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Molecules relevant to energy applications

Organic photovoltaics Solar fuels
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https://www.sigmaaldrich.com/US/en/technical-documents/technical-article/materials-science-and-engineering/photovoltaics-and-solar-cells/opv-tutorial
https://www.sciencedirect.com/science/article/pii/S2542435121004979
https://pubs.acs.org/doi/10.1021/acs.energyfuels.1c02675
https://pubs.rsc.org/en/content/articlelanding/2017/tc/c7tc00827a

Molecular space is massive
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Light interactions = excited state energies required

Organic photovoltaics
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Solar fuels
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Fast and accurate chemical screening
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https://aip.scitation.org/doi/10.1063/5.0084535

UMAP-1

Efficient exploration with active learning

Global chemical space map
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AL results on small molecule database
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How to improve results?

Expand database Improve AL Implement
framework generative ML




(a)

Expanding to large molecules

XTB ML datasets
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Improving the AL framework

Training data locations
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Generative models
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Create a design space generative model based on representative molecules pool
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http://proceedings.mlr.press/v119/jin20a/jin20a.pdf

Summary

Method 1: xTB+ML
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Method 2: Unified AL
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