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China; 2. Hubei Key Laboratory of Intelligent Robot, Wuhan 430205, Hubei, China)

Abstract: Aiming to address the issue of insufficient samples for certain entity categories in the named entity recognition dataset,
which hampered the model’s ability to learn the category’s features and resulted in lower overall performance, this study proposed a
named entity recognition method that incorporated a self-training model. A teacher model was trained using the available named enti-
ty recognition dataset. The improved text similarity function was used to search for unlabeled text that was most similar to the origi-
nal dataset. The teacher model was utilized to generate pseudo-labels for the unlabeled text. These pseudo-labels were then combined
with the labeled dataset to retrain a student model for the downstream named entity recognition task. The experimental results showed
that, compared with the baseline model, the method achieved even better performance on the public datasets MSRA, CONLLO3,
and the legal entity recognition dataset.
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Fig.1 Combined with self-training named entity recognition model
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Table 1 Data set sample number and label number statistics

B bR YIgrRfesice: MR
LOC 86 849 7291
MSRA ORG 103 261 6 977
PER 51 738 5824
NASI 2 587 527
NATS 289 83
NCGV 942 205
NCSM 421 78
bPRESAE/ TS NCSP 194 37
NHCS 2 961 554
NHVI 1285 279
NO 351 70
NS 2 587 527
ORG 12 117 2 496
LOC 10 391 1925
CONLLO3 PER 14 277 2773
MISC 5 861 918
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Table 3 Comparison of experimental results between

self-trained named entity recognition model
and baseline model L%

EAEIE S A g P R F,
LOC  96.67 94.79 95.72
ORG 87.14 9295 89.95
PER  97.18 97.94 97.55

HAKPERE 94.40 95.08 94.74
LOC 96.74 95.28 96.00
ORG 87.87 92.80 90.27
PER  98.49 97.22 97.85

HIKPERE 9535 9574  95.54
NASI 81.03 87.58 84.17
NATS 79.14 77.46 78.29
NCGV 98.29 98.05 98.17
NCSM 91.03 86.84 88.89
NCSP  85.54 95.95 90.45
NHCS 93.98 99.07 96.45
NHVI 91.78 92.69 92.23
NO  86.81 89.29 88.03
NS  79.91 87.36 83.47
NT 9242 95.87 94.12

AR 88.21 92.46  90.28

BERT
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BERT-ST

PR E A€ TS BERT
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NS 80.34 89.10 84.49 Fig.2 Loss function change diagram combined
NT 94.63 96.86 95.73 with self-training method
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Table 4 Combined with self-training method, the performance
changes under different proportions of training sets

AT %
Bite el Y P R F,

BERT 62.34 43.08  50.95

10 BERT-ST 7592 7348 74.68

BERT 70.52 71.28  70.89

MSRA 20 BERT-ST 76.93 7456 75.72
BERT 83.41 86.78  85.06

40 BERT-ST 8795 9031 89.11

BERT 90.12 91.54  90.82

80 BERT-ST 94.61 9544 95.02

BERT 67.21 45.14  54.00

10 BERT-ST 7513 76.12 75.62

20 BERT 71.28 72.19 71.73

SRR BERT-ST 77.11 76.87 76.98
40 BERT 86.92 87.17 87.04

BERT-ST 87.20 88.74 87.96
BERT 88.41 89.16  88.78
BERT-ST 89.02 9047 89.73
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E o T AE B E 3G 9 1 5 k| R D RE AR AT R 3 4 A
i, 1 HAE ORI 7 Sl 1) 325 B2 R 7 i it e AR AR 1Y
b,

B, g Tk B Y SCAS AR L oK B A K
P ANWFFE 5 FEFLEERE (random selection, RS) A435%




5 2 1]

A, 55 25 F ISR B A i 44 S AR T 12 101

FHALLE PR ( COSINE ) . TF-IDF 1 BM25 7F B %k
PidE FAERI T HE IR 45 B2 5 s,
F£5 SRR RGN 1L

Table 5 Experimental comparison of text similarity function

AT %
Irik P R F,
RS 88.62 92.74 90.63
COSINE 88.84 92.88 90.81
TF-IDF 87.31 92.63 89.89
BM25 88.98 93.02 90.95
EINTIS 89.09 93.37 91.18
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