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Research on the Classification Model of Pre-fusion Chinese
Emotion Tendency based on LSTM

WANG Ling, TAO Hongcai
(School of Information Science & Technology, Southwest Jiaotong University, Chengdu 611756, China)

Abstract ; Users can express their own opinions and emotions on the Internet platform for movies, news, etc. , provide
other users with reference opinions on consumption of the product, and help product strategists to formulate effective
product consumption strategies. At present, although for the classification of Chinese affective tendencies, deep learning
method has made achievements, especially Long Short-Term Memory Model ( LSTM). The network is a time series mod-
el, which can well understand the comment semantics and grasp the emotional tendency contained in the comment.
However, it has the problems that the emotional information of emotional words cannot be highlighted in the construction
stage of word vector and the emotional tendency analysis of text cannot be carried out for different scenes. For this, a
LSTM pre-fusion emotional tendency classification model is proposed in this paper, which uses emotional labels of emo-
tional words to modify the emotional words vector, solves the problem that emotional words vector can not highlight emo-
tional information, and integrates the brief introduction of the movie as an input feature into the final sentence feature
vector to achieve the emotional tendency classification of specific movie news scene comments. The experimental results
show that the novel model is better than the basic LSTM model, and can capture the emotion information of comments
more accurately.

Keywords : classification of emotional tendency ; LSTM ; emotional words vector; pre-fusion model



