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[ Abstract] Aspect extraction is a key step in sentiment analysis tasks. With the rapid development of the Internet, the data of short
has increased rapidly, and it is important to organize and make use of those. The main work of this paper is as follows: For the
particularity of short text, this paper proposes a short text model WESM. Different from the existing models, this paper introduces a
vocabulary co—occurrence network to enrich the context information of the vocabulary. As for Chinese data, the cw2vec model has
been introduced, which will make full use of the context semantic information; in order to improve the lack of contextual semantics
of short texts, this paper introduces a self—attention mechanism, which can enrich the contextual semantic information of the model
and increase the weight of the terms. In the process of clustering, the influence of non—aspect words is reduced. Compared with the
traditional extraction algorithm, the performance has been significantly improved.
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