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Results & Analysis
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Complementary Information Bottleneck (CIB)

target for ¢, leading to inefficient learning. g

Generalization Failure The skill policy fails to reproduce the same
trajectories when specific observation factors (coordinates, background color,
...) are varied. These factors are closely related to r(¢, z), so the skill policy
can easily overfit to them.

v We identify two fundamental challenges in off-policy unsupervised
reinforcement learning that limit the scalability of skill discovery.
v/ GenDa significantly improves data efficiency and generalizability.

We propose a structural solution that prevents the skill policy from
overfitting to specific observations already captured by ¢(s).

The output ¢ of the encoder qw(t’ | s) replaces the original observation
in the skill policy, yielding z(a | ¢, z).
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