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Aspect-level sentiment analysis based on Albert and syntactic tree
WANG Yueyue
(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] Aspect-level sentiment analysis is a subtask of sentiment analysis, and its goal is to identify the emotional polarity of
different aspect—level words. Most of the previous work used static word vectors and recurrent neural networks to model this task.
However, due to the diversity of natural language expression, static word vectors could not accurately find the context information of
the modified aspect—-word, and the previous work had shortcomings in encoding the location information of the context. At the same
time, the paper researches the uncertainty of the neutral label data, and it is believed that there will be some label unreliability.
Therefore, the paper proposes a model Albert—DP based on pre—training model Albert and syntactic tree, and adds label smoothing
to the loss function. Through this design, the model can well represent the object of aspect word and its context, which is helpful for
emotion classification. The experiments on publicly available laptop datasets, restaurant datasets, and Twitter datasets show that the
proposed approach outperforms traditional models.
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Fig. 1 The architecture of the proposed Albert—DP
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Tab. 3 Four kinds of ablation experimental results %
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HEgR K- F, Wi K- F MR E-F
WO-PCT 86.55 79.60 82.21 78.53 76.41 76.33
WO-DP 85.13 79.33 81.89 79.10 75.58 75.62
W-LSTM 86.53 80.23 82.79 79.02 77.33 74.49
W-BERT 86.62 80.59 83.06 79.31 77.12 75.58
151-160.
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