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Abstract

Cross-modal retrieval aims to retrieve data in one modality (such as text or images) based on an-
other modality. Traditional cross-modal retrieval methods primarily rely on modality alignment
and similarity measures to achieve feature matching across multiple modalities. This paper pre-
sents an innovative sorting-based cross-modal retrieval method that optimizes the cross-modal re-
trieval process by introducing ranking loss, allowing items with higher relevance to the query to be
prioritized in the results, thereby enhancing cross-modal retrieval effectiveness. Experimental re-
sults demonstrate that the introduction of ranking loss significantly enhances the performance of
cross-modal retrieval, particularly excelling in text-image matching tasks. This work provides a
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new methodological perspective and a solid technical foundation for future research in the field.
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Figure 1. Cross-modal retrieval framework based on ranking loss
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Figure 2. Mapping images and text to the embedding representation space using CLIP
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Table 1. Dataset statistics on Flickr30K
%z 1. Flickr30K HEENZIHER

HHEE Queries LabeledObjs Features LabelLevls
MI[E3S 29,000 609,000 1024 2
BHIFER 1000 21000 1024 2
IR S 1000 21000 1024 2
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LambdaRank [10]. NeuraINDCG [11]. ListNet [12]F1 RankNet [13], £/ ME%5 1) Recall@10 f&45 2%
T CLIP. iIX—£5 R I0 NI, JEH 2 E BIE A R A 551, RankNet ] Recall@10 tt CLIP & i 5.13%,
HBE— DA B TR HER S B TS A A 2R 1A U

Ak, X PUANFELR VA AR RIS R Recall@5 FRIUE B EH T NG s SRS R 74
DCCA [3]F1 CMPM [4]. #EJl/& NeuralNDCG 7E LA & H 1) Recall@5 ik DCCA iA 158.7%, KA
LA G s s s, BT HEF BUR AL REDS BB 3R TG RABUR, BRI T AU ik et Rt 53524 17
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Table 2. Performance comparison (R@K(%)) on Flickr30K
%= 2. AR5 A Flickr30K R4 _FRYMERELLEL

oss AR HIFTioeS
Recall@1 Recall@5 Recall@10 Recall@1 Recall@5 Recall@10

LambdaRank 20.02 75.70 91.74 12.48 52.14 74.66
NeuralNDCG 23.14 80.20 92.25 13.52 57.04 76.54
ListNet 21.82 80.14 92.16 13.82 57.50 76.42
RankNet 20.02 76.84 92.06 13.22 55.24 77.46
DCCA 12.60 31.00 43.00 16.70 39.30 52.90
CMPM 29.10 56.30 67.70 37.10 65.80 76.30
CLIP 29.46 83.46 90.30 16.16 58.56 73.68
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