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Dielectric polymers for capacitive energy storage AlM @i
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Building block assembly of heat-resistant polysulfates
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Predictions on thermal and electronic parameters  Aim @
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Electrostatic energy storage and reliability
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Scientific challenge in molecular design of polymers caim @z sme-

LEGO building blocks

Graphs
114,304,569,097

1,330,958,530

Molecules
166,44 3,860,262

For example, GDB-17 database enumerates small
organic molecules up to 17 atoms of C, N, O, S, and
halogens following all possible chemical structures,

resulting in >166.4 billion molecule designs. [J. Chem.
Inf. Model. 2012, 52, 11, 2864-28/3],
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ML-directed Molecular Design of Polymer
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Step 1 Data Repository and Chemical Space
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Step 2 Feature Engineering and Representation AIM ()
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Three types of feature representation calculated based on the polymer’s SMILES (simplified molecular-
input line-entry system) notation for ML models: molecular descriptor, Morgan fingerprint, and image. 12/10/2024 11



Molecular Descriptors and Structure-Activity Relationship AIM ()
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Todeschini, Roberto, and Viviana Consonni. Handbook of molecular descriptors. John
Wiley & Sons, 2008. 12/10/2024 12



1. Assign each atom with an identifier 3. Duplicate substructure rfmoyal
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Rogers, David, and Mathew Hahn. "Extended-connectivity
fingerprints." Journal of Chemical Information and Modeling 50, no. 5 paracetamol
(2010): 742-754. 12/10/2024 13




Using Image to represent the polymers ‘AlM @ SME”
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0

0 Poly(4-biphenyl acrylate) C=CC(=0)0Oc2ccc(cicccect)cc2 383.0
1 FPoly({butyl acrylate) CCCCOC(=0)C=C 2190 s
2 Poly(sec-butyl acrylate) CC{OC(=0O)C=C)CC 2500
3 Poly(2-tertbutylphenyl acrylate) C=CC(=0)0Oc1ccccc1C(CHCIC 3450

15

4 Poly(4-tertbutylphenyl acrylate) C=CC{=0)0c1ccc(C{C)C)Clcc1 3440

Feature Engineering Examples ®

12/10/2024 14



Comparison Between Feature Representations AIM @z, sme-
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Molecular Descriptors (~5000): Very time-consuming Fingerprints (hash 45,000 distinct substructures into 2048 bits)

N Group 0
1 Constitutional descriptors
2 Topological descriptors
3 Walk and path counts
4 Connectivity indices 0
5 Information indices
6 2D autocorrelations 20
7 Edge adjacency indices
8 BCUT descriptors
9 Topological charge indices
10 Eigenvalue-based indices
11 Randic molecular profiles Images (a sparse matrix, 21x310): Very fast
12 Geometrical descriptors cnoCNF=0()12.. :
Poly(4-biphenyl acrylate
13 RDF descriptors y( P y y ) € 000100000000. 5
) = 000000100000..
14 3D-MoRSE descriptors / C 000100000000..
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15 WHIM descrlptors 0 ( 000000001000.. A
16 GETAWAY descriptors S gggggg;‘l’gggg ”
17 Functional group counts i B ) 000000000100.. 0
O 000100010000..
18 Atom-centred fragments C=CC(= 0)0c2ccc(c1ccccc1)cc2 C 000100000000. .
19 Charge descriptors 00 25 50 175 100 1S
20 Molecular properties SMILES Code One-Hot Encoding Encoded Image
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Step 3 Property Prediction (Predictive ML Model)
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Comparison between the MD simulated T, and the ML predicted T, on 20 polymers randomly selected from dataset-2.
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Which ML model is trustworthy on experiments? AIM @& smE™
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Benchmarking ML Models for Polymer Informatics AIM (1))
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Step 4 Inverse Molecular Generation and Design AIM @z sME”

Discriminator's
attempt to classify
real data as real

Discriminator's
Noise attempt to classify
generated data as
fake
Generated Data Discriminator Real Data Finally, if generator training goes well, the discriminator gets worse at telling the difference between real and fake. It
starts to classify fake data as real, and its accuracy decreases.
e . FAKE  REAL —__ [&==g@ 5=
- —— REAL REAL —/——

As training progresses, the generator gets closer to producing output that can fool the discriminator:

Goodfellow, lan; Pouget-Abadie, Jean; Mirza, Mehdi; Xu, Bing; Warde-Farley, David; Ozair, Sherjil;
Courville, Aaron; Bengio, Yoshua (2014). Generative Adversarial Nets. Proceedings of the International
Conference on Neural Information Processing Systems (NIPS 2014). pp. 2672—-2680. 12/10/2024 20



Deep Generative Design for High Tg Polymers i, SME-
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Real Samples

Agent » Candidate
J Generation

Synthetic data Discriminator Generator
Sanchez-Lengeling, Benjamin, Carlos Outeiral, Gabriel L. Guimaraes, and Alan Aspuru-Guzik. "Optimizing
distributions over molecular space. An objective-reinforced generative adversarial network for inverse-design
chemistry (ORGANIC)." ChemRxiv 2017 (2017).

Yue, Tianle, Lei Tao, Vikas Varshney, and Ying Li. "Benchmarking Study of Deep Generative Models for Inverse
Polymer Design." Digital Discovery (2024). 12/10/2024 21



Normal Distribution Curves 8
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(a) Normalized probability density distribution of predicted Tg values and (b) chemical
space distribution of the hypothetical valid unique polymers generated by CharRNN
(red), GraphINVENT (blue), REINVENT (green), and the real polymers.
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Molecular Simulations of New High-Tg Polymers AIM ()
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Application Example: Polyimide, “Golden Plastic” ‘AIM @& Sme”
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ML-assisted discovery of novel polyimides AlM @ .
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@ polyimide.herokuapp.com

This tool explores 8
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Take-Home Message

ML is a powerful method for the prediction and rapid screening of
innovative polymers, particularly with growing large sets of experimental
and computational data for polymeric materials.

By establishing an inverse mapping from property to polymer’s synthesis
(polyGAN), we can overcome the limitations of the property-prediction (or
forward problem-based) approaches that screen polymers from a
predetermined dataset and suffer from selection bias.

My personal suggestion: stop with trial-and-error (Edisonian) and embrace
Machine learning & Optimization (AlphaGo, AlphaGo Zero, AlphaFold,
AlphaCode, AlphaTensor, AlphaGeometry, ...)

All of us can be Iron Man in the future with our J.A.R.\V.1.S. (ML models).

12/10/2024 27
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