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Chemistry Language Models



Foundation Models for Molecular Generation
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• Molecular Transformer (2019):

Schwaller et al., ACS Cent Sci, 2019



Energy Rank Alignment (ERA)
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• Simple gradient-based objective

• Explicitly incorporates a reward/energy function

• Avoids greedy policies

• Controllable regularization

• State-of-the-art performance on molecular generation benchmarks
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Theoretical Framework
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Experiments



Molecular Generation
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• Foundation model: transformer trained on 2.4M ChEMBL SMILES

• Focused on easily computed in silico oracles 
• RDKit: QED, hydrophobicity, ring count, Tanimoto similarity

• Docking: random forest predictors of docking scores against two kinase targets – 
GSK3β and JNK3

• Tested both unprompted (BOS token only) and prompted (conditioned 
on a SMILES) alignment 



Single-Property Alignment
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Multi-Property Alignment
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Prompted Multi-Property Alignment
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Docking Benchmarks
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• Generate more diverse molecules (lower IntDiv) with higher 
bioactivities



Acknowledgements

13

Frank Hu
Ph.D. (  Chemi stry, Mark land Lab)


	Slide 1: Aligning Transformers with Continuous Feedback via Energy Rank Alignment
	Slide 2: Chemistry Language Models
	Slide 3: Foundation Models for Molecular Generation
	Slide 4: Energy Rank Alignment (ERA)
	Slide 5: Theoretical Framework
	Slide 6
	Slide 7: Experiments
	Slide 8: Molecular Generation
	Slide 9: Single-Property Alignment
	Slide 10: Multi-Property Alignment
	Slide 11: Prompted Multi-Property Alignment
	Slide 12: Docking Benchmarks
	Slide 13: Acknowledgements

