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Improve Various SOTA Policy Models
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How do we achieve It?




How to Improve a Policy?

?
Collect 10x more demo: Online RL w/ Sparse Reward

Less Human Effort,

Better Data Coverage &

Video from i1Gibson?2

Video from ManiSkill



L e t Fone-Tune It?
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Any alternative solutions?
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How Offline Imitation Learning Policy Falils

States Covered
= by
Training Data

One of the Demo
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Residual Policy with Online RL

Imitation Learning Reinforcement Learning
(offline) (online)
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Virtually No Successes w/ Residual

Base Policy Base + Random Residual Actions

\
Deviate Too Much! @ ™\




Strategy 1: Bounded Residual Action

Controlled +
Exploration
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Strategy 1: Bounded Residual Action

) \ Trained by SAC
Mhase(S) H Tres(S)r=--> Residual Action Range (—1,1)
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Strategy 1: Bounded Residual Action

) \ Trained by SAC
Mhase(S) ""\3‘”7‘65(5?}""* Residual Action Range (—a, a)




Strategy 1: Bounded Residual Action

Controlled +
Exploration

Strategy 2: Progressive Exploration Schedule




Strategy 2: Progressive Exploration Schedule
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Trajectory

Strategy 2: Progressive Exploration Schedule

+ Zero
Base Policy

+ Zero
Base Policy

+ Zero
Base Policy

‘O

Environment Interactions

-

Base Policy Residual Policy

+ Zero

BaskRol I cvy

-

Base Policy Resi dPoal cy

‘O

-

Base Policy Residual Policy

-

Basko !l i c yResidual Policy

-

Base Policy Residual Policy

‘O



Residual Policy with Online RL
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*¥s] Policy Decorator Rn_e

(Diffusion Policy, BeT, etc.)

(large, frozen) (small, learnable)
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base action =+ residual action
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Model -Agnostic!




Evaluation on Diverse Tasks
ManiSkill Adroit

Table-Top/Mobile, w/ Object Variations Dexterous Manipulation




Different Types of Strong Baselines

Fine-Tuning Methods
w/ A Lot of Special Designs + LoRA

A Basic RL

A SAC for Behavior Transformer
A DIPO for Diffusion Policy

A Boosting Basic RL with Demos
A Demo for Reward Learning: ROT

A Demo as Off-Policy Experience: RLPD
A Offline Value Pre-Training: Cal-QL

No# 1 Alauni Megt hods

A Learning Residual Policy
A Vanilla Version: Residual RL
A More Advanced Version: FISH

A Utilize Base Policy to Build

Curriculum
A JSRL



Success Rate %

Success Rate %

Effectively Improves Base Policies
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- Residual RL
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