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Why generative models?

The size of chemical space of drug-like 
molecules is often estimated at 1060.

Generative models offer a promise of being 
able to explore that vast space without being 
limited to existing libraries.
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Why GFlowNets?

Generative Flow Networks (GFlowNets) are a relatively new family of generative models.

Goal: generating high reward, diverse samples in an amortized manner. All crucial in 
drug discovery!

Shortcomings of the existing methods: 
• MCMC - lack of amortization,
• RL - mean-seeking behaviour; mode collapse

How to do it? On high level: ensure that the probability of generating a sample is 
proportional to its reward: p(x) ~ R(x). This can be done by training a sampling policy 
π(x) (a machine learning model).
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GFlowNets for Molecule Design

Key ingredients of GFlowNets:

• State = current 
molecule

• Action space = 
fragments to add

• Reward function = 
property of interest

How do we ensure molecules 
are synthesizable?
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Constraint Trade-Off

The goal: constrain the searchable space to 
highly synthesizable compounds.

(while increasing the search space size as 
much as possible!)
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Reaction-GFlowNet

6



Chemical language

We select a total of 350 affordable 
reagents (≤$200/g) and 17 high-yield 
reactions.

Combinatorial space generated by 
this approach with depth 4 is larger 
than most compound libraries.
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Scaling to large fragment libraries

We use action embeddings for 
chemistry-aware next fragment 
selection.
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Scaling to large fragment libraries
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Experimental study
In addition to commonly used 
sEH proxy, we consider 
GPU-accelerated docking for 
several biologically relevant 
targets, and challenging 
activity-based senolytic proxy.
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Reward distributions
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Discovered modes
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Synthesizability
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High reward Diverse Synthesizable

GraphGA ✓ ✗ ✗

SyntheMol ✗ ✗ ✓

CasVAE X X ✓

FGFN ✓ ✓ ✗

FGFN + SA ✓ ✓ X

RGFN ✓ ✓ ✓



Estimated synthesis cost
RGFN
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Summary

● RGFN guarantees synthesizability out-of-the-box.
● Chemical language used leads to ~100x lower cost of synthesis.
● Performs well and generates diverse candidates for a set of biologically 

relevant oracles.
● Flexible to the choice of fragments and reward functions.
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Links
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Paper: Code: Join us:



Thank you!
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