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Background

Policy constraint

Value Regularizationmain ideas in offline RL

Supervised Learning Decision transformer (�1, �1, �1, �2, �2, �2. . .)

When offline-online task is aligned, supervised learning cannot be applied to online reinforcement 
learning, and the other two methods are difficult to applied to online fune-tuning directly.  



Background

difficulties in online fine-tuning

Policy constraint

Value Regularization

Environment factors

too slow to achieve best performance

performance drop at beginning because of conservatism 

State-action distribution shift, especially in narrow datasets



Background

An offline-to-online algorithm should:
(1) perform well after trainning in offline datasets
(2) have stable performance when starting online training
(3) achieve best performance in few steps

Present solutions 

Policy adjustment  

Remodel Q function 

Data rebalance 

offline algorithm

online algorithm with good initialization



Policy adjustment 

Adaptive Behavior Cloning Regularization for Stable Offline-to-Online Reinforcement Learning

TD3+BC: 

AdaptiveBC: 

When current return is lower than averge return, strengthen the constraint, 
otherwise relieve constraint.



Experiment 



Policy adjustment 

Improving TD3-BC: Relaxed Policy Constraint for Offline Learning and Stable Online Fine-Tuning

TD3+BC: 

Refine:

Online:



Experiment 



Policy adjustment 

Policy Expansion for Bridging Offline-to-Online Reinforcement Learning(ICLR 2023)

��: randomly initialized policy



Experiment 



Data rebalance

Offline-to-Online Reinforcement Learning via Balanced Replay and Pessimistic Q-Ensemble

Balanced Experience Replay

Pessimistic Q-Ensemble

measure the online-ness

Make more use of the offline 
samples of near-on-policy to 
update safely

P:offline datasets
Q:online datasets



Experiment 



Data rebalance

MOORe: Model-based Offline-to-Online Reinforcement Learning

Prioritized Sample

Reward Penalty

update model

update π and �



Experiment 



Remodel Q function 

Uncertainty-Driven Pessimistic Q-Ensemble for Offline-to-Online Reinforcement Learning



Experiment 



Remodel Q function 

Adaptive Policy Learning for Offline-to-Online Reinforcement Learning

Online-Offline Replay Buffer

online buffer: recent online data

offline buffer: offline datasets and previous online data  



Experiment 



Remodel Q function 

Cal-QL: Calibrated Offline RL Pre-Training for Efficient Online Fine-Tuning

The main idea: Conservative Q-values learned by the conservative offline RL method must be                
                         lower-bounded by the ground-truth Q-value of a sub-optimal reference policy



Experiment 



Remodel Q function 

Actor-Critic Alignment for Offline-to-Online Reinforcement Learning

The main idea：adding a baseline function �(�) to �(�, �) does not change the optimal ��

2.Online phase: 

1.Offline phase: 

SAC：

�(�) can be  calibrated by minimizing the Bellman residualIn practice

Train without offline datasets 



Experiment 



Conclusion 

Present solutions 

Policy adjustment  

Remodel Q function 

Data rebalance 

adjust policy constraint

policy expansion

Q function alignment

uncertainty penalty

Q function calibration

differential update 

adaptive sampling

reducing constraint when online trainning

a general framework of bridging offline-to-online

base on confidence

mitigate underestimate

align Q function



Prospect 

1. Combined with more efficient online algorithms (additional reward...)

2. More method about uncertainty (weights of update and sampling, adaptive UTD) 

3. Offline-to-online on-policy method

4. Model-based method (rollout imaginary trajectories, different confidence policies)



Thanks


