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Aspect-level sentiment analysis based on
multi—-channel graph convolutional network

GUO Rongrong, GAO Jianling, XU Ruijuan, QI Linglong

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: Aspect sentiment triple extraction aims to provide solutions for aspect—level sentiment analysis by extracting the triples
including aspect words, opinion words and sentiment polarity. Previous studies have been unable to deal with one—to—many and
many—-to—one relationship between aspect words and opinion words in sentences, as well as the problem of error propagation in
different subtasks. This paper proposes a sentiment analysis method based on multi—channel graph convolutional network, which
captures the part—of—speech combination information and structural semantic information of words by designing multi—channel graph
convolutional network. The graph convolution network is used to repeat the graph convolution operation on the heterogeneous graph
to obtain the input of the syntactic dependency module, and the double affine attention module is used to obtain the relationship
probability distribution between words in the sentence. Experiments on data sets Res14, Lapl4, Resl5 and Res16 show that the
proposed model achieves more significant results on F'1 values than the existing baseline model.
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Table 4 Comparison of experimental results
Resl4 Lap14 Resl5 Res16
i
I R F1 P R F1 P R F1 P R F1
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BMRC - - 70.01 - - 57.83 - - 58.74 - - 67.49
Dual-MRC 71.55  69.14  70.32 57.39  53.88  55.58 63.79  51.87 57.21 68.60  66.24  67.40
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GTS-BiLSTM 67.28 6191  64.49 59.42  45.13  51.30 63.26  50.71  56.29 66.07  65.05  65.56
S3E2 69.08 6455  66.74 59.43  46.23  52.01 61.06 56.44  58.66 71.08  63.13  66.87
BMGCN 71.80  72.59  72.19 62.38  57.80  60.00 61.46  63.08  62.26 67.89  70.75  69.29
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