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Abstract

This paper focuses on the long-tail distribution problem in image retrieval and proposes a deep
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hashing retrieval framework based on data augmentation. Traditional image retrieval techniques
often rely on manual or automatic annotation; however, the semantic gap between textual descrip-
tions and images, coupled with the continuous growth of data volume, has made retrieval efficiency
and cost major bottlenecks. Deep hashing technology leverages deep neural networks to automati-
cally extract image features and map them into binary hash code space, significantly improving re-
trieval efficiency. Nevertheless, the widespread presence of long-tail distributions in real-world
data leads to poor performance of deep hashing models on tail classes, especially on large-scale,
imbalanced datasets. To address this issue, this paper introduces diffusion models as a generative
technique to enrich data diversity by generating samples for tail classes, thereby mitigating the im-
pact of uneven data distribution and enhancing the model’s ability to recognize tail classes. Addi-
tionally, AttnDreamBooth fine-tuning technology is employed to optimize the quality of synthesized
data. By integrating this approach with deep hashing techniques, experiments on the Donghua Uni-
versity silk dataset demonstrate significant performance improvements. By balancing distribution
at the data level and strengthening training at the model level, the proposed method effectively ad-
dresses the negative effects of long-tail distribution on deep hashing retrieval, offering new insights
and practical directions for the field of image retrieval.
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Figure 1. Distribution of long-tail data and corresponding search results; (a) ImageNette’s long-tail data distribution; (b) Em-
pirical experimental results
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Figure 2. Deep hash retrieval framework based on data enhancement
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Figure 3. Long-tail data distribution of the Silk dataset
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Table 2. mAP comparison results of personalized fine-tuning techniques
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