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Aspect-based sentiment analysis based on
dependency syntax type graph attention network

XU Mincong, WAN Yanping

(School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China)

Abstract; In current life, a large number of evaluative texts could be generated on the Internet. Sentiment analysis of these texts can
help decision makers quickly understand people’s views and opinions on a certain type of product or event, and provide decision
support. Aspect—level sentiment analysis aims to use neural network to encode the input sentences, extract the relationship between
the aspect and context, and judge the emotional tendency. Recently, graph neural network has been applied to this task and achieved
fine results. However, these methods do not use the dependency type label information, and do not take into account the impact of
noise. To solve these two problems, the paper studies a new graph neural network extension to utilize the dependency type
information, and applies the syntax—semantic interaction proposed in this paper to reduce the influence of noise. The fusion method
has achieved the best results on 4 public datasets.
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Fig. 1 An example of a sentence and its grammar dependency tree
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Table 2 Experimental results

. Laptop Restaurant Tweets MAMS
T MR (Ae) BTHFL R () BTEFL MR (Acc) FPH L (Ace) 2P F1
SVM 70.49 - 80.16 - 63.40 - - -
IAN 72.05 67.38 79.26 70.09 72.50 70.81 76.60 -
TNet 76.54 71.75 80.69 71.27 74.90 73.60 - -
MGAN 75.39 72.47 81.25 71.94 72.54 70.81 - -
AEN 73.51 69.04 80.98 72.14 72.83 69.81 66.72 -
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