be designed to be transferable and scalable to downstream target tasks.

3

»
RadonPy

Discrepancy

A Foundational data & foundation models

S/ NN

(Sim2Real) Transfer

7 TN N

Scallna to downstream tasks\

v In cuttlng edge fields, the mass productlon of data is challenglng |
K b < A
Different scale in Composites Higher-order Polymer blends Process-dependent

time and space structure properties
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SPACIER: RadonPy x Polymer Design Al

[=]

e

pipelines. npj Comput Mater 11, 16 (2025).
GitHub: https://github.com/s-nanjo/Spacier/tree/main

Initial data Training molecules
D={y, s} j i {sit

).¢ XenonPy

Bayesian molecular design

| i i v Generation of
| Desired property | » é
y* Property Molecular candidates —
' prediction generator S e B

Computer experiment: measurement of polymer properties

( Property Selection Current target
L er'--r Ym SII ey Srn Y*

SMiPoly: rule-based
polymerization reaction

Ohno et al., SMiPoly: generation of
synthesizable polymer virtual library using
rule-based polymerization reactions. J
Chem Inf Model 63, 5539-5548 (2023).

)]
Real data Radon Py Computer experiment | _ Experimental design | _
. ] < > Y =f(S) - max Ay , (S, Y*) <
calibration
Minami et al., Transfer learning - — - ® Thermalconductivity W Specificheat capacityCy W Speed of sound.
. . . First pr|nC|p|es calculation L] Thermaldlffuswny ] Compre§5|blllty(|sothelr_ma\) ] Thermalexpansrc
with affine model transformation. ®  Density m  Isentropic compressibility ®  Linear expansion
i H i B Radius of gyration ®  Bulk modulus (isothermal B Dielectri t

NeulPS 36, 17296-17329 (2023). Molecular dynamic simulation B Soacibohen cpaciyCh B o bk oeral) | Dielcticonsar

Bayesian Optimization



https://github.com/s-nanjo/Spacier/tree/main
https://github.com/s-nanjo/Spacier/tree/main
https://github.com/s-nanjo/Spacier/tree/main

Refractive index Refractive index

Refractive index

Freely and Comprehensively Explore the Vast Materials Space
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SPACIER: Prediction and Discovery of Optical Polymers

Nanjo et al., SPACIER: on-demand polymer design with fully automated all-atom classical molecular dynamics integrated into machine learning pipelines.
npj Comput Mater 11, 16 (2025).

Required properties

B High refractive index
B High Abbe number

[*] Ando S. Control of Refractive Indices of Optical Polymers : Theoretical Prediction

and Molecular Design Method. Japanese journal of optics. 2015;44(8):p298-303.

Multi-objective Bayesian Optimization

(acquisition function = expected hypervolume improvement)
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Abbe number

Discovery of New Polymers Exceeding the Empirical Limit

Nanjo et al., SPACIER: on-demand polymer design with fully automated all-atom classical molecular dynamics integrated into machine learning pipelines.

npj Comput Mater 11, 16 (2025).

SPACIER pioneered a new design paradigm that surpasses existing knowledge
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: Toward Further Extension of RadonPy and PolyOmics

RadonPy We can go anywhere as long as the target system is computable in or transferable by RadonPy

Cocreation by many experts of computational chemistry from industry and academia

3 National Research Institutes + 8 Universities + 37 Companies (> 260 participants)

W Coarse grained simulations Stretch orientation Dielectric properties Solubility parameters

B Glass transition temperature

® Oriented structure

B Solvation free energy

B Rheological properties

B Quantum chemical calculations
M Cross-linked polymers
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T i ive Research Innavation Platform

of RIKEN platforms

ot

iy

Self-Driving Lab for Polymeromics

B The world’s largest computational and experimental database

B Sim2Real self-driving lab for omics-scale real-world data generation using Al-
enabled high-throughput experiments
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RadonPy Consortium
(3 National Research Institutes, 8 Universities, 37 Companies)
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RIKEN: Ultra-parallel, high-speed combinatorial synthesis
NAIST: Automated flow synthesis
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Team director
Ryo Yoshida (TRIP / ISM)

Auto experiment (RIKEN)
Seiji Akiyama (TRIP)
fMasanobu Naito (TRIP / NIMS)

@rblL:-xperiment (NAIST)
Mikya Fujii (TRIP / NAIST)
Seigo Takasuka (TRIP / NAIST)

Molecular simulation
Yoshihiro Hayashi (TRIP / ISM)

Foundation models
Chang Liu (TRIP/ ISM)

Machine learning
Koji Tsuda (RIKEN AIP)
Ryo Tamura (RIKEN AIP)
Junichiro Shiomi (RIKE AlP)
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Materials-Omics

Building hierarchical data platforms for generating Al, guided by the 'More is Better’ principle

O Foundational data
Omics-scale data production
‘Cocreation’ is a driving force

Foundation models
Capable of integrating diverse data
Transferable and scalable to diverse downstream tasks

& O O

Transferred into the edge domains
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