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Aspect-level sentiment classification method based on
Interactive Adversarial Networks

ZHANG Huahui, WU Minmin, XU Hang

(College of Computer and Data Science, Putian University, Putian 351100, Fujian, China)

Abstract; Sentiment classification is one of the hot research problems in the field of natural language processing, aspect—level text
sentiment classification aims to identify the sentiment polarity between different aspects of a text. To address the problems of weak
feature extraction and insufficient interaction between aspect words and context in aspect—level sentiment classification models,
Aspect — level Sentiment classification model based on Interactive Adversarial Networks ( ASIAN ) is proposed. Firstly, the
bidirectional encoder representation from Transformers model is employed as an encoder, the aspect words and the context are
modeled separately to extract the hidden layer features. Secondly, an interactive attention network is constructed, which interacts the
hidden layer features. Finally, the interaction information is learned jointly to do cross —entropy loss and back — propagation
parameters. In addition, ASIAN adds an adversarial training aimed at further optimizing classification results. On the Laptop and
Restaurant datasets from SemEval-2014 Task 4 and the Twitter dataset from ACL-2014, ASIAN has high classification accuracy
compared to most baseline models.
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Table 1 Experimental dataset

Positive Negative Neural
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Laptop'*! 994 341 870 128 464 169
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Table 2 Comparison of experimental results %
Laptop Restaurant Twitter
Models
ACC  F1 ACC  F1 ACC  F1
TD-LSTM'® 68.13 - 75.63 - 70. 80 69. 00
ATAE-ISTM!?!) 71.83 68.43  78.00 66.73  66.62 64.01
RAM!? 74.49 71.35  80.23 70.80  69.36 67.30
AOA™®T 7450 - 81.10 - - -
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ASGCN!?! 75,55 71.05  80.86 72.19  72.15 70.40
GCAN-C!?7) 76.49 72.60  82.20 73.62  72.49 70.93
ASIAN 77.12 71.71  82.59 73.45  73.27 71.72
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Table 3 Ablation experiment results %
Laptop Restaurant Twitter
Models
ACC F1 ACC F1 ACC  F1
TAN!2] 72.10 63.72  78.71 67.71  69.22 66.90
BIAN'?! 72.30 66.70  79.40 69.90 - -
ASIAN_NO  74.92 68.79  80.36 69.09 70.23 68. 14
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