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Research on Chinese course question named entity recognition
method based on ERNIE-BMBD-CRF model

QIN Huiling' ,XING Xuefeng’ ,ZHANG Qianchuan' ,CHEN Jiahao' ,CHEN Yaxi'

(1. School of Computer and Artificial Intelligence ,Southwest Minzu University , Chengdu 610041 , China;
2. School of Electronic and Information, Southwest Minzu University , Chengdu 610041, China)

Abstract: With the rapid popularization of smart education,how to present course knowledge points in a more intuitive form to
help students learn more efficiently has become an important research topic in the field of educational informatization. Tradition-
al Chinese named entity recognition methods are difficult to extract obscured text due to ignoring contextual connections. There-
fore ,a course question named entity recognition method based on ERNIE-BMBD-CRF (EBC) model was proposed to effectively
identify knowledge point entities from course questions. Firstly,the ERNIE pre-trained language model was used to represent the
text word vectors,and then the BMBD layer was constructed. The BiLSTM model was used to extract contextual semantic fea-
tures ,and the boundary diffusion mechanism was introduced into the multi head attention mechanism MHA to enhance the cap-
ture of entity boundary information. Finally,sequence label decoding was performed in the CRF model to complete named entity
recognition. The experimental results showed that the F1 values of this model on two public datasets, CLUENER2020 and
MSRA ,as well as a self built course corpus dataset,were 87.45% ,98.48% ,and 81.49% ,respectively,which were superior to
other comparative models.
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Fig.1 Structure diagram of ERNIE-BMBD-CRF model
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Table 1 Experimental environment setup
TGP wE
BIERSG Ubuntu22. 04
CPU 14 vCPU Intel(R) Xeon(R)
Platinum 8362 CPU @ 2.80 GHz
GPU NVIDIA RTX 3090
CUDA Cudal2. 1
PyTorch 2.3.0
Pycharm PyCharm 2022.1.4
Python 3.12

T BRSSO AT AL, S I SR SRR
Gi— B, IR A 128 HE R OR/INEEE N 50,

WIGREE U 10 U, 2 2T F0h 5e-5.
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TP + TN
Accuracy = oppp N v BN (1O
.. TP
Precision = TP + FP" (17)
TP
Recall —m. (18)
Fl = 2Precision * Recall (19)

" Precision + Recall
3.4 KIGZERNTLE

2% 3¢ A5 Y I BERT-BiLSTM-CRF . BERT-BiGRU-
CRF ,ERNIR-AtBiLSTM-CRF % = 2545 R Y47 52 56 %F
I, 78 CLUENER2020 F1 MSRA B4 | 1% S2 56 45
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T A B8 4 b 0 26 BE A T H Al ok B Bk, A
CLUENER2020 #%#5 4 I, EBC 55U % v i 5 kS o
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Table 2 Experimental results on CLUENER2020 dataset

TR Accuracy/ % Precision/% Recall/% F1/%
BERT-BiLSTM-CRF 94.64 81.32 79.23 81.66
BERT-BiGRU-CRF 94.97 80. 59 82.45 81.87

ERNIE-AttBiLSTM-CRF 95.22 84.33 83.57 84.05
EBC(AXFHi%) 97.45 86.23 89.25 87.45
*3 7E MSRA HIEE LML ER
Table 3~ Experimental results on MSRA dataset

Ay Accuracy/ % Precision/ % Recall/ % F1/%
BERT-BiLSTM-CRF 97.29 94. 45 93.88 94.74
BERT-BiGRU-CRF 96.87 96.73 95.61 95.18

ERNIE-AtBiL.STM-CRF 98.92 97.85 97.27 97.23
EBC( A3 7i%) 99.61 98.43 98.54 98.48
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Table 4 Experimental results on course corpus dataset

LY Accuracy/ % Precision/ % Recall/% F1/%
BERT-BiLSTM-CRF 93.29 70.95 74.31
BERT-BiGRU-CRF 92.87 73.76 76.56

ERNIE-AtBIiLSTM-CRF 93.52 74.61 79.33
EBC( &3 7 %) 94.98 76.76 81.49
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Table 5 Results of ablation experiment

TRETR Accuracy/ % Precision/ % Recall/ % F1/%

-BMBD-CRF 92.11 70.82 73.75

-CRF 94.37 75.49 80.81

EBC(AXFi%) 94.98 76.76 81.49
PPN s
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