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Interactive Attention Graph Convolutional Networks for Aspect-based Sentiment Classification

PAN Zhi-hao,ZENG Bi, LIAO Wen-xiong, WEI Peng-fei and WEN Song

School of Computer,Guangdong University of Technology,Guangzhou,Guangdong 510006, China

Abstract Aspect-based sentiment classification aims at identifying the sentiment polarity of the given aspect in a sentence. Most
of the previous methods are based on long short-term memory network(LLSTM)and attention mechanisms, which largely rely on
the semantic correlation between aspects and contextual words in the modeled sentence, but ignore the syntactic information in the
sentence. To tackle this problem,an interactive attention graph convolutional network(IAGCN) is proposed to model the semantic
correlation and syntactic correlation of words in a sentence. Firstly, IAGCN starts with a bi-directional long short-term memory
network(BiLSTM) to capture contextual semantic information regarding word orders. Then, the position information is intro-
duced and put it into the graph convolutional network to learn the syntactic information. After that,aspect representation is ob-
tained through mask mechanism. Finally.the interactive attention mechanism is used to interactively calculate and generate the as-
pect-specific contextual representation as the final classification feature. Through this complementary design,the model can obtain
a good contextual representation that aggregates the aspect target information,and is helpful for sentiment classification. Experi-
mental results show that the model achieve a good performance on multiple datasets. Compared with the Bi-IAN model without
considering the syntax information,our model are superior to Bi-IAN model on all datasets,especially on the REST14,REST15
and REST16 datasets in the restaurant domain. Our model improves by 4. 17%,7. 98% and 8. 03% on F1 scores respectively
compare with the Bi-TAN model. Compared with the ASGCN model, which also takes semantic information and syntax informa-
tion into account,the F1 scores of our model is better than that of the ASGCN model in all datasets except LAP14 dataset,espe-
cially on the REST14,REST15 and REST16 datasets in the restaurant domain. Compared with the ASGCN model,the F1 scores
of our model is increased by 2.05%,1.66% and 2. 77% respectively.
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Table 2 Experimental results on datasets

Model TWITTER LAP14 RESTI14 RESTI15 REST16
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

SVM 63. 40 63. 30 70. 49 N/A 80.16 N/A N/A N/A N/A N/A
ATAE-LSTM  69. 65 67.40 69. 14 63.18 77.32 66.57 75.43 56. 34 83.25 63. 85
MemNet 71.48 69.90 70. 64 65.17 79.61 69. 64 77.31 58.28 85.11 65.99
IAN 72.50 70. 81 72.05 67.38 79.26 70.09 78.54 52.65 84.74 55.21
TD-GAT 72.20 70.45 75.63 70.74 81.32 71.72 80. 38 60. 50 87.71 67.87
ASGCN 72.15 70. 40 75.55 71.05 80.77 72.02 79.89 61.89 88.99 67.48
Bi-IAN 72.01 69.97 73.67 68.68 79.40 69.90 76.94 55.57 86. 80 61.72
IAGCN 72.69 70.95 74.40 69.71 82.14 74.07 79.27 63.55 88.96 69.75
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