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Text sentiment analysis based on adversarial training and part-of-speech-inference

SHAO Dangguo' > HU Yongjian'
1. Faculty of Information Engineering and Automation Kunming University of Science and Technology
Kunming 650504 China
2. Yunnan Key Laboratory of Artificial Intelligence Kunming University of Science and Technology Kunming 650504 China

Abstract:  Aiming at the problems that the existing aspect level sentiment analysis methods ignore or do
not fully extract the long-distance dependency and context information of sentences and the low robustness
and generalization ability of the model this paper proposes an aspect level sentiment analysis model PGDBD
based on PGD adversarial training and part-ef-speech-inference. First PGD attack is used to make the model
conduct adversarial training regularize the model and enhance the generalization ability of the model; Sec—
ondly the word vector generated by BERT is used to replace the word vector of DPCNN model itself and
BERT can capture the longer distance dependencies in sentences; Finally extracting important local features
near aspect words through the part of speech inference layer and the global features are extracted using the
DPCNN deep neural network to obtain more comprehensive context information; The emotion classification
model based on adversarial training and part-ef-speech-aware is formed by fusing local features and global fea—
tures. Experiments on four public datasets show that the performance of this model is significantly improved
compared with other baseline models.

Key words:  sentiment analysis; adversarial training; part-of-speech-inference; bidirectional encoder
representation from transformers( BERT) ; deep pyramid convolutional neural networks for text categorization
( DPCNN)
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