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Inductive Interactive Network Model for Customs Import and Export Commodity Tax Rate
Detection

WU Angi' ,CHE Chao' ,ZHANG Qiang'** and ZHOU Dongsheng'
1 Key Laboratory of Advanced Design and Intelligent Computing, Ministry of Education,Dalian University,Dalian 116622, China

2 School of Computer Science and Technology,Dalian University of Technology,Dalian 116086, China

Abstract The traditional way of examining the tax rate of manual goods in China Customs has problems such as low efficiency,
inconsistent judgment basis and low precision. Using text classification method to automatically determine the tax rate of com-
modity classification can effectively reduce the risk of customs tax rate. However, when classifying customs commodity data,com-
modity categories are hierarchical. Many sub-categories under the same category have highly similar commodity descriptions,
which brings great challenges to commodity classification. Therefore,an inductive interactive network model is proposed,and in-
ductive and interactive guidance modules are added on the basis of BERT and CNN. In the induction module, the dynamic routing
algorithm is used to perform iterative operation on the features extracted by CNN, which can effectively solve the problem of ad-
jacent feature fusion and redundancy. At the same time,in order to solve the feature similarity problem between different subcate-
gories and improve the classification performance, the interactive guidance module is introduced, which is mainly to interact the
feature information extracted by the induction module with [CLS] classification vector. Experiment is carried out on the real cus-
toms data set,and the results show that the method can achieve good results,the accuracy is up to 92. 98% ,and the performance
is obviously better than that of each baseline model.

Keywords China Customs, Tax rate detection,Inductive interaction, Dynamic routing. Interactive guidance
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Table 2 Value of hyperparameters of the proposed model
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Table 4 Experimental results of different models on customs

datasets
CRAE 20

HAE & LA A Acc WP WR F1
TextCNN 88.08 87.91 88.08 87.74
Transformer 88. 33 88. 68 88. 33 87. 81
BERT 89. 83 89. 42 89. 83 89. 14
HAEE BART 89.13 88.70 89.13 88. 28
ERNIES3. 0 90. 94 91. 27 90. 94 90.52
RoBERTa 90. 76 90. 95 90. 76 90. 63
KX F % 92.98 93.04 92.98 92. 66

82. 36 82.75 82. 36 81.49

ERNIE3. 0 83.99 83.76 83.99 83.53
HAEE 2 BERT 82. 84 79. 62 82. 84 80. 21
RoBERTa 82.97 83. 14 82.97 82.76
KX F % 85.29 84.15 85.29 83.91
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Table 5 Results of ablation experiments on customs data set 2
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