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Background: Exploratory data generation for offline RL
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Our work: new exploration objectives
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Our work: new exploration objectives
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Contributions

* Extension of BE from [Suresh et al.,
2024] to continuous spaces

Published as a conference paper at ICLR 2025
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Behavioral entropy for continuous spaces
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k-nearest neighbor estimators, RL reward
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k-nearest neighbor estimators, RL reward
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Experimental setup and summary

e Domains: Walker, Quadruped
e Tasks: Stand (on Walker only), Walk
(both), Run (both)

e Data generation algorithms:
e |ICM-APT (Shannon), RND, SMM
e |CM-APT (Rényi) for range of q
e |ICM-APT (BE)forrange of a

e Offline RL evaluation methods:
e TD3, CQL, CRR

e 500k data generation steps

e 100k offline RL training steps

e Evaluation every 10k steps

Table 1: Max performance over all offline RL algorithms and all trials

Environment  Task BE RE SE RND SMM
Walker Stand | 990.38 988.93 95493 947.89 496.09
Walk | 904.66 878.20 895.89 735.77 409.46
Run | 385.07 440.53 360.64 341.03 140.29
Quadruped Walk | 845.31 776.64 755.79 699.22 425.11
Run | 522.32 490.75 490.46 490.66 275.38

Walker Quadruped




State Coverage using PHATE for Walker Domain
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