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Introduction Stage 2: Identifying Suboptimal Segments Results
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States: Two RGB images (R3**84%3)  end-effector position (R3), rotation N2, 5?)
(R*), and gripper status (R1). Actions: R vector with six delta end-effector
motions and a binary gripper command.

Distance as a Proxy for Quality

de = J (2% — u?) @) 1(z? — u?)

The distance plot reflects demonstration quality over time, with higher distances

indicating lower-quality segments.
Stage 1: Behavior Cloning For Error Discovery (BED) > .
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