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Challenges
(1) Inefficient value learning

How can we speedup  
TD backup?

1-step TD is slow
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naïve n-step return  
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Summary

Q: How to speedup offline-to-
online RL on manipulation tasks? 

A: Apply action chunking to 
both policy and critic and use an 
expressive policy with BC 
constraint.



Thank you!!

Zhiyuan (Paul) Zhou Sergey Levine

Code: github.com/ColinQiyangLi/qc arXivwebsite code

http://github.com/ColinQiyangLi/qc

