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Abstract In recent years,the topic sentiment model as an important research in the field of unsupervised learning,has been used
in text topic mining and sentiment analysis. However, Weibo has brought some challenges to the topic sentiment model because of
its short text and in complete structure. Therefore, the related research and improvement work of this paper will be carried out
around the topic sentiment model of Weibo. We introduce the word vector technology to the popular model-TSMMF (topic senti-
ment model based on multi-feature fusion), use multivariate Gaussian distribution to sample neighboring words fast from the
word embedding space, and replace the words generated by the Dirichlet multinomial distribution. Thus, the words with low
cooccurrence frequency and less information will be transformed into words with prominent topic and clear information. At the
same time,the nearest neighbor search algorithm is used to further improve the running speed of the model when processing large-
scale Weibo corpus,and then the GWE-TSMMF model is proposed. The experimental results show that the average F1 value of
GWE-TSMMF model is about 0. 718. The sentiment polarity analysis is better than the original model and the existing main-
stream word embedding topic sentiment models (WS-TSWE and HST-SCW).
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Fig. 2 Performance comparison of KD tree and LLSH for the nearest

neighbour word search based on the number of PCA-dimension
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Fig. 3 Influence of the number of top words and the number of

PCA-dimension on sentiment analysis
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Fig. 4 Influence of topic number on sentiment analysis
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