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Aspect Sentiment Analysis for Chinese Commodity Reviews
Based on ChineseBERT and Bidirectional Attention Flow

HU Xiaoli' ,ZHANG Yuxian®"* ,HUANG Sirui®

(1. School of Computer Science and Information Security, Guilin University of Electronic Technology, Guilin, Guangxi, 541004,
China; 2. Business School, Guilin University of Electronic Technology, Guilin, Guangxi, 541004, China;3. Guangxi Key Laboratory
of Trusted Software, Guilin University of Electronic Technology,Guilin, Guangxi,541004,China)

Abstract; Accurately classifying the sentiment polarity of various aspects contained in user reviews in E-com-
merce platforms can improve the effectiveness of purchase decisions. Therefore,a sentiment analysis model of
Chinese product reviews based on ChineseBERT and Bidirectional Attention Flow (BiDAF) is proposed.
Firstly,the word embedding of the review text and the aspect text is obtained by the ChineseBERT pre-
trained language model that integrates pinyin and glyph,and the semantic information of the review text and
the aspect text is represented by the Transformer improved from two aspects of position coding and memory
compression attention. Then, the bidirectional attention flow is used to learn the relationship between the re-
view text and the aspect text,and find out the words corresponding to the key information in the review text
and the aspect text. Finally, the outputs of Transformer and bidirectional attention flow are simultaneously
input into Multilayer Perception (MLP) for information cascade and sentiment polarity classification output.
The test results show that the accuracy of the proposed model on the two data sets is 82. 90% and 71. 08% ,
respectively,and the F1 scores are 82. 81% and 70.98% respectively.

Key words: product reviews;aspect sentiment analysis; word embedding model;attention mechanism; bidirec-

tional attention flow
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