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B Descriptor library
B Database of 140,000 pre-trained models (XenonPy.MDL)
B Transfer learning
B Bayesian molecular design algorithm (IQSPR-X, SPACIER)

and so on
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® Yamada & Liu et al. Predicting materials properties with little data using shotgun transfer learning. ACS Cent Sci. 5:1717-
1730 (2019).

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

® Wu et al. iQSPR in XenonPy: a Bayesian inverse molecular design algorithm. Mol Inform (2020).
doi:10.1002/minf.201900107

® Ju et al. Exploring ultrahigh lattice thermal conductivity crystals via feature-based transfer learning. ChemRxiv (2019).
doi:10.26434/chemrxiv.9850301.v1

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

® Kusaba et al. Recreation of the periodic table with an Unsupervised Machine Learning Algorithm. arXiv (2020).
arXiv:1912.10708

® Guo et al. A Bayesian algorithm for retrosynthesis (submitted)
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A General Workflow of Ml

Representation, learning and generation for various materials

l Generator P(S|Y)

Input (S) — > Descriptor (p) —> Property (Y)

Chemical structure Crystal Composition Amorphous Microstructure

OO0 A B.C.

Composite / hybrid Process parameter Chemical reaction Nanostructure
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(press release: https://www.ism.ac.jp/ura/press/ISM2019-07.html)
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Wu et al. Machine-learning-assisted discovery of polymers with high thermal conductivity using a molecular design algorithm.
npj Comput Mater 5:66 (2019).zzzz

WORLD LARGEST POLYMER DATABASE OPEN SOURCE PLATFORM OF MI

o lilylo % DS XenonPy

Target: higher thermal conductivity polymers

i

Structure (S) Descriptor (@) Properties (Y)

A Thermal conductivity
Q Q » 01000100000011010011 > T, Glass transition temp.
T Melting points

S = chemical structure of constitutional repeat unit C, Heat capacity

and so on
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Ultrahigh lattice thermal
conductivity crystals

Number of samples on SPS and thermal conductivity

Liu, Yoshida (ISM)

Hongo (JAIST)

Ju, Shiomi (Univ of Tokyo)
Tadano (NIMS)
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TL & Extrapolative Prediction
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® 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 (2019)
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Pre-trained Model Library ‘XenonPy.MDL’

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

a

Small data Wu, St Yamada H.! Liu, C.%3

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

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

([
® Devise performance
® Computational vs experimental properties
® Monomer vs polymers, organic vs inorganic materials
Monomers Polymers Inorganic
Dipole moment Melting point Bandgap
Isotropic polarizability Glass transition temperature Density
HOMO Density Volume
LUMO Viscosity Fermi energy
Gap, difference between LUMO and HOMO Dielectric constant Formation energy
Electronic spatial extent Ionic dielectric constant Final energy/atom
Zero point vibrational energy Electronic dielectric constant Total magnetization
Internal energy at o K Refraction index Dielectric constant
Internal energy at 298.15 K Atomization energy Refractive index
Enthalpy at 298.15 K Ionization energy Space group
Free energy at 298.15 K Electron affinity Point group
Heat capacity Cohesive energy Scattering phase space
Hydration free energy Hildebrand solubility parameter Thermal conductivity
Melting temperature Molar heat capacity
Boiling temperature Molar volume

Bandgap

Thermal conductivity

Heat capacity


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

Machine Learning for Retrosynthesis

Highly expertized tasks in organic chemistry based on tacit knowledge

Unknown combinations (1018-104%) Design target
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List of commercial compounds (10%-107)

 Initial compounds
* Reactants
 Reagents




Forward Prediction: Synthetic Reaction

Machine Translation & Prediction of Synthetic Reactions
Input Output

Reactant 1 Reactant 2 Reagent Product

Nclnnc(C2CCC2)s1 . O=C(CI)Cl > A_CCOC(C)=0 » O=C=Nclnnc(C2CCC2)s1

[SMILES] Seq2Seq (https://github.com/google/seq2seq)
[SMILES] Transformer (https://github.com/pschwllr/MolecularTransformer)
[Graph] Rexgen (https://github.com/connorcoley/rexgen_direct)

Prediction accuracy of DNN trained on NextMove and Reaxys

e ———

Transformer 90 95.5
(Guo et al. in preparation)

Seq2Seq + Reaxys 80.3 87.5

(Schwaller et al. 2017) Guo, Z.
(ISM)

Template-based 72.1 90.7

(Coley et al. 2017)



Guo, Z.

Bayesian Retrosynthesis ™"
Guo et al. A Bayesian algorithm for retrosynthesis (to appear) A
Forward model p(Y|L,, R,, A;)p(L{|So, R{, A1) Backward calculation
(Sequential Monte Carlo)
Aq Az
Sy +R, 5 H+R, > Y B> (4R AS|Y)
(given design target)

The unknown to be selected from DB (NextMove) e e

S, : initial compound ool Retef getol R :
Ry, Ry : reactants @ cEhe

Ay, Ay catalytic agent e e

The unknown to be predicted by DNN

H, : intermediate product ‘




Historical View

Rule-based synthetic prediction (manually or computationally compiled)
® Corely et al (1969) “Organic Chemical Simulation of Synthesis”

® LHASA, SYNCHEM, WODCA ...

