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Ablation Study. Below is a visualization of part of the results,
supplemented with quantitative data analysis.

Imagine a scenario where robots tidy up a table, and
humans expect the robots to do so according to their prefer-
ences.
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» We integrated a customized version of POG, an algorithm
for efficient sequential manipulation planning on scene '
graphs, to enhance the plans generated by the LLM planner.
Additional objective functions:

three types of prefer-
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o ICLHF algorithm can learn human preferences in
situ and combine them with physical constraints.

« Abenchmark that incorporates human preferenc-
es into the evaluation is introduced.

» Extensive experiments were conducted to vali- E
date the effectiveness of ICLHF. Homepage
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; s A e ' Real Robot Experiments. The task was to tidy up the table.
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