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What kind of downstream tasks might benefit from 
representation learning?

Limited expert demonstration, much undirected experience

π( ⋅ |ϕ(s))• Offline RL: 𝒟
Expensive/unavailable environments (e.g., recommendation systems)

π( ⋅ |ϕ(s))• Online RL: Env

Potentially in partially observable environments
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Inverse model:

Forward raw model:

Forward latent model (DeepMDP):

Forward energy model:

Temporal contrastive learning (TCL):

Attentive contrastive learning (ACL): BERT-style contrastive learning of

Value prediction network (VPN):

Deep bisimulation:
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predict action 

predict reward & future state

predict future reward & value function

state distance  bisimulation distance↔

contrast two state representations
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Breadth Study

17

• Representation learning on average improves imitation learning, offline 
RL, and online RL tasks by 1.5x, 2.5x, and 15% 

• Forward models of future representations (e.g., DeepMDP, Bisimulation) 
exhibit poor performance 

• Contrastive self-prediction (e.g., ACL, TCL, VPN) works the best 
• What is important in representation learning? Reward/action prediction? 

Direction of prediction? Momentum?
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r0 r1 r2 r3

a0 a1 a2 a3

s0 s1 s2 s3

maskr

maska

masks

e0 e1 e2 e3

1 − masks
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Questions?


