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Introduction Challenges Selected Experiments
How to learn a .stochasti.c polic.:y th.at. can generate high- » Rewards are sparse and binary, as the agent only receives * RBS-GFN achieves the best goal-reaching performance
reward objects while maintaining diversity? positive rewards upon reaching the specified goal. across different domains (e.g., Grid World, sequence
Candidates In-Silico In-Vitro In-Vivo generation) .
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Background * Given a trajectory T = {Sp = e i x} collected environments with satisfactory goal-reaching success rates
by the forward policy Pr that fails to reach the goal (x # T —
« GFlowNets sample discrete objects x€X through a sequence y), RBS utilizes Py to synthesize backward trajectory !!ZZ'!!!!% ,
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* GFlowNets [1] learn a policy = to construct x such that * Q: Why does RBS enable the learning of goal-conditioned
RBS
. <. rajectory 7’ . . ?
m(x)o<R(x), while Goal-conditioned GFlowNets [2] learn a Advantages i GFlowNets effectively and efficiently:
: : v Leading to positive rewards as they consistently reach desired goals.
policy r to construct a given goal y such that (x| y)xR(x,y). * A: Expand the training data with high-quality and high-
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Expanding data coverage. diversity synthetic experiences.

*  We formulate GC-GFlowNets as a goal-augmented DAG G =
Efficient training techniques
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