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Abstract; Given the unstructured nature of text data related to hidden dangers in coal mine accidents,
extracting latent knowledge is crucial for constructing a knowledge graph of hidden dangers in coal mine
accidents. This study proposes annotation types for knowledge entities to describe hidden dangers in

coal mine accidents by analyzing the characteristics and latent information in the texts of hidden dangers
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based on their propagation patterns. Using the Brat annotation tool, we annotated the text data related

to hidden dangers of coal mine accidents to construct a dataset for knowledge extraction model. We pro-

poses a BERT-IDCNN-CRF model based on dynamic fusion and introduced a probabilistic fusion algo-

rithm based on Newton’s law of cooling. The results indicate that with the incorporation of the probabi-
listic fusion algorithm, the dynamically weighted BERT-IDCNN-CRF model achieved the best perform-

ance in the task of knowledge entity extraction from hidden danger texts. Its precision, recallrate, and

F,-score improved by 8.93% , 5.28% , and 7.51% , respectively, significantly enhancing the model’s

prediction accuracy and stability, while demonstrating excellent adaptability.

Key words:hidden dangers in coal mine accidents; knowledge entity extraction; K-fold cross-valida-

tion; probabilistic fusion
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R SRS B AR SR TR S Al S 0 3 B A
FEEEIET PyTorch HEZRESFY HEAT , SCHR IR0 -
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4114 CPU,64GB N 17, NVIDIA TITAN XP 12Gx2
4, CUDA Version 11.4, Python W{AS 3.7, Torch
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Table 4 Setting of experimental parameters

e EAN ZHH B
Warmup_proportion 0.05 2 3] R LY ]
Keep_prob 0.90 RS
Dropout 0. 80 LR
Decay_rate 0. 85 25 3] BRIGE PR
Decay_step 200 2 RIEWA
Train_epoch 30 U RARUN
Max_x_length 300 A SR B KK
Embed_learning_rate 5%107°  BERT BERIIHE > R

Batch_size 8 LR B U ZRAEAR B
IDCNN_filter_width 3 ESA A
IDCNN_dilation 1,1,2 NP 56 B
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Table 5 Comparison table of training time consumption
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Fig. 5 Comparison of each model’s performance

on training sets
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Fig. 6 Comparison of the F, score of each

model on validation sets
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Table 6 Comparison of experimental results

LA 415
B HIER
i r;ﬁ@z - Y P/% R/% F/%
R
[E RS
1 % BERT-BILSTM-CRF 85.65 78.04 77.60
2 w5 BERT-IDCNN-CRF 85.59 78.69 78.14
SHARERA
3 & 86.00 77.91 77.83
BERT-BILSTM -CRF
SABEERA W
4 & 86.11 78.32 77.88
BERT-IDCNN -CRF
5 = BERT-BILSTM-CRF 93.60 83.36 84.29
6 o BERT-IDCNN-CRF 94.05 83.85 84.80
BARERA W
7 f5 93.06 83.60 84.40
BERT-BILSTM- CRF
BARERA T
8 p5 95.04 83.60 85.39

BERT-IDCNN- CRF
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