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Aspect-based sentiment analysis with self-attention gated graph convolutional network

CHEN Jiawei, HAN Fang*, WANG Zhijie
(College of Information Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: Aspect-based sentiment analysis tries to estimate different emotional tendencies expressed in different aspects
of a sentence. Aiming at the problem that the existing network model based on Recurrent Neural Network (RNN) combined
with attention mechanism has too many training parameters and lacks explanation of related syntax constraints and long
distance word dependence mechanism, a self-attention gated graph convolutional network was proposed, namely MSAGCN.
First, the multi-headed self-attention mechanism was used to encode context words and targets, thus capturing semantic
associations within the sentence. Then, a graph convolutional network was established on the sentence’s dependency tree to
obtain syntactic information and word dependencies. Finally, the sentiment of the specific target was obtained through the
GTRU (Gated Tanh-ReLLU Unit). Compared with the baseline model, the proposed model has the accuracy and F1 improved
by 1%-3. 3% and 1. 4%-6. 3% respectively. At the same time, the pre-trained Bidirectional Encoder Representations from
Transformers (BERT) model was also applied to the current task to further improve the model effect. Experimental results
verify that the proposed model can better grasp the emotional tendencies of user reviews.

Key words: aspect-based sentiment analysis; self-attention mechanism; Graph Convolutional Network (GCN); gating

mechanism; Bidirectional Encoder Representations from Transformers (BERT)
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Fig. 1 Self-attention gated graph convolutional network
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Tab. 2 Comparison of accuracy and F1 value of each model unit: %
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Tab. 3 Comparison of ablation results unit: %
o SRR w/T R
acc F1 acc F1 acc F1
MSAGCN 71.94 67.00 80.45 69.67 70.81 68.97

MSAGCN w/o pos  70.69 64.93 79.20 68.36 69.08 66.71
MSAGCN-LSTM 71.16 66.29 79.02 67.82 68.21 65.99
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Tab. 4 Model size comparison
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