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Educational Named Entity Recognition Integrating Word Information
and Self-Attention Mechanism

ZHENG Shoumin, SHEN Yanguang
(School of Information and Electrical Engineering , Hebei University of Technology , Handan 056004, China)

Abstract: To solve the problems of low accuracy and severe lack of corpus in named entity recognition tasks in the education field, a named
entity recognition model WBBAC that integrates word information and self attention is proposed. This model utilizes a BERT pre trained lan-
guage model to enhance the semantic representation of word vectors and introduces word frequency information into them. The word vectors are
concatenated with each other as inputs to a bidirectional long short—term memory network , which further searches for internal connections with-
in the sequence through a self attention layer. Finally, the optimal sequence is obtained through CRF decoding. Create a computer composition
principle dataset based on the characteristics of the course text and annotate it. Conduct experiments on the Resume dataset and the computer
composition principle dataset, and the F1 values of the WBBAC model are 95.65% and 73.94%, respectively. The experimental results show
that compared with the baseline model, the WBBAC model has a higher F1 value, effectively solving the problem of insufficient annotated da-
ta in named entity recognition tasks in the education field.
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Fig. 1 Overall structure of model
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Fig. 2 BERT input vector representation
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Table 1 Parameter setting
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Table 3 Statistics of datasets

RI BEEFITHER x10°
/G B3 PIEERS RN MRS
CIES 3.8 0.5 0.5
Resume .
FIF 124.1 13.9 15.1
T 23 0.3 0.3
PRI FAE 75.2 9.7 10.1

3.3 iFMiEtR

i i K 16 % P (Precison) . 73 81 % R (Recell) Fll F1 {4
(F1-Score fE MBI RIEANFE AR . Horh, PR IE#RR Y
SR SRR 0 SR B LY 5 R R IR A R I Y S A
B SOR T ITAT SEAR B Z L PRSI R 5 A R Y
LRI SLER

P = L, x 100% (16)
T +F,

R = L, x 100% (17)
T, +F,

Fl=2><§j§><100% (18)

Ao T, FOREH N 1 SE R KL F, R U 2 5 OE
B SR AN S R SR B s F s Al R0 i S A8
34 KIHER

Sk B IE A OB Y A R, £ £ BERT-BILSTM-CRF
BRI O Baseline HEAT HL A S0 o R T B0 4 78 Jin s
BIAT R , 43 57 Baseline [ H a5 BT A 2 I HL
2O AT H GRS . AR IE BERT Fil I 2R A0 ()4 25k
PEFE BiILSTM-CRF A5 21 DL K [R5 ] A3V A5F B 1Y Lattice—
LSTM BEARYHEAT bk ae . L g L 4 ok, AT LR
th, BILSTM-CRF B8 F1 Gl A 1 18145 )8 A9 Lattice-LSTM
PRI ) 1R B SRR T At 4 S AR 3 B T I 5 A5



#
o
&

KRS B, HHO il B3R5 6 5 D B B0 i 4 SR - 109

Table 4 Experimental results of different models

R4 TREMIBERILE %
- R TR AL A
G LSS
P R FIL P R Fl
BiLSTM-CRF 93.66 93.31 9348 69.32 69.08 69.20
Lattice-LSTM 94.81 94.11 94.46 7138 70.25 70.81
BERT-BiLSTM-CRF (Baseline) 95.10 9523 95.16 73.28 7256 72.92

Baseline+Attention 95.67 95.28 95.47 73.93 73.22 73.57
Baseline+word 9522 95.60 95.41 73.65 73.39 73.52
WBBAC (A SCHER) 95.79 95.52 95.65 74.11 73.78 73.94
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