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[Abstract] The goal of cross-modal retrieval is that the user /gives any sample as a query sample; then, the system
retrieves and feeds back various modal samples related«to the query sample. Multi-modal fine-grained retrieval
emphasizes that the number of modalities is greater than two and the granularity of classification is the fine-grained sub-
category. This paper introduces the concepts of modal specific features and modal shared features and proposes the
MS2Net framework. The branch network and backbone network are used to extract the modal specific features and
modal shared features of different modal data.Then, the two features are fully fused through the Multi-Modal Feature
fusion Module(MMFM ).Meanwhile, the semantic information contained in the high-dimensional space vector is greatly
increased by using the unique information of each mode and the commonness and relationship between different modal
data.In addition, for the multi-modal-fine-grained retrieval scenario, based on center loss, this paper proposes multi-
center loss, introduces the inner-class:center to gather the samples of the same category and the same mode, and then
indirectly gathers the samples of'the same category but different modes by aggregating the inner-class center. This
reduces the heterogeneous gap and semantic gap between the samples. It clearly enhances the clustering ability of the
model to high-dimensional spatial vectors. Finally, the experimental results of one-to-one and one-to-multimodal
retrieval on the FG-Xmedia public dataset show that, compared with the FGCrossNet method, the MS2Net method
improves the mAP index by 65% and 48% ,respectively.

[Key words] information retrieval; multi-modal retrieval; fine-grained retrieval; multi-modal representation learning;
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Table 1 F1-score values of multi-span modal

supervised classification

Ik Image Video Audio Text
ResNet-50 0.795 0.433 0.581 0.166
MixNet-S 43 ¥ 0.832 0.465 0.627 0.334
MS2Net 0.872 0.548 0.686 0.584
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Table 2 mAP values of one-to-one cross-modal retrieval
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Table 3 mAP values of one-to-all cross-modal retrieval

Bk [>ALL V—ALL A—ALL T—ALL ¥

MS2Net 0.710 0.456 0.538 0.732 0.609
FGCrossNet!™  0.549 0.196 0.416 0.485 0.412

MHTN?# 0.208 0.142 0.237 0.341 0.232
GSPHP" 0.387 0.103 0.075 0.312 0.219

JRL! 0.344 0.080 0.069 0.275 0.192
CMDNP! 0.321 0.071 0.014 0.229 0.159
ACMR!! 0.245 0.039 0.041 0.279 0.151
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Table 4 Ablation experiment results of one-to-one cross-modal retrieval

Fk >V I>A T Vol VoA

V=T A—=1 AV AT T-1 TV T-A ¥HE

MMFE 0.793  0.450 0.453 0.485

MMFE+MMFM 0.817 0.619 0.544 0478 0.437
MMFE+MMFM+Multi-Center ~ 0.836  0.629 . 0.547 0.537  0.304

0.793 0.464 0464 0.278 0485 0.492° 0.275 0.483
0.817 0.620 0.607 0.319 0.478 0.473 . 0327 0.548
0.836 0.627 0.657 0.426 0.537 = 0.570, 0.405 0.604

x5 —WEBEESKENHAIRER
Table 5 Ablation experiment results of one-to-all

cross-modal retrieval

- V5 A—> T
g 1%
ik ALL /ALL ALL ALL 4fi

MMFE 0.601 0.362 0.337 0.594 0.473

MMFE+MMFM 0.683 0.383 0.509 0.675 0.562

MMFE+MMFM+Multi-Center 0.710 0.456 0.538 0.732 0.609
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Fig.3 ~Schematic diagram of clustering result of dimensionality reduction visual view
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