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Motivation

 Reinforcement Learning from Pixels

Challenge:

High dimensional observation

Limited interaction with the 
environment

Lower sample efficiency 
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Motivation

 Previous Sample-Efficient RL Methods

1.Auxiliary task:

contrastive learning (e.g., CURL [1])
Predicting future states (e.g., SPR [2])
Maximize the mutual information (e.g., CPC [3])
Image reconstruction (e.g., Yarats et al. [4])

2.Image augmentation(e.g., RAD [5], DrQ [6]):

Crop, shift, intensity, …

Problem: Limited experience 
is still deficient in the 
representation learning.

Help state representation learning

Increase data diversity from appearance

Problem: It cannot enrich the 
experienced trajectories 
(state-action sequences) in 
training.
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Method:Overall Framework

 Idea:
Create some virtual “experience” 

Boost representation learning

Sample efficiency

Overall Framework:
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Method:Auxiliary task

 Dynamics Model(DM)

real trajectory:

 Backward Dynamics Model(BDM) & Cycle Consistency Constraint
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Method

 Backward Dynamics Model(BDM) & Cycle Consistency Constrain

Cycle Consistency loss:

Dynamics Model(DM)         :

Backward Dynamics Model(BDM)       :

:A distance metric on space 

:Sample     sets of actions in the action 
space

:a set of 
randomly sampled actions.
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Method:Overall Objective

The loss of Rainbow or 
SAC.

7/16



Algorithm

collect interaction data

Cycle Consistency

train the DM and policy
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Experiments:Comparison on Atari Human-Normalized Score(HNS):
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Experiments:Comparison on DMControl
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Experiments:Ablation Studies
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Experiments:Ablation Studies
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Discussion

 Corrected Augmentation for Trajectories (CAT)[2]

[2] Antotsiou D, Ciliberto C, Kim T K. Adversarial Imitation Learning with Trajectorial Augmentation and Correction[J]. 
arXiv preprint arXiv:2103.13887, 2021.
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Discussion

 EncDecInv-Cat

Cat

Expert dataset

Discriminator

reward
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Discussion
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Thanks


