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Propose: principled algorithm for Diverse Offline Imitation (DQOI) learning Online 3) Relaxed constraints yield increased diversity,
Evaluation albeit at the expense of performance loss.
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state-only expert dataset 4) DOI skills trained in SIM (with domain randomization) are successfully

deployed in the Real System.
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Relaxed Problem Formulation
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Algorithmic Approach Limitation: 6) Not all learned DOI skills are robust. Selection is required.
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