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[ Abstract] Natural Language Processing (NLP) models the Chinese Named Entity Recognition (NER) task as a
sequence annotation task and maps each character insthe text to a label. Each character is relatively independent and
has limited information. Therefore, the addition.of vocabulary information to the NER field can solve the problem
of the lack of connections between charaeters. To address the challenges of existing Chinese NER models that
require additional vocabulary constfuetion, employ a cumbersome extraction process of vocabulary information, and
have difficulties integrating inféfmation due to different sources of word-level embedding, this study proposes a
Chinese NER model based on Wobert and adversarial learning named ALWAE-BILSTM-CRF. Unlike traditional
pre-training models, the, Wobert: pre-training model segments the text in advance (i. e. , during the pre-training
stage) , thereby fully learning information at both the word and character levels. Accordingly, the proposed model
obtains character word vectors through the Wobert pre-training model and then uses the Wobert word splitter to
obtain the existing vocabulary vector in the pre-training model. The proposed model next uses the BiLSTM model
to obtain the temporal information of the two. The model then utilizes a multi-head attention mechanism to
integrate vocabulary-level information elements into the character word vector while simultaneously generating
adversarial samples through adversarial learning attacks to enhance model generalization. Finally, the proposed
model utilizes a Conditional Random Field (CRF) layer to constrain the results and obtain the best prediction
sequence. The study conducted comparative and ablation experiments on the Resume and self-built Porcelain
datasets in the field of porcelains, the results show that the ALWAE-BILSTM-CRF model achieves 97. 21% and
85. 7% F1 values on the two datasets, proving its effectiveness in the Chinese NER task.

[Key words]) deep learning; Named Entity Recognition(NER) ; attention mechanism; feature fusion; Conditional
Random Field(CRF)
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Table 1 Dataset details BAA A
GRS YIAEEL IR IFAERL AR %L
Resume 3821 463 477
Porcelain 6 000 1029 1 029
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Fig.5 Partial display of Porcelain dataset
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Table 2 Model parameter settings

280 A
U ER A% 40
Batch size 16
Wobert j)ifg A4E)JE 768
mRATRE 128
LSTM Ke il 2 &k i 192
LSTM 2% 2
Self-Attention Sk 32
Dropout % 0.1
Wobert 2> % 2X10°
HoAl Bty ~) 1x10°°
Mtz Adam(betas % (0. 9,0. 9))
FUE R 0.01
3 A 0.01
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Table 3 Comparison results of models %

X HoAs R P R F,
Lattice-LSTM(2018 %) 94. 81 94. 10 94. 46
LR-CNN(2019 4) 95. 37 94. 84 95.11
LGN(2019 4F) 95. 28 95. 46 95. 37
SoftLexicon(2020 4) 96. 08 96. 13 96. 11
NFLAT(2022 4% 95. 63 95. 52 95. 58
BSNER(2022 4F) 96. 63 96. 69 96. 66
AR SR 97.51 96. 90 97.21
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553590 97. 51%.,96. 90%.,97. 21 %, M4 T H#i
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Table 4 Comparison between the model proposed in

this paper and recent research findings %

Xof AR AR P R F,
CMHPY (2023 4F) 96.79 96. 86 96. 83
R-DBBC™ (2023 4F) 96. 91 97. 49 97. 20
BIFTS* (2023 4F) 95. 97 96. 50 96. 23
MGA_CVFY (2023 4F) 95. 23 96. 06 95. 64
AR A 97.51 96. 90 97.21

3.4.2  HRELSCE

R T B A 5P 7F Resume $dlg 4 5
Porcelain Z4la 4 b 5T 0 & BB I AR , 25 1
sk 5 5% 6 Fim.

5 Resume HiEE FRIHRIEINER

Table 5 Ablation experiment results on Resume dataset %}

XF He AR 7 P R F,

SE ARG 97.51 96. 90 97. 21
TR ) B A 97. 20 96. 84 97. 02
ERRNCAE B L 97.01 96. 53 96. 77
oA LR 2 ARy REA 96. 76 96. 04 96. 40
Z45 BILSTM Btk (1 F5 £ 95. 68 96. 52 96. 10
ESCRERES WAL B Rl) 96. 69 95. 85 96. 27

% 6 Porcelain HIEE M SIS R
Table 6 Ablation experiment results on Porcelain dataset %

Xf LAY P R F,

SEREAE 85. 70 88. 36 87.01
AR 2 BT A 85. 10 87.91 86. 48
FA iRl B R 86. 35 87. 30 86. 82
sl Bk 2 AR 84. 48 87. 49 85. 96
Zo45 BILSTM Bk il A5 Al 83. 30 87. 34 85. 27

i A I R 85. 00 85. 95 85. 47
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