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GFlowNets Basics

• We want to generate some 𝑥 ∈ 𝑋
• Trajectory “Flow” 𝐹 𝜏
• Flow runs through states, end in 

terminating states 𝑥
• Forward / backward policy
𝑃! 𝑠" 𝑠 , 𝑃#(𝑠|𝑠")
• = terminating action
• Set of terminal states = domain of 𝑋
• 𝑃$(𝑥): terminating prob
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A GFlowNet is uniquely determined by specifying either
1. 𝑍 (sum of all rewards) and 𝑃!; or,
2. 𝑅(𝑥) and 𝑃#

• Goal: learn a GFlowNet such that 𝑃$(𝑥) is proportional to given 
reward 𝑅(𝑥)

• Training objective: for trajectory

(related derivation is omitted)
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Discrete Probability Modeling

• Generate discrete data
• Start from all “void” states
• Action: assign a pixel value 

for one dimension
• Every trajectory has the same 

length



Discrete Probability Modeling

• Illustration of the forward 
and backward policy

• How should we obtain a 
useful reward from data?



Energy-based Models (EBMs)

• Train an EBM as the reward
• EBMs are usually trained with contrastive divergence (CD)

run MCMC chains for negative samples

• This MCMC could be computationally expensive, and suffer from 
slow mixing under multi-modal settings.



Energy-based GFlowNet

• We propose to jointly train an EBM and 
a GFlowNet
• EBM serves as the reward for GFlowNet
• GFlowNet provides negative samples for 

CD-like training

• (Detail) Back-forth proposal as 
transition kernel



Partial Results



Thank you very much!


