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Chinese Named Entity Recognition Based on LNBC Model

MA Yongjun, WANG Ye
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Aiming at the problem of insufficient accuracy improvement of fusion dictionary information in Chinese named

entity recognition, in this article, we propose a Chinese named entity recognition method based on LE-NEZHA-BilSTM-

CRF (LNBC) model by using the strategy of fusion dictionary information inside the model and combining with the pre-

trained language model NEZHA to enhance the embedded representation of text. In our proposed model, firstly, the diction-

ary tree is used to match all potential words, and then the neural context representation model for Chinese comprehen-

sion (NEZHA) is used for fusion and embedding representation. The trained word-word fusion vector is input into the bidirec-

tional Long short-term Memory Network (BiLSTM) for feature extraction,and the long-distance semantic information is

obtained. Finally, conditional random field (CRF) layer is used to reduce the probability of mislabeled output. The experi-

mental results showed that the F| value of the proposed method in MSRA dataset and Resume dataset was 95.71% and

96.11% , respectively, which is higher than that of other comparison models.

Key words : named entity recognition ; dictionary information ; bidirectional long short-term memory network ;

conditional random field
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Fig.1 Structure of LE-NEZHA-BLSTM-CRF model
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Fig. 2 Structure of the lexicon adapter
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Tab.1 Experimental parameter setting
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Tab. 2 Recognition results of the model on MSRA dataset

SRS PI% RI% Fil%
ESHSHEN 95.60 95.81 95.71
PER 96.98 97.52 97.25
LOC 97.09 95.83 96.46
ORG 91.07 93.91 92.47
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Tab.3 Recognition results of the model on Resume dataset

SEARAY PI% RI% Fil%
oSSR 95.70 96.53 96.11
NAME 99.10 98.72 98.90
CONT 94.29 96.03 95.15
LOC 97.67 99.26 98.46
RACE 93.33 93.33 93.33
PRO 94.12 99.74 96.84
EDU 96.33 99.06 97.67
ORG 93.77 95.03 94.40
TITLE 93.69 94.55 94.12
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Tab.4 MSRA dataset comparison experimental results

F5H P/% RI% Fi/%

Lattice + LSTM + CRF"! 93.57 92.79  93.18
AKE!" 94.72 93.76 94.24

KG + EntityBERT + CRF"! 87.23 89.01 88.11
BERT + BiLSTM + CRF!"?! 94.38 94.92 94.65
ALBERT + BGRU + CRF!" 95.16 94.58 94.87
LNBC 95.60 95.81 95.71
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Tab.5 Resume dataset comparison experimental results

AR Pl% RI% Fi/%

BILSTM + CRE!"”! 92.50 94.30 93.40
BERT + BILSTM + CRF 95.16 95.86 95.51
NEZHA + BILSTM + CRF 95.30 96.13 95.7
LNBC 95.70 96.53 96.11
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