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Finding Everyday Objects Using Physical-World Search Engines: a Learning—To-Rank Approach
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In this study, we focus on the learning-to-rank physical objects task, which involves retrieving target objects
from open-vocabulary user instructions in a human-in-the-loop setting. We propose MultiRankIt, which introduces
the Crossmodal Noun Phrase Encoder to model the relationship between referring expressions and target bounding
box, and the Crossmodal Region Feature Encoder to model the relationship between the target object and its
surrounding contextual environment. Our model outperforms the baseline method in terms of mean reciprocal

rank and recallQK.
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"Go to the hallway on level 1 that is lined with

wI and pull out the high chair closest to the wine bottles at the
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(a) “Go to the bathroom with a picture of a wagon and bring me the towel
directly across from the sink”

“Rank: 2

(b) “Go to the hallway on level 1 that is lined with wine bottles and pull out the
high chair closest to the wine bottles at the second table from the door”

= - f -4 L - 3 =

Ground Truth Rank: 1
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