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Abstract: [Objective/Significance] Text sentiment analysis is an important branch of natural language processing. Combining
the advantages of deep learning model in feature extraction and the sensitivity of sentiment dictionary to identify the emotions
of emerging online words, this paper proposes an online text emotion classification model combining dynamic memory network
and sentiment dictionary. [Methods/Process] Emotion problem vectors are designed in the traditional dynamic memory network,
and the multi-hop structure based on attention mechanism is used to identify and extract sentence emotion features. Meanwhile,
the sentiment dictionary with extended network emotion words is constructed, and the emotion score is weighted with the
emotion classification results obtained from multi-hop memory network. It reduces the dependence on the completeness of

sentiment lexicon, the quality of judgment rules and the pre-annotation corpus, and improves the training efficiency. [Results/
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Conclusions]Experiments on two datasets, WEIBO_SENTI 100K and NLPCC2013, prove that the proposed model achieves

better classification effect on both datasets compared with a single model.

Keywords: Dynamic memory network; sentiment dictionary; attention mechanism; sentiment analysis
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