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Study on Text Retrieval Based on Pre-training and Deep Hash
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Abstract Aiming at the problem of low retrieval efficiency and accuracy in text retrieval,a retrieval model based on pre-trained
language model and deep hash method is proposed. Firstly, the prior knowledge of text contained in the pre-trained language
model is introduced by transfer learning,and then the input is transformed into high-dimensional vector representation by feature
extraction. A hash learning layer is added to the back end of the whole model to fine tune the parameters of the model by desig-
ning specific optimization objectives,so as to dynamically learn the hash function and the unique hash representation of each input
in the training. Experimental results show that the retrieval accuracy of this method is at least 21, 70% and 21. 38 % higher than
that of other benchmark models in top-5 and top-10.respectively. The introduction of hash code makes the model improve the re-
trieval speed by 40 times under the premise of only losing 4. 78 % accuracy. Therefore, this method can significantly improve the
retrieval accuracy and efficiency,and has a potential application prospect in the field of text retrieval.
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Table 3 Comparison of Feature-based and Fine-tune strategies
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Table 4 Results of benchmark model and other methods on test set
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Table 5 Experiment on anti-noise robustness of the model

(AL 2 20)
Proportion of noise data Top-5 Top-10
0 80. 34 82.43
5 80. 27 82.15
10 78.43 81.94
15 78.15 80.55
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