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Interacting with environments
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Then collecting data in replay buffer
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And training policy by RL
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And training policy by RL
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And training policy by RL
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Current policy and dynamics



Three cases: Stationary environment
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Three cases: Domain adaption
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Three cases: Non-stationary environment




To figure out the distribution gaps

Transition occupancy distribution measure .o et al, 2021 Ma et al., 2023]
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When data are collected under different mand T
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The influence of distribution gaps in RL
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ow to learn policy when p; (s, a,s") # pf(s,a,s") ?
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A surrogate objective with distribution shifts
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A surrogate objective with distribution shifts
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A surrogate objective with distribution shifts
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A surrogate objective with distribution shifts

How to solve the constrained optimization problem?



Three theoretical steps for tractable solution
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Three theoretical steps for tractable solution
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Our solution

Fenchel conjugate function
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Algorithm: OMPO
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An example of how to the two buffer

« Non-stationary environments
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Experiments



Three scenarios with specialised baselines

Stationary environment: Hopper, Walker2d, Ant, Humanoid
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Three scenarios with specialised baselines

Domain Adaption: Hopper, Walker2d, Ant, Humanoid
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Three scenarios with specialised baselines

Domain Adaption: Hopper, Walker2d, Ant, Humanoid

Walker2d Ant Humanoid

c ...
% Wind: 1m/s

c& wind-
= Wind: im/s

3000 6000
3000
0 0

— OMPO ——— OMPO-DR —— DARC —— SAC-DR ——— SAC

average return
o
o
o




Three scenarios with specialised baselines

Non-stationary environment: Hopper, Walker2d, Ant, Humanoid

Dynamic torso length Dynamic foot length Dynamic wind Dynamic gravity
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Conclusion

« We propose a general surrogate objective for policy and dynamics shifts

« We develop a unified framework to tackle diverse shift settings

Future research

« The two-buffer setting can be extended, like offline-to-online
RL, hybrid RL and imitation learning

« How to adaptively decide the local buffer size would be interesting



Thank you for listening!




