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In this paper, we focus on the learning-to-rank physical objects task. In this task, images of objects within large-
scale indoor environments are ranked based on open-vocabulary user instructions. We introduce the GREP module
to construct visual features considering image, target object, relative positions, and pixel granularities. Additionally,
we introduce the RCS module to efficiently learn from redundant images taken in the indoor environment. Our
method outperformed baseline methods on the newly constructed YAGAMI dataset and an extended LTRRIE-
subset, showing significant improvements in the standard metrics.
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Methods YAGAMI dataset LTRRIE-subset
MRR [%] 1+ R@5 [%] T RQ10 [%] 1+ MRR [%] 1 RQ@5[%] T RQ10 [%] 1
CLIP [Radford 21] 19.0 16.4 25.4 31.6 29.8 42.4
MultiRankIt [Kaneda 24] 18.7%0.8 17.3£1.3 30.4%+1.1 32.442.9 31.941.8 44.9%2.6
Ours 25.7+1.7 24.5+1.1 36.241.7 37.442.2 35.3+2.1 50.3+3.8
# 2: YAGAMI dataset ¥ LTRRIE-subset {281} % Ablation study DFE5HR
Model Conditions YAGAMI dataset LTRRIE-subset
ReCo hpx hsp MRR [%] T R@5 [%] 1 R@I0[%] 1T MRR [%] 1 R@5[% 1+ RQ@10 [%] 1
(i) v v v 257417 24.5%41.1 36.2+1.7 37.4+2.2  35.3%2.1 50.3+3.8
(ii) v v 24.941.3 23.642.0 35.2+1.4 36.84+2.3 34.8+1.9 51.3+2.4
(iii) v v 23.0+1.0 22.7+2.7 34.8+2.5 32.1+2.7 29.9+1.9 45.2+1.2
(iv) v v 22.3+1.1 21.0£1.3 31.5+1.7 35.040.9 35.0£1.2 51.5+1.9
(a) Please look at the leftmost (b) Carefully read the writing on 5- B b D ":

of the three potted plants
placed on the shelf.

the whiteboard on the wall.
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