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The Topic Mining Based on Word Embedding Characteristics Clustering

CAO Zhonghua' HUANG Xin' PENG Wenzhong” LIU Yuanchun'
(1. School of Software Jiangxi Normal University Nanchang Jiangxi 330022 China;

2. School of Information Management Jiangxi University of Finance and Economics Nanchang Jiangxi 330032 China)

Abstract: Data clustering is a common unsupervised learning method which can be used to mine topics through

word embedding clustering. However most researchers used conventional clustering algorithms to mine the cluster of

word embedding. There is still a lack of research on the design of clustering algorithm based on word embedding

characteristics to mine text topics. In the paper a word embedding clustering algorithm is designed based on the lan—

guage model which gathers the embedding representations of related and similar words by learning the relevant in—

formation. The algorithm first calculates the cluster number of the central word and then enhances the similarity be—

tween the cluster central and the related words at the same time keeps it away from the negative sample word.

Therefore it can learn the word embedding cluster structure of the text set and be used to mine text topics. Experi-

ments on three public datasets show that the algorithm can mine topic results with better coherence and diversity in

some

models of word embedding.

Key words: word embedding; clustering; language model; text topics



