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Part I:

Transfer Learning to Unlock Chemical Predictions in Low Data 
Regimes
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J. Chem. Inf. Comput. 2003, 43, 1733.

Acta Crystallogr. B: Struct. Sci. Cryst. Eng. Mater. 1979, 35, 2331.

~27,000 spectra 1,000,000+ compounds
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Part II:

Hidden Chemical Insights from Lightweight Machine Learning
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Backup: Prospective Results
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Backup: Baran Heuristics
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Backup: F-Score, Accuracy, and AUROC
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Backup: F-Score, Accuracy, and AUROC
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Backup: F-Score, Accuracy, and AUROC
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Backup: PCA of the Dataset Chemical Space
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Backup: Fukui Indices
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Backup: Schneider QM-Augmented MPNN
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Backup: Representative P450 Test Set Molecules
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Fragrance Dataset Breakdown
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Enantiomeric Pairs Predictions: Similar Olfactive Notes
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Enantiomeric Pairs Predictions: Dissimilar Olfactive Notes
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Performance on CCDC Dataset
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Mean Squared Error (MSE) of total loss (bond distance loss + bond 
angles loss) on crystal structure data for a variety of message passing 

neural networks (MPNNs). Test set consisted of unseen molecules.

Chem. Sci. 2024, 15, 5143.



Per-Molecule Error Rate (Toxicity)

148Chem. Sci. 2024, 15, 5143.



Per-Molecule Set Error Rate (Yields)
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Ranked Elements in Training Foundational Model
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Selected Molecules in Yield Datasets
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Selected Molecules in Yield Datasets
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How Does the MPNN Work?
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Yield Prediction
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The Big Idea
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