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Text Clustering Approach Based on Key Semantic Driven and Contrastive Learning

ZHANG Shiju' , GUO Chaoyang” , WU Chengliang® , WU Lingjun® and YANG Fengyu'"*
1 College of Software,Nanchang Hangkong University, Nanchang 330000, China

2 Jiangxi Province Aviation Manufacturing Digital Simulation Engineering Research Center,Nanchang 330000, China

Abstract Text clustering is the process of grouping a large amount of text data according to their similarities, which can help to
understand the structure and content of text data,and discover patterns and trends in it,and is usually used in the fields of infor-
mation retrieval and document management. Existing text clustering models have the problems of over-reliance on the quality of
original data and insufficient extraction of key information,and data of different categories overlap each other in the representa-
tion space. To solve the above problems,a text clustering method based on key semantic-driven and comparative learning (KSD-
CLTC) is proposed. In the process of data processing,a data enhancement module is used to enrich the original data to improve
the generalization,and a key semantic-driven module is designed to extract keywords from the text to make up for the loss of key
semantic information. In the feature extraction process,the pre-trained model and automatic encoder are used to characterize the
data with high quality. Then,in the cluster learning process, the cluster loss is combined with the reconstruction loss of key se-
mantic-driven modules to further learn the feature representation more suitable for clusters,and the contrast learning module is
used to achieve better classification results. KSD-CLTC outperforms the comparative clustering algorithms on both public and in-
dustrial datasets,improving ACC by an average of 2. 92% and NMI by an average of 1. 99% across all datasets as compared to
the state-of-the-art SCCL method. The clustering results also demonstrate the importance of key semantic drivers for text cluste-
ring.

Keywords Information extraction,Denote space, Text clustering, Key semantic-driven,Contrastive learning
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Fig. 2 Impact of A on the performance of the method
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