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Cross-modal Hash Retrieval Based on Text-guided Image Semantic Fusion

GU Baocheng and LIU Li

School of Computing, University of South China, Hengyang, Hunan 421001, China
Abstract Hash-based cross-modal retrieval algorithm is characterized by low storage consumption and high search efficiency,and
the application of cross-modal hash retrieval in multimedia data has become a current research hot-spot. At present, the main-
stream method for cross-modal hash retrieval is to study the learning ability of intermodal hash codes.,ignoring the feature lear-
ning ability and semantic fusion ability between different modes. This paper transforms the image-text matching problem in Clip
into pixel-text matching problem,the text features query image features through Transformer decoder,encourage text features to
learn the most relevant image pixel level information,and the pixel-text matching score guide image modal feature learning, dig
out the deeper related semantic information between different modalities,and introduce binary cross-entropy loss function to im-
prove the semantic fusion ability between modalities. High-quality binary hash codes can be obtained when high-dimensional fea-
tures are mapped to a low-dimensional Hamming space. Comparative experiments are carried out on MIRFLICKR-25K and NUS-
WIDE datasets,and the experimental results show that the present algorithm model performs better than the current mainstream

algorithms under hash codes of different lengths.
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Fig. 1 Structure of the proposed model
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Table 1 Comparison results on MIRFLICKR-25K dataset

4 3k mAP
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Table 2 Comparison results on NUS-WIDE dataset
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Table 3 Results of feature extraction methods

12T T21
no_clip 0.7854 0.7983
use_clip 0.9078 0.9211
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Table 4 Experimental results of whether or not Transformer

Decoder is used
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use_Decoder 0.9078 0.9211
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Table 5 Query visualization on MIRFLICKR-25K dataset

Query Results
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