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2.3 XREINEMSEIEE

SIS A % 45 CPU % ] Intel (R) Xeon
(R) Gold 6242R, GPU % J1] NVIDIA Tesla T4, 77
H425 GB, SL55 % HE A 52 2k H Python3. 6 Y il A
FEHL Tensorflow 1. 14. 0 [ RAS XA R AT 11 25 A
i, AWK R FHl BERT-Base B! H& 4 12 4
Transformer 2% 768 ME& JE 1 12 4> 2k TE 2 AL
i, R T AEAS A B R Y v I WA ek 2 1
SRETIE] R RS SEUE R E R 16, AU IR IR
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£33 ARANSERPIFLER (%)
SRR M 45F:  BERT-BIGRU-CRF  BILSTM-CRF  BILSTM HMM
P 83.69 75.89 61.09 52.45
i it § R 78.92 71.83 65.58 57.03
F1 81.24 73.80 63.25 54.64
p 85.53 81.41 63.51 57.32
Rz A oA R 85.80 70.19 75.32 58.97
F1 85.67 75.39 68.91 58.14
p 84.59 78.80 61.39 49.14
i 25 21 R 78.20 65.59 65.00 38.78
F1 81.27 71.59 63.14 43.35
P 88.23 81.98 64.08 57.05
CoRENET: R 80.79 77.56 63.59 63.19
F1 84.35 79.71 63.83 59.97
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%4 BERT-BIGRU-CRF #1 BERT-BILSTM-CRF 7E#056 # M 4Rs A0 F1 EXTEE ( %)

= E A8 (min) XFLE
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deep bidirectional transformers for language understanding

Named entity recognition in inspection and detection
field based on BERT model

SU Zhanpeng” , LI Yang ", ZHANG Tingting™ , RANG Ran™ , ZHANG Longho ™ , CAI Hongzhen ", XING Linlin ™
( " School of Agricultural Engineering and Food Science, Shandong University of Technology, Zibo 255000 )
( ™ School of Computer Science and Technology, Shandong University of Technology, Zibo 255000 )
Abstract

Aiming at the problems of lack of entity corpus, serious nesting of entities, and multiple entity types in the
field of inspection and detection, a named entity recognition method combining bidirectional encoder representation
from transformers ( BERT) preprocessing language model, bi-directional gate recurrent unit ( BIGRU) bidirectional
light coding model and random condition field ( CRF') is proposed. The BERT-BIGRU-CRF( BGC) model first uses
the BERT preprocessing model combined with contextual semantic training word vectors. Then it undergoes bidirec-
tional encoding at the BIGRU layer. Finally it outputs the optimal result after calculation at the CRF layer. The
model is trained by using the inspection and detection field data set containing four named entities of inspection or-
ganization, inspection items, inspection standards, and inspection instruments. The experimental results show that
the accuracy, recall and F1 value of the BGC model are better than the comparison model without BERT. At the
same time, compared with the BERT-BILSTM-CRF model, the BGC model shortens the training time by 6% .

Key words: named entity recognition, bidirectional encoder representation from transformers ( BERT) , in-

spection and detection field, deep learning, bi-directional gate recurrent unit ( BIGRU)
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