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Motivation FADA framework Results: few-shot hardware adaptation

Same task. Different dynamics. (a) Oracle Training (c) Data Collection

A new environment can break precise control. privileged
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24.7% lower error vs. zero-shot; CoPred worsens all 5 tasks.

Intended motlon o e - -
° o Train IDM Target adaptation 20 trials/task; ~2 min adaptation; TF—DAgger = 1.0 (Table 2).
\/\/ — O - Qe Use all behavior, including suboptimal rollouts. -
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Use expert action targetS' hold IDM weights fixed.
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