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Abstract: As the traditional Single-Pass clustering algorithm is highly sensitive to the input sequence of data and has low
accuracy, an incremental text clustering algorithm (SP-HTD) is proposed, which takes subfz)pics as granularity and
considers the dynamics, timeliness, and contextual semantic features of news texts: Firstly, by parsing the LDA2Vec topic
model, this study jointly trains the document vectors and the word‘ vectors to obtain the context vectors and thus fully
mines the semantic features and importance relationship of the text. Then, on the basis of the Single-Pass algorithm, sub-
topics are classified according to the extracted hot topic feature words, and the time threshold is set to confirm the
timeliness of the cluster center, The 'fnirled semantic features and tasks are combined to dynamically update the cluster
center. Finally, with the assistance of the time characteristics, the centroid vectors of the topics are updated to improve the
accuracy of text similarity calculation. The results reveal that the F value of the proposed method can reach up to 89.3%,
and on the premise of ensuring the clustering accuracy, the proposed method has a significantly lower undetected rate and
false detection rate compared with those of the traditional algorithm, and thus it can effectively improve the accuracy of
topic detection.
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