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 A Policy-Guided Imitation Approach for 
Offline Reinforcement Learning



Background

The problem of offline RL：
      

                 
                 distributional shift

state   : 

action :

state distributional shift occurs only deployment phase.

action distributional shift occurs during both training phase 
and deployment phase.



Background

Two approaches

RL-based

Imitation-based

off-policy method with a regularization 
term or directly limit action of policy.

The core of both approaches is that the learned policy does not stray too far from the behavior policy.

The core difference of them is that RL-based methods learn a value function of policy while imitation-
based methods don’t.

performs some kind of imitation learning on 
the dataset, without off-policy evaluation.
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Motivation

RL-based methods have the ability of out-of-distribution generalization,
but is easily influenced by the value function misestimation.
 
Imitation-based methods are just the opposite, and more stable.

POR: a combination of RL-based and imitation-based methods

A state-stitching method with state value function



Motivation

green-arrowed lines : the offline dataset

red-arrowed lines : the trajectories obtained 
from state-stitching method

blue-arrowed lines : the trajectories obtained 
from action-stitching method

This shows the advantage of state-stitching methods

The main idea of POR: 
the guide-policy tells the agent which state to go, the execute-policy takes the action



Method

Learning the state value function:

When � = 1/2, this operator is equal to Bellman expectation operator, while
when � → 1, this operator approaches Bellman optimality operator. 

when � > 1/2, the loss gives more weight to larger values

Purpose：make state value function more distinct for different states



Method

Learning the guide-policy:

In addition to maximizing the guide-policy with respect to V (s), 
consider whether it can be done
An alternative learning objective that eliminates the need of � :

Learning the  execute-policy:

learning objective during training:

During evaluation:



Method
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Method

Note that the training of guide-policy and execute-
policy are fully decoupled



Experiment

POR performs competitively to the best performance of prior methods in high-quality datasets, 
while achieving much better performance than other methods in low-quality datasets



Experiment

At the non-overlapped area, �(�) has a much higher value than �’, 
which proves the useful generalization of �(�)

The distribution of �(�) bears some similarity to the distribution of �’

 Validation Experiments on Out-of-Distribution Generalization



Experiment

Improve guide-policy by additional suboptimal data

�� : a small yet high-quality dataset(original)
�� : a supplementary large dataset
main : only use �� to train 
more : use �� ∪ �� to train
mix : keep the execute-policy learned from ��,  use �� ∪ �� to re-train the guide-policy 

One possibility : More trajectories make �(�) more exact accurate.



Experiment

First train � and � to solve task A, then in task B and task C, re-train � and reuse � in task A

Task A Task B Task C

This result shows the strong adaptation ablity of the guide-policy � for different tasks,
as well as the generalization ability of the execute-policy � across different tasks.



Discussion

Why One-step and IQL are imitation-based methods?

The key to judging whether an algorithm is a imitation-based method is the existence of policy evaluation.

IQL:CQL:



Thanks


