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Abstract: The task of cross-border ethnic text classification is the basic work in cross-border ethnic cultural analysis, and its purpose
is to classify cross-border ethnic cultural texts. Aiming at the problem of cross-category in cross-border ethnic cultural data classifi-
cation, this paper proposes a cross-border ethnic text classification method based on domain knowledge map, which uses cross-bor-
der ethnic cultural knowledge map to expand the semantics of cross-border ethnic entities in the text, and enhances the category se-
mantic features of the text through the category features of entities in the knowledge map. In addition, by using the mask self-atten-
tion mechanism, the local features and global features of sentences in the text are obtained by extracting features at word level and
sentence level, respectively. The experiments show that the F1 value of this method in cross-border ethnic culture data set is im-
proved by 11. 9% compared with the baseline model.
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Table 1 A sample of cross-border ethnic cultural text data
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Fig. 1 Examples of cross-border ethnic knowledge maps
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Table 2 Classification of cross-border ethnic cultures
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Table 4 Examples of cross-border ethnic entity relationships
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Table 3 Definition of cross-border ethnic entity attributes
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Fig. 2 Cross-border ethnic text classification model diagram fused with domain knowledge map
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Table 6 Comparison between the method of paper and the

baseline model methods

HmE LIESC PRSI
. ~ ACC P R F1 ACC P R F1
PR bR

/% I % /% % I % %

DPCNN  76.3 77.1 76.3 76.1 734 742 734 727
FastText 749 755 749 739 756 76.1 756 74.7
TextCNN  83.6 73.5 70.0 70.5 87.8 76.5 734 74.0
TextRCNN  77.7 775 777 76.9 771 774 771 76.3
Bert 776 784 776 77.0 785 79.2 785 778
HAN 78.0 70.8 71.8 71.7 84.1 79.1 75.7 75.0
S 78.0 754 747 744 794 T77.0 756 75.1
AR 81.2 716 76.6 726 924 87.3 88.0 86.9
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Table 7 Ablation experiment

i g FRABTGE £ TE3C

N ~ ACC

W TEbR (%) P R F1
—masked-self-attention (17]Z% ) 75.3 725 674 68.2
— A APRERUE SCRURHIFIRIUZ - 90.2 847 824 817
— LR SCRHERA 2 885 768 785 77.0
—TransE 90.9 87.2 86.3 85.3
AR 924 873 88.0 86.9
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Table 8 Influence of domain word segmentation on

experimental results

A3y = ACC/% P/% R/ % F1/%
it FH 43+ir] 74.2 71.0 64.7 64.8
SRR 92.4 87.3 88.0 86.9
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Fig. 3 The impact of Dropout rate on model performance
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