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Emoticon Vectorization Algrorithm

WU Chenxi, CHEN Duansheng

(College of Computer Science and Technology. Huagiao University, Xiamen 361021, China)

Abstract;  In order to judge the emotional orientation of Weibo more objectively and accurately, an emoticon-
vectorization algorithm is proposed. Firstly, the initialization emoticon vector isimproved from random genera-
tion to a vector containing emoticon semantic information; Secondly, the randomly generated negative samples
are used to improve the generalization performance. Through qualitative and quantitative analysis, the algo-
rithm can preserve the semantic information of emoticons. Compared with the plain text sentiment analysis that
ignores emoticons, sentiment analysis of Weibo incorporating emoticon information in Weibo text can improve
the accuracy of Weibo sentiment classification .
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Fig. 1 Emoticons widely used in microblogs Fig. 2 Classfication of emotion
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Tab.1 Emoticon and its sentiment orientation
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Tab. 2 Sample set of emoticon
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Tab. 3 Nearest emoticons and vocabulary in vector space from target emoticons
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Fig. 4 Classification model based on convolution neural network
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