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• Given a data set of (X, Y) pairs, predict Y as a function of X.

• This is exactly supervised learning:

• Only use offline expert demonstration data.

Last time: Behavior Cloning (BC)



The Distribution Shift problem in BC

• This is fundamental to offline RL/IL.



How to prevent it?

• Naïve approach: expert demonstrations from all possible starting
states.
• Infeasible in practice.



Today: Interactive Imitation Learning



Online Imitation Learning

• Agent interacts with the real environment.

• At any time step 𝑡, agent at (𝑠! , 𝑎!).

• Agent can query a"⋆ = 𝜋⋆(𝑠!) from the expert.



Dagger (Dataset Aggregation) [Ross2011]



Dagger --- 0th iteration

Supervised Learning



Dagger --- 1st iteration



Dagger --- 2nd iteration



Dagger --- 3rd iteration



Dagger --- nth iteration



Performance of Dagger

• How do we quantify the performance of dagger?

• We need some tools from Online Learning/Online Optimization.



A Quick Intro to Online Learning



Online Learning



Online Learning



Online Learning
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Back to Dagger



The Dagger Algorithm



The Dagger Algorithm



The Dagger Algorithm

𝑡



The Dagger Algorithm

• Dagger is essentially doing online learning with the SL objective.



Analysis

• Recall the online learning regret guarantee

• This implies, for T=1/𝜖$, there exists a 𝑡 ∈ [𝑇], s.t.

• Recall ℓ! 𝜋! = 𝔼%∼'!" 1 𝜋! 𝑠 ≠ 𝜋 	⋆ 𝑠 , so we have
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Proof: Performance Difference Lemma: 1 − 𝛾 𝑓 𝜋 − 𝑓 𝜋" = 𝔼#,%∼'! 𝐴(
" 𝑠, 𝑎

Recall the analysis from last time
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“Recoverability”

We have from online learning 
𝔼!∼#!" 1 𝜋$ 𝑠 ≠ 𝜋 	⋆ 𝑠 ≤ 𝜖



Summary

• Dagger achieves the same performance to the full coverage approach 
with an adaptive procedure, avoiding the quadratic blow-up.

• Problem? Online Expert query can be expensive/impossible.

• Solutions? Better HCI design. Non-human Experts.



Non-human Expert



Non-human Expert


