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A Contrastive Clustering Method of News Events Incorporating Event
Knowledge
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(1.Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming, 650500, China;
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Abstract: News event clustering aims to mine several event clusters of different topics from massive news texts. At present, event
clustering is mostly based on text semantic representation, ignoring the guiding role of event knowledge. Due to the iterative process
of representation learning and target clustering, it is not only easy to cause error accumulation, but also can only deal with offline
tasks, which limits the processing of real-time news data. To solve the above problems, this paper proposes a contrastive clustering
method of news events incorporating event knowledge. On the basis of text representation, this method incorporates event key infor-
mation to enrich event representation. The cluster label is used as the representation, and contrastive learning is performed at the in-
stance level and the cluster level. The representation and cluster assignment are jointly learned in an end-to-end manner to realize the
clustering of data streams. Experimental results show that the proposed method improves by 3% compared with other baseline mod-
els.
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Fig. 1 Different news events in massive news data
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Fig. 2 Diagram of the NECC model architecture
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Fig. 3 Diagram of BERT named entity recognition model
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