® Low prediction performance (taking into account only local molecular structures)

([

Small reaction space
‘ 50 years

Open dataset: Lowe’s USPTO dataset (10° synthetic reactions) for US patented compounds

® [Text mining] Lowe. Extraction of chemical structures and reactions from the literature (Doctoral
thesis) (2012)

® [Open data] Lowe et al. Chemical reactions from US patents (1976-Sep2016). figshare. Dataset. (2017)

‘ 2 years

After 2017: Deep Neural Networks — on the eve of groundbreaking days?
[seq2seq: Stanford] Liu et al. ACS Cent Sci (2017)

[seq2seq: IBM] Schwaller et al. Chem Sci, 28 (2018)

[Molecular Transformer: IBM] Schwaller et al. arXiv:1811.02633 (2018)

[Graph CNN: MIT] Jin et al. NIPS (2017)

[Molecular Chef] Bradshaw et al. NIPS (2019)




Rediscovery of OPVs: date back to 2009

Use of a time machine to date back to 2009 and the reproduction of the historical developments

Acceptor (given) Donner = design target

pentacene (2004)  tetracene (2005)  a-sexithiophene (2008) ~ 2:4-Bis[4-(N,N-diisobutylamino)-

) A 2,6-dihydroxyphenyl] squaraine (2009)
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Noguchi, Y Yamadé, H Lambard, G

ISM->Toyaku ISM->NIMS
. - IMPLEMENTATION
Initial structure-property data Existing molecules Supercomputer in ISM
D={Y, S} {S;} System "A" - SGI UV 2000 (320 cores)

Intel Xeon E5-4650v2 (10 cores)
1-2h for 100 molecules

# Backward model (igspr) #
Initial taljget _ Hypothetical materials
properties  |——P Chemical S S
y* Forward models x language model 1r =1 2n
T

HOMO-LUMO gap New structure-property data & target properties
Dipole moment
Melting point Properties Design points Target properties
Boiling point Y y S S y*
Mulliken charge dreeer Tm D
Frequency |
Molecular volume
Atomization energy
internal energy DFT (GAMESS) Experimental design
lonization potential MD (LAMMPS) P N g =
Electronic affinity Y = f(S) max Ay ; (S, Y¥)
Thermal conductivity
Solvation energy Acquisition function
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Scharber’s formula for PCBM (Adv Mater 18:789 (2006))

PCE & HOMO-LUMO gap > HOMO & LUMO (DFT-computable)

Target region: FIX
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Y-axis: LUMO
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Blue: generated molecules

Red: molecules selected for DFT
Blue zone: final target

Yellow zone temporary target



Towards New Horizons

Representation, learning and generation for various materials

l Generator P(S|Y)

Input (S) — > Descriptor () —> Output (Y)

The 15t phase

Chemical structure Crystal Composition Amorphous Microstructure

OO0 A B.C.

Composite / hybrid Process parameter Chemical reaction Nanostructure
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A03: Hypermaterials Informatics

\

Discovery of New Quasicrystals |

FEMEE NAN—ZTITILHEZERNRSFHMERF ) (BT BHESR (ERERX))
20198 A~ S EIMAE “INA/IN—ITVTFTILRAVITAITAHOR" (XK FH)

Yoshida, R. Katsura, Y.
(U Tokyo)

A\ ® Quasicrystal (QC)
Aa BbCC >A Xe non Py ® Approximant (AP)
290 compositional features ® Crystal (CRY)

g
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Surface, morphology, and so on W

Iwayama, M.2

Designing Process & Composition A

Morikawa, J.
(Tokyo Tech)

Microstructure
(e.g. SEM image)

Thermoelectric property
Optical property
Energetic property
Mechanical property

[CGAN/VAE] Banko et al. Mastering processing-microstructure complexity through the prediction of thin
film structure zone diagrams by generative machine learning models. arXiv (2019) arXiv:1910.09468

[CNN (VGG-19)+TL] Li et al. A transfer learning approach for microstructure reconstruction and
structure-property predictions. Sci Rep. 8:13461 (2018)

[CRBM] Chang et al. Microstructure representation and reconstruction of heterogeneous materials via
deep belief network for computational material design. J Mech Des. 139(7): 071404 (2017)

[GAN+BO] Yang et al. Microstructural materials design via deep adversarial learning methodology. J Mech
Des 140; 10.1115/1.4041371 (2018).

[GAN] Li et al. A deep adversarial learning methodology for designing microstructural material systems.
ASME 2018 (2018)



Microstructure Prediction

Banko et al. Mastering processing-microstructure complexity through the prediction of thin film structure
zone diagrams by generative machine learning models. arXiv (2019) arXiv:1910.09468

Parameters Microstructure
L Al .

Composition: Cr,, Al, Oy N

Process: Prediction & Design

® Deposition temperature >

® Deposition pressure ® Conditional GAN
® VAE

® Average ion energy
® Degree of ionization

Data:
123 SEM images * 128 patches (128px * 128px)
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