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Interactive and Hybrid Imitation Learning: Provably Beating Behavior Cloning

The Benefit of Hybrid Imitation Learning

Sample Efficiency and Annotation Cost

Realizable Expert Policy Suboptimality Annotation Cost Type
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Continuous Control with Different Annotation Costs   

Our Contributions: 
First to highlight the benefit of state-wise interactive 
annotation and hybrid feedback in imitation learning.

Continuous Control Experiment with MLPs

Imitation Learning (IL)
Given: Expert Demonstrations.
Goal: Learn good policy for sequential decision making.
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Ant Hopper

Half Cheetah Walker

Stagger Behavior Cloning Expert

Hybrid IL

Imperfect Trained Policy -> Unseen States -> Inability to Recover
 

Behavior Cloning and Covariate Shift

The Cold Start Problem in Interactive IL

…..

Early Crashes -> Fail to Explore -> Limited Data Coverage -> Slow Learning

…..

When annotation cost is measured per state, interactive IL algorithms can 
provably outperform Behavior Cloning (BC). (1) We show Stagger, a one-
sample-per-round variant of DAgger, beats BC in low-recovery-cost 
settings; (2) We propose Hybrid IL, combining offline demonstrations with 
interactive annotations, and introduce Warm-Stagger (WS), which 
achieves lower annotation cost compared to BC and Stagger in a toy MDP 
motivated by practical applications; (3) Experiments on continuous-control 
tasks show that both interactive and hybrid methods outperform BC.

Learner has 𝑵𝐨𝐟𝐟 offline expert trajectories and interactive state-wise 
annotations up to 𝑵𝐢𝐧𝐭 times. Each offline (state, action) pair costs 1, 
and each interactive query costs 𝐶 ≥ 1.

𝑵𝐢𝐧𝐭𝑵𝐨𝐟𝐟
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Expert Annotation Costs (𝐶 = 2) Expert Annotation Costs (𝐶 = 2)
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Stagger Behavior Cloning Expert

WS(50)          WS(100)          WS(200) WS(150)          WS(300)          WS(600)

Ant Walker

Test: Deploy ෝ𝝅 in Episodic MDP ℳ with length 𝐻. 

𝑱 ෝ𝝅

Theorem: For the above MDP, the following happens: 
BC with 𝑵𝐨𝐟𝐟 = 𝛀 𝑺  offline trajectories is 𝛀 𝑯  suboptimal.
Stagger with 𝑵𝐢𝐧𝐭 = 𝛀 𝑯𝑺  interactive annotations is 𝛀 𝑯  suboptimal.

Warm-Stagger with 𝑵𝐨𝐟𝐟 = 𝑶
𝑺

𝑯
, 𝑵𝐢𝐧𝐭 = 𝑶 𝟏  achieves expert’s performance.
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Number of Expert Annotations
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Stagger                BC                 Expert                    

Wrong Action

Cold Start Covariate Shift

𝜇: recoverability

Learner adaptively queries expert for demonstrations [RGB11].

Training: Round 𝟏

Interactive IL and State-wise DAgger (Stagger)

Expert 𝝅𝑬 Steering 
from expert

Round 𝑵𝐢𝐧𝐭

…..

𝝅𝑬

Policy ෝ𝝅

𝟏 State-wise
Annotation
With cost 

𝑪 ≥ 𝟏

Yichen Li and Chicheng Zhang
University of Arizona 

𝑵𝐨𝐟𝐟

Training: Policy ෝ𝝅 in class 𝑩 [YL18]
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