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Abstract: Aiming at the problem of &Jtilization of explicit syntactic dependencies in aspect-level sentiment

analysis, this paper proposes a hierarchical attention network based on grammar dependencies. The syntax path between each

word and aspect word is modeled t
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sent the syntactic representation of each word to the aspect word, and the generated
the attention layer to infer the weight. Through hierarchical attention, different
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s show that this method is superior to existing algorithms in SemEval-2014.
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pEST) 2,179 657 839 222 500 94
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Tab.2 Results of different models on the dataset

) TR
B 15k _
B/ % Wi/ % vk /%
Acc 89.81 81.52 56.32
BiLSTM—-AMM
F1 89.95 81.62 54.05
Acc 90.15 83.72 58.21
BiGRU-AAM
F1 90.05 82.39 55.29
Acc 90.02 80.24 36.52
Bi—LSTM
F1 86.99 78.90 43.16
Acc 91.21 81.58 42.13
ATAE-LSTM
F1 88.85 79.30 49.37
. Acc 91.30 84.15 59.37
ES 927N
F1 91.16 83.44 56.38
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