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Background

• Lack of a unified framework for generating molecules with multiple drug-
relevant properties and strong protein binding

• Reinforcement Learning (RL) has been explored for 1D/2D molecular 
generative models, but 3D molecular diffusion models with RL guidance 
remain underexplored

• Previous RL methods for diffusion model optimization suffer from challenges 
such as reward sparsity and mode collapse

• When multiple conflicting optimization objectives exist, it difficult to 
balance these objectives, and algorithms tend to bias toward objectives that 
are easier to optimize
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Contributions

• First unified framework integrating RL, diffusion models, 3D molecular 
generation, and uncertainty-based multi-objective optimization

• Uncertainty-aware reward design enables balanced multi-objective 
optimization for drug-relevant properties

• Three auxiliary mechanisms address RL–diffusion challenges such as mode 
collapse and reward sparsity:

• Reward boosting for validity, uniqueness, and novelty
• Diversity penalty to enhance exploration
• Dynamic cutoff strategy for stable, adaptive reward signals

• Consistent performance gains across datasets
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Study Design

• Train surrogate models to predict uncertainty
• Pretrain the diffusion model to learn 3D molecular generation
• RL guides the diffusion model to generate molecules with desired drug-

relevant objectives
•  Perform in silico evaluation to further verify the drug potential and binding 

stability
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Datasets

• QM9: small-sized molecules used for basic 
3D molecular generation tasks

• ZINC15: medium-sized, drug-like molecules
• PubChem: large-scale collection of diverse 

and complex molecules
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Method

• Generate n candidate molecules and evaluate them to obtain RL rewards
• Reward design:
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Results
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Val", "Uni", and "Nov" represent the percentages of valid, unique, and novel molecules, respectively. "VUN" is their joint metric computed as Val × 
Uni × Nov, representing the percentage of molecules that are simultaneously valid, unique, and novel. "ASta" and "MSta" denote atom-level and 
molecule-level stability. "Top" indicates the proportion of generated molecules that simultaneously satisfy all three property constraints



Downstream Analysis
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Conclusion

• Proposed an uncertainty-aware RL framework to guide diffusion models for 3D 
drug-like molecular generation

• Achieved superior performance across three benchmark datasets, 
demonstrating strong stability and generalization

• Molecular dynamic simulation and ADMET analysis varified the structural 
stability and drug-like potential of generated molecules

Future Work
• Extend the framework to broader drug-related property objectives
• Incorporate chemical prior knowledge to tackle more complex drug targets
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