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• on-policy: policy is updated with data collected by itself.

• off-policy: Behavior policy ≠ Policy used for action selection

• offline: utilize previously collected data, without additional online data collection



Background 

on-policy methods off-policy methods

Examples: Q- learning, DQN, DDPGExamples: Policy Iteration, Sarsa, PPO, TRPO
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Motivation

• offline RL is very appealing in a range of real-world domains.

• real-world exploration with untrained policies is costly or dangerous,
but prior data is available.

• prior methods generally by constraining the policy or regularizing the learned 
value function to avoid out-of-distribution actions. 



Offline Dataset Introduction 

D4RL 离线强化学习数据集

https://sites.google.com/view/d4rl/home

特点：

• 无指向性和多任务数据

• 窄的数据分布

• 不是RL policy产生的数据

• 包含次优轨迹的数据

https://sites.google.com/view/d4rl/home


Preliminaries

➢ goal: to obtain a policy that maximizes the cumulative discounted returns.

➢ offline RL:



Expectile Regression

Figure 1: expectile regression.
tau = 0.5 corresponds to the standard MSE loss, 
tau= 0.9 gives more weight to positives differences.



In-Sample Q-learning

aim to entirely avoid querying out-of-sample actions:

if the dataset has unlimited capacity and no sampling error, the optimal 
parameters should satisfy



Learning the value function with expectile regression

• use expectile regression to modify the policy evaluation objective

• “lucky” sample: a large target value might not necessarily reflect the 
existence of a single action that achieves that value
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