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Sentiment Classification Towards Question-Answering Based on Bidirectional Attention Mechanism
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WU Liang-qing

Abstract Sentiment classification is a fundamental task in natural language processing, which aims at inferring the sen-
timent polarity of a given text. Previous studies for sentiment classification, mainly focus on sentence, document and
tweet text styles. Different from these researches, this paper focused on a novel text style,i. e. , question-answering
(QA) review, for sentiment classification. Firstly, a large-scale and high-quality QA review corpus was collected and
built. Then,a bidirectional attention neural network for QA sentiment classification was proposed. Specifically, the ques-
tion and answer text with Bi-LSTM were encoded respectively. After that, sentiment weights in question and answer
text were calculated synchronously by employing bidirectional attention mechanism. Finally, the sentiment matching

representation for each QA review with sentiment weights can be obtained. Empirical studies show that the proposed

approach achieves a great result (75.5% in Accuracy and 61.4% in Macro F1),and has remarkable improvement com-

pared with other baselines.
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Fig. 1 Model of bidirectional attention mechanism for QA sentiment classification
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