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Offline RL?
Characteristics and Challenge

• What? 
Learn completely from a previously 
collected dataset.

• Why? 
Safety (Healthcare) & Cost (Robot)

• Hard? 
Yes!  
Data distribution shift &  
Out-of-distribution values



Offline RL Methods

• To Alleviate A Main Challenge: 

• DISTRIBUTION SHIFT 
 

 
Kumar et al. ‘19 “Stabilizing Off-Policy Q-Learning via 
Bootstrapping Error Reduction” 

• The second term could be high on 
out-of-distribution  pairs since 
never directly minimized while 
training.

(s, a)

• Policy-Based Regularization 
(Kumar et al. ‘19 “Stabilizing Off-Policy Q-Learning via 
Bootstrapping Error Reduction”) 

• Drawbacks: 
(1) may be overly conservative, similar to 
behavior cloning 
(2) estimating the behavior policy can 
be challenging 

• Pessimistic Value-Based Methods 
(Kumar et al. ’20 “Conservative Q-Learning for Offline 
Reinforcement Learning” ) 

• Benefits: 
(1) Learning optimality 
(2) Robust Policy Improvement



Related Works
Theoretical Insight

• Early works: 
assume data to be fully covered, 
which is unrealistic 

• More recent studies: 
partial coverage, tabular and linear 
function approximations 

• General function approximations: 
finiteness and convexity



Formal Formulation
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Main Result
Loss Consistency

Hölder Continuous C-mixing

• Effective Controllability 

• Optimal Rate 

• Bellman Constraint Hyperparameter

• Curse of Dimensionality!



Curse of Dimensionality?

• Low-dimensional mainifold assumption 

                                             Credit: Phillip Pope et al. (2021). 
e.g., MNIST, CIFAR, ImageNet 

• Low-complexity assumption 

   
 

e.g., additive model, single index model, projection pursuit model, PDEs

Two Scenarios



Improved Results
with same assumptions

Low Dimensionality Low Complexity

• Substitute  with low Minkowski dimension 

• Substitute  with the minimum of each component 

• Significant Improvement!
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Proof Sketch
Oracle Inequality

• (A): Approximation Error 

• (B): Generalization Error 

• (C): Bellman Estimation Error



Summary

• Deep Adversarial Offline RL Framework 
deep neural networks, sequential data, partial coverage 
  

• Non-Asymptotic Rate for the Estimation Error 
mild assumptions, explicit illustration 
  

• Mitigate the Curse of Dimensionality 
low-dimensional data structures or low-complexity target functions

Thanks


