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3 Given: Expert Demonstrations. Learner has N ,¢¢ offline expert trajectories and interactive state-wise
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When annotation cost is measured per state, interactive IL algorithms can oo . N e
provably outperform Behavior Cloning (BC). (1) We show Stagger, a one- Sample Efficiency and Annotation Cost u: recoverability N
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settings; (2) We propose Hybrid IL, combining offline demonstrations with Realizable Expert Policy Suboptimality Annotation Cost Type Cold Start Covariate Shift Number of Expert Annotations
interactive annotations, and introduce Warm-Stagger (WS), which e WS(200) === WS(800) === W5(3200)
achieves lower annotation cost compared to BC and Stagger in a toy MDP Behavior Cloning Hlog(B) HN Offline A Q — Stagger 3¢ — Expert
motivated by practical applications; (3) Experiments on continuous-control (BC) [FBM24] N ¢ off Trajectories |
tasks show that both interactive and hybrid methods outperform BC. Theorem: For the above MDP, the following happens:
ot (ours| uHlog(B) CN Interactive BC with Ny¢e = Q(S) offline trajectories is Q(H) suboptimal.
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Behavior Clonlng and Covariate Shift 58 N, int State-wise Stagger with N, = Q(HS) interactive annotations is Q(H) suboptimal.
. S . ,
Imperfect Trained Policy -> Unseen States -> Inability to Recover og(B) _log(B) Warm-Stagger with Nogr = O (E)’ Nine = O(1) achieves expert’s performance.
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Learner adaptively queries expert for demonstrations [RGB11]. o N 3000 -
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