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Attribute Classification towards Question-Answer TextName'?

Minggqi Jiang, Chenlin Shen, Shoushan Li
(School of Computer Science and Technology, Soochow University, Suzhou, Jiangsu 2150086,
China)

Abstract: Attribute classification is an important research task in aspect-based sentiment classification. It aims at
classifying the category of attribute automatically. Most existing studies for attribute classification mainly focus on
text styles like news and reviews. Unlike these studies, this paper focuses on a totally different kind of text, i.e.,
question-answer (QA) text pair. To perform attribute classification towards QA text pair, we propose a novel
approach called multi-dimension textual representation. Firstly, we segment the question text of a QA text pair into
sentences. Then, we leverage LSTM models to encode each sentence in question text and the whole answer text.
Finally, we leverage a CNN layer to extract important information in all sentences of question text and the whole
answer text. Empirical studies demonstrate the effectiveness of our proposed approach to attribute classification
towards question-answer text.
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Tab.1 Some examples in Taobao “asking people” with their attribute categories
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Fig.2 The overview of our Multi-LSTM+CNN model
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