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Adaptive label information learning for intention detection

MA Kun, LIU Xiaoyun, LI Leping, JI Ke, CHEN Zhenxiang, YANG Bo

(School of Information Science and Engineering, University of Jinan, Jinan 250022, Shandong, China)

Abstract: In order to solve the problem of ignoring label co-occurrence characteristics when capturing label relationships in multi-
label text classification, an adaptive label feature learning ( ALFL) method based on statistical features was proposed for detecting
content marketing articles. Based on the set of labels for each text, ALFL generated the topic-word probability distribution by labeled
latent dirichlet allocation with adaptive topic priors (LDATP) that used all the marketing topics corresponding to the label set to
constraint model; ALFL constructed the label information integration network (LIIN), used the topic-word probability distribution
and label graph structure to learn the label related information, obtained the label embedded representation; it conducted information
interaction between text and label space, capturing more semantic features to identify marketing articles. The experimental results
showed that the ALFL method based on statistical features outperformed other baseline models with a recall rate of 80.92% and an
accuracy rate of 88.14%, had higher prediction accuracy.

Keywords : multi-label text classification; label co-occurrence; topic model; graph structure; label embedding
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Fig.1 Architecture of adaptive label feature learning method
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Table 1 Experiment results of several state-of-the-art
baseline models

Y hryy R P F
TextRNN 0.0792 0.7799  0.769 4 0.774 3
XML-CNN  0.0956 0.7180 0.7320 0.725 8
TextFast 0.156 1 0.5300 0.5551 0.542 4
LSAN 0.1494 04820 0.5860 0.526 5
EXAM 0.1516 05434  0.566 3 0.5550
TextGCN 0.1378 05160 0.633 8 0.564 8
TextING 0.0580 0.7918  0.864 8 0.826 6
ALFL 0.0519 0.8092 0.8814 0.843 8
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Table 2 Ablation experiment

TR Ty, R P F,
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L 0.0533  0.8100 0.8733  0.8403
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Fig.3 Model performance with varying GCN layers
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