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Abstract: At present, aspect-level sentiment analysis uses mainly the method of combining attention
mechanism and traditional neural network to model aspect and contextual words.These methods ignore the
syntactic dependency information and position information between aspects and contextual words in sentences,
which leads to unreasonable weight allocation of attention. Therefore, an Interactive Graph ATtention (IGATS)
networks model for aspect-level sentiment analysis is proposed. Bidirectional Long Short-Term Memory
(BiLSTM) network is firstly used to learn the semantic feature representation of sentences. And then the
position information is combined to update the feature representation, a graph attention network is constructed
on the newly generated feature representation to capture syntactic dependency information. Finally, interactive
attention mechanism is used to model the semantic relations between the aspect and contextual words.
Experimental results on three public datasets show that the accuracy and macro average F1 value of IGATSs are
significantly improved compared with other existing models.
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MemNet 71.48 69.90 70.64 65.17 79.61 69.64
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