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From offline RL to offline IL
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In most real-world applications:
• We may not know or hard to obtain a reward function
• Obtain optimal expert data is costly, dataset is small
• Could have a large sub-optimal dataset, composition is unknown

Expert dataset 
(small & costly)

Sub-optimal dataset 
(large & unknown)

Technical difficulties:
• BC policy generalize poorly if only trained on limited expert data
• Naïvely involving suboptimal data in imitation learning generally leads 

to worse performance 

Offline RL Offline IL

𝐷! 𝐷"
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l Kostrikov et al, Imitation Learning via Off-Policy Distribution Matching, ICLR 2020
l Garg et al, IQ-Learn: Inverse soft-Q Learning for Imitation, NeurIPS 2021
l Sasaki et al, Behavioral Cloning from Noisy Demonstrations, ICLR 2021

Behavior Cloning

ValueDICE&IQ-Learn

Use a learned ensemble policy to reweight policy 
learning. However, assume expert data occupy 
majority part.

Minimizing the KL-divergence between 
the policy state- action occupancies and 
the expert.

What about current IL methods that can work offline?
—They cannot deal with additional suboptimal data!

Behavioral cloning from noisy 
demonstrations (BCND)

Known to suffer from compounding errors.
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Two underlying tasks

BC task:

Discriminating task:

Expert dataset 𝐷!
(small & costly)

Sub-optimal dataset 𝐷"
(large & unknown)

May also contain 
expert data

We can do better via positive-unlabeled (PU) learning

Proportion of 
positive samples

Balance the impact of 
the second term

Still not good enough: both tasks lacks enough 
information to improve their performance
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Learn two tasks cooperatively

Add information from BC task to discriminator learning objective:

What benefit would this change bring to us?

• Loss ℒ! is now functional of BC policy 𝜋

• We are interested to see how the variation of 𝜋 impact ℒ!

• To more robustly learn 𝑑, we make 𝜋 challenge 𝑑

à Learning 𝑑 through minimizing ℒ! becomes harder  

à Find maxima of ℒ!’s functional 𝐽 𝜋

• Add ℒ" to the BC task:
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DWBC

Generalized BC objective:

d clip to [0.1,0.9]

Can learn with 
noisy expert data

Boost loss for optimal data 
in sub-optimal dataset



Experiments

• BC-pos: BC on expert data only.
• BC-all: BC on all data.
• BCND-all: Behavioral Cloning from Noisy 

Demonstrations (Sasaki & Yamashina, 
2021) on all data.

• ORIL: Offline Reinforced Imitation Learning 
(Zolna et al. 2020) on 𝐷! and 𝐷".

Baselines (adding the comparision with
recent work DemoDICE in the arxiv version):Performance of DWBC compared with other baseline algorithms

Dataset statistics
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Additional Advantage

Byproduct: offline policy selection 
by the discriminator

Computation Time

• The learned discriminator provides a new means for 
difficult offline policy selection

a) Learn a discriminator using DWBC
b) Use data from 𝐷$ and log 𝜋 (the testing policy) 

as input, compute average output value
c) Average output score indicates rank of the policy

• Computationally cheap! Only slightly more than 
original BC

• Simple to implement: only need to learn an 
additional discriminator through supervised learning

• No inverse RL or online/offline RL or policy ensemble
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