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Text Stance Detection Based on Topic Attention and Syntactic Information

KANG Shuming and ZHU Yan

School of Computing and Artificial Intelligence,Southwest Jiaotong University, Chengdu 611756, China
Abstract Text stance detection aims to infer users’ opinions on specific topics, such as supportive, opposing, neutral and other
attitudes, from their published texts. Traditional stance detection studies often use deep learning models such as convolutional
neural networks or long and short-term memory networks to learn the basic semantic information of the text,ignoring the syntac-
tic structure information embedded in the text. To address this problem, this paper designs and implements a text stance detection
model— AT-BiLSTM-GAT based on topic attention and dependent syntax,and on the basis of the text context information ex-
tracted by BiLSTM,GAT is used to further learn dependent syntactic information at the text linguistic level. Meanwhile,a topic
attention mechanism incorporating contextual semantic information is designed and implemented,and scaled dot product attention
is employed to learn the topic-related important content in stance text,and comparative experiments on public datasets prove the
efficiency of the designed and implemented AT-BILSTM-GAT model. Finally, to address the problem of the small size of the
stance detection research dataset,a synonym replacement data enhancement scheme based on WordNet synonym database and
WebVectors word embedding model = WWDA , which ensures the lexical correctness and semantic similarity of the synonym re-
placement process,and experiment proves that it can generate more high-quality samples and improve the detection performance

of the model.

Keywords Stance detection, Topic attention, Dependency syntax,Graph attention network,Data augmentation
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Examples of stance detection

Table 1

S 4 i AL S X AR 3
Feminist . L
the time for gender equality is NOW X
Movement
If every person in the UK used one single-
Wearing a use mask each day for a year, an extra Rt
Face Mask 66000 tonnes of contaminated plastic waste
would be created
Hilary Clinton 1 would rather choose Donald Trump Rt
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Fig. 1
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Framework of AT-BiLSTM-GAT stance detection model
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Fig. 2 Example of dependency syntactic relationship diagram
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Table 2 Comparison experiments
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TAN 59.30 56.03 62.36 64.72 58.92 65.32 55.36 61.20
ATA 60.29 57.55 63. 30 64.89 59. 64 65.73 54.63 64.18

BiLSTM-CNN-ATT 65.49 56. 46 65. 26 65.69 64, 44 66.03 54,87 65. 46
Joint 66.43 59.31 63.70 64.98 65.53 65.59 55.95 68. 15
HAN 69. 49 57.40 62.79 67.04 65.99 65.75 56. 38 68. 06

AT-BILSTM-GAT 68.53 59.55 67.72 68.73 67.09 66. 84 57.99 70. 82
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BRI 15 5 2 QR 19 SR IR 05 2 (R I &5 G 3% R = D AL F 4 Covid-19 Fii%E L WWDA J5 Zillik (F))
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