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Input Output

Reactant 1 Reactant 2 Reagent Product
—
Nclnnc(C2CCC2)s1 . O=C(CI)Cl > A _CCOC(C)=0 O=C=Nc1nnc(C2CCC2)s1
[SMILES] Seq2Seq (https://github.com/google/seq2seq)

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

Table 1: Performance of recently appeared deep neural networks on the prediction of synthetic reactions in
forward and backward manners. Top-1, top-3, top-5 and top-10 accuracies in [%| are shown for each.

Task Model top-1 top-3 top-5 top-10
Similarity (Coley et al. 2017)° 37.3 547 633 741

Backward SCROP (Zheng et al. 2019)8 437 600 652 687
Lin et al. 2019° 431 646 718 787
Template-based (Coley et al. 2017)13 71.8 86.7 908 946

Forward ~ WLDN (Jin et al. 2017)%* 796 877 892 -

Molecular Transformer (Schwaller et al. 2019)° 004 0946 953 -

Table 1 in Guo et al. Bayesian algorithm for retrosynthesis. JCIM 60(10):4474—-4486 (2020)
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Guo et al. Bayesian algorithm for retrosynthesis. JCIM 60(10):4474—-4486 (2020)

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

— g+ [ —O—> o

Neclnnc(C2CCC2)s1 o=c(cl)cl 0=C=Nclnnc{C2CCC2)s1

S

Backward prediction (retrosynthesis) »» S* = argsolve{S | y* = f(S)}
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Set of purchasable compounds
~—
—
—
L —

Monte Carlo sampling (+ a surrogate likelihood)
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t-SNE projections of identified reactant
pairs which formed nearly 98 clusters

B |dentification of nearly 100 candidate routes based on 10¢ purchasable compounds
B 35-60% would be chemically valid according to judgments made by expert chemists

Fig 4 in Guo et al. Bayesian algorithm for retrosynthesis. JCIM 60(10):4474—-4486 (2020)
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Yamada et al. ACS Cent. Sci. 5(10):1717-1730 (2019)
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Polyinfo

(polymer.nims.go.jp)

Polymer Genome — Khazana
(khazana.gatech.edu)

Polymer Property Predictor and
Database
(pppdb.uchicago.edu)

NanoMine
(materialsmine.org)

CROW

(polymerdatabase.com)

Polymers: A Property Database
(poly.chemnetbase.com)

CAMPUS

(campusplastics.com)
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Database creation using automated MD systems

Measurement Database Simulation

® Macro — | e MD/DFT
® Micro — % % % D ® Automated pipeline
* Nemo N o N

N

Synthesis Machine Learning

®* 9
Q.
E Candidate Candidate

® Monomer/Polymer
® Composite
® Process

Experimental design

Virtual screening »: Xe n O n Py

Molecular design
Process design

https://xenonpy.readthedocs.io/en/latest/index.html

JST-CREST “Materials Informatics for Thermophysical Properties of Polymers” (2019.10-) Morikawa, J. (Tokyo Tech Inst)
ML & CS group: Yoshida, R., Hayashi, Y., Wu, S., Noguchi, Y., Shiomi, J., Kawauchi S.
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RadonPy (open-source software)
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RadonPy

LAMMPS

SMILES list

*C(C*)c1ceccel
*C(Cr)(c(=0)0C)C

“NC(=0)CCCCC"

Polymer 1
*C(C*)elcecect

Creation of initial structure,
force field assignment

Equilibration
MD

Checking the
convergence of

energy, density, efc.

Job 1
(use 1-4 nodes)

Additional
equilibration
MD

Thermal
conduction MD
for amorphous

Compute
thermal
conductivity,

thermal
diffusivity

Uniaxial
stretching MD

Thermal
conduction MD
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oriented polymer

Compute
Young’s modulus,
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tensile viscosity,
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volume expansion,
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bulk modulus,
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Physical property database of polymers
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