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Abstract: In response to the problems of question and answer text of automobile fault such as
sparse text features, incomplete semantic information and difficulty in extracting deep-level
semantic features, a multi-layer attention convolution long short-term memory network model
(CACL) was proposed on the basis of the semantic co-occurrence of question and answer for
question classification. Firstly, the vector space model was employed to calculate the co-

occurrence words with semantic similarity in the question and answer text. Secondly, the
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features of co-occurrence words in the question text were focused through the attention
mechanism. Then., the convolutional neural network (CNN) was input to extract partial
features of the questions and long short-term memory network (LSTM) and word-level
attention mechanism were used to capture both long-distance features as well as the higher-level
features of text. Finally, Softmax was capitalized on to classify questions. The results show
that compared with the mainstream question classification methods, this method can effectively
improve the accuracy of question classification by up to 10. 04 %. At the same time, it is found
that the model has the best processing accuracy when 11 valid co-occurrence words from the
question text are selected. The reasonable use of co-occurrence words with semantic similarity
in the question and answer text can effectively enhance the classification performance of
automobile fault problems, and the number and source of co-occurrence words have a certain
influence on the classification accuracy.

Keywords: community question answering; semantic co-occurrence; question classification;

attention mechanism of co-occurrence words; long short-term memory network
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Fig. 1 Model structure of CACL
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