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[ Abstract] In aspect—level sentiment analysis based on deep learning, different features have different importance for sentiment
classification, Common methods only embed aspect information to obtain classification results. Design a multi — channel model
network model that embeds emotional feature information. The network extracts the part—of—speech, polarity, and relative position
information of aspects to form different feature channels. The aspect information is integrated with the aspect emotional polarity and
linearly converted. , Join the expanded dynamic memory chain to improve LSTM and achieve deep — level aspect emotion
classification. The comparison experiments on the two SemEval 2014 datasets and the Twitter dataset verify that different embedded
features have different influences on the model, and the accuracy of text sentiment classification has been effectively improved to
varying degrees.
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