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Imitation Learning
Given expert demonstrations
Learn  that recovers :π π*

Limited & Hard to obtain

(e.g., involves human expert)

𝒟π*

Behavioral cloning:



Suboptimal Offline Data
Large amounts of suboptimal offline data
How can  provably facilitate imitation learning?𝒟off

𝒟off

• Highly suboptimal (e.g., random policy)

• Single modal (e.g., collected by one stationary policy)



TRAIL: Transition Reparametrized Actions

𝒟off
{(s, a, s′￼)}

Tz ∘ ϕ(s, a)(1)

Pretraining

Factored transition model



TRAIL: Transition Reparametrized Actions

𝒟off
{(s, a, s′￼)}

Tz ∘ ϕ(s, a)(1) πα (a |s, ϕ(s, a))(2)

Pretraining

Action decoder
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𝒟off
{(s, a, s′￼)}
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{(s, a)}
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Sample Complexity of TRAIL

So far, our analysis is based on tabular latent actions. 

What about continuous latent actions and stochastic expert policy?



linear: Tz = w(s′￼)⊤ϕ(s, a)

TRAIL with Linear Transition Dynamics
deterministic



linear: Tz = w(s′￼)⊤ϕ(s, a)

TRAIL with Linear Transition Dynamics
deterministic

easier to optimize compared to:
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Learning TRAIL in Practice

TRAIL EBM:

Tz ∘ ϕ(s, a)(1) πα (a |s, ϕ(s, a))(2) πZ (ϕ(s, a) |s)(3)

TRAIL linear:

recover  with random Fourier features:ϕ̄

πα πZand are neural-network parametrized Guassian policies.

contrastive learning



Experiments
cartpole-swingupantmaze-large ant cheetah-run fish-swim walker-stand walker-walk humanoid-runantmaze-medium

Expert Dπ*

Suboptimal Doff

expert 10 trajsexpert 10 trajs expert 10 trajs expert 10 trajs

antmaze-large-diverse antmaze-medium-diverse antmaze-medium-playantmaze-large-play

Expert Dπ*

Suboptimal Doff

ant-expert 25kant-expert 10kant-expert 25kant-expert 10kant-expert 25kant-expert 10k

ant-randomant-medium-replayant-mediumant-medium ant-medium-replay ant-random



Experiments - DM Control Suite

Dπ* cartpole-swingup ~20%

Doff cartpole-swingup 80% cheetah-run 80% fish-swim 80%

walker-stand 80% walker-walk 80% humanoid-run 80%

cheetah-run ~20% fish-swim ~20%

walker-stand ~20% walker-walk ~20% humanoid-run ~20%Dπ*

Doff



Recap & Conclusion
• How to utilize additional offline data for imitation learning?


- Learn action representations.

• What if the offline data is highly suboptimal or unimodal?


- Learn transition model as opposed to temporal skills.

• Representation learning + imitation learning as an alternative to offline RL?


- Beneficial especially in the absence of reward labels. 
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