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Research on Sentiment Recognition Based on Graph

Convolutional Network for Power Service "
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Abstract ; Sentiment recognition is remarkably significant for improving efficiency and service quality of interactive power
service platform. In traditional sentiment recognition technologies ,recurrent neural network (RNN)and its variations are
used to depict contextual relations in conversations,causing ways of semantical transportation to be of certain limitations.
With regard to this issue,a graph convolutional network (GCN ) based sentiment recognition model is proposed,in which
graph structure is used to model contextual relations and represent the more complicated contextual architecture in dia-
logues. Experimental results show the superiority of the proposed model in sentiment recognition task compared to other
traditional methods.
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