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High-level features are mapped to low-dimensional space:
Obtain embedded features after dimensionality reduction and weighting:

The final binary hash code is determined by selecting the maximum probability and obtaining the vector 
representation of the final hash code at once:

Positive sample pairs:  

Negative sample pairs:

Ø The significant semantic gap between different modalities often 
leads to inconsistent cross-modal representations, and much non-
critical information or noise can affect matching accuracy, resulting 
in similar images and texts being mismatched.

Ø When processing features, traditional hash layers often ignore the 
importance differences between different channels, which can lead 
to insufficient capture of key information and difficulty in effectively 
suppressing noise and redundant information. 

Ø When hash codes are generated, they often rely on a single 
optimization goal, which can lead to insufficient performance in 
cross-modal matching.

To deal with this challenge, we proposed a method called auxiliary 
hashing learning (AHLR) for cross modal retrieval. It signiffcantly 
improves feature extraction and alignment capability by introducing a
dynamic mask mechanism. By constructing an auxiliary hash layer to 
adaptively weight the features of each channel, the problem of 
channel information imbalance is solved, while the ability to capture 
key information is enhanced and noise interference is effectively 
suppressed.

Ø We propose a dynamic masking and auxiliary hash learning 
(AHLR) method for cross-modal retrieval, which can effectively 
enhance feature extraction and alignment capabilities, generate 
more detailed hash codes, and improve the accuracy of cross-
modal hashing retrieval.

Ø We introduce a dynamic masking mechanism to automatically 
select key information from images and text and weight it, thereby 
improving the accuracy of feature alignment and matching.

Ø We design an adaptive auxiliary hash learning cross-modal 
module that can adaptively weight the features of each channel, 
enhancing the retention of key information. Moreover, we 
introduce the contrast loss function to distinguish the similarity 
and heterogeneity of the samples and improve cross-modal 
semantic consistency.

Ø Extensive experiments on three benchmark datasets show that 
our AHLR outperforms state-of-the-art baselines, demonstrating 
clear performance advantages.
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Conclusion
We propose an auxiliary hash learning (AHLR) for cross-modal retrieval methods. 
By introducing a dynamic mask mechanism, the key information between different 
modalities is automatically selected and weighted to enhance the feature 
representation and semantic alignment between modalities. In addition, an auxiliary 
hash layer is constructed to adaptively weight the features of each channel, and
combined with the contrast loss function, AHLR can minimize the distance between 
similar samples and maximize the distance between heterogeneous samples, 
thereby improving the distinguishing ability of hash codes in cross-modal retrieval 
tasks and further improving the accuracy of retrieval. Comprehensive experiments 
have proved the effectiveness of this method. 

Auxiliary Hash Learning Module

top-K curveCross-modal Feature Learning Module
Image Feature: Use the Vision Transformer to extract deep features from the input image. By introducing 
a dynamic attention mask M, the key information of the image is automatically selected and weighted 
according to the length of the input  sequence, and the image feature representation �� = ���(��) is 
obtained through the Transformer encoder.
Text Feature: Use BPE for subword level encoding, also introduce dynamic attention mask M,and
finally obtain text feature representation �� = ���(��) through text Transformer encoder.

Loss Function
Contrastive loss is used to calculate the similarity between samples.
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