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 OE PLHLERRANCNERES A —FARETLEHER, EARANLAT LA L LA TR, AL Mg MR
MMLE . CRFELRZLE NEMF REMRFAREZLANEABREMLS, BT PIXARALEEMELIH G RRSIEALE
M AETHEAWNERBEAAEFT LA L ERRAN EONHARLABA S AHER R FER. AT FAG NER ZA L Lwk T4 486
VR, H, EFRFLEMRETFREZRBEALEEBRAFTHEA Y, WC-LSTM @@ AL TR FHFLERFHFEANIFIL
e MR RATZEARS, Ao, ZEEARREIAASARFALAELE B E LA LR E THE T FE 840187
JCAZ A Hi % NER B4 LLL-WCM, st #CeBA F H F A4 BAILE &, 8L THILEEH L, RN, JIANT B %50 5E%F
¥ (avg) Ae B i & AL (sell-attention) AR BT AL 8., EAAPXHBEE AT ER, LR AW, 5 WCLSTM 4k,
ke FIMAS»AEAT 1.89%,0.29%,1.10% 4 1.54 %,
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Word-Character Model with Low Lexical Information Loss for Chinese NER

GUO Zhigiang, GUAN Donghai and YUAN Weiwei

School of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 211106 ,China
Abstract Chinese named entity recognition(CNER) task is a natural language processing technique that aims to recognize enti-
ties with specific categories in text,such as names of people, places,organizations. It is a fundamental underlying task of natural
language applications such as question and answer systems, machine translation, and information extraction. Since Chinese does
not have a natural word separation structure like English, the effectiveness of word-based NER models for Chinese named entity
recognition is significantly reduced by word separation errors,and character-based NER models ignore the role of lexical informa-
tion. In recent years.many studies have attempted to incorporate lexical information into character-based models,and WC-LSTM
has achieved significant improvements in model performance by injecting lexical information into the start and end characters of a
word. However, this model still does not fully utilize lexical information, so based on it, LLL-WCM (word-character model with
low lexical information loss) is proposed to incorporate lexical information for all intermediate characters of the lexicon to avoid
lexical information loss. Meanwhile, two encoding strategies average and self-attention mechanism are introduced to extract all
lexical information. Experiments are conducted on four Chinese datasets,and the results show that the F1 values of this method
are improved by 1.89%,0.29%,1.10% and 1. 54 % .respectively,compared with WC-LSTM.

Keywords Named entity recognition. Natural language processing, Lexical information loss, Intermediate characters, Encoding
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Table 2 Comparison results on Weibo NER

Models NE NM Overall

Peng and Dredze(a) 29 51.96 61.05 56.05
Peng and Dredze(b)[23] 55. 28 62.97 58.99
Sun and He(a)[30] 54.50 62.17 58.23
Sun and He(b)[31] 50. 60 59. 32 54,82
Lattice- LSTM 53. 04 62.25 58.79
PLTE 53.50 64.81 59.66

Baseline 47.86 57.79 52.80
WC-LSTM+avg 53.37 64.77 59.07
WC-LSTM+ self-attention 53.44 64.48 59.39
LLL-WCM+avg 53.95 64.33 60.96
LLL-WCM -+ self-attention 54. 64 65.32 61.19
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Fig. 3 Results on Weibo NER
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Table 3 Comparison results on Resume NER

Models P R F1
Lattice-LSTM 94. 81 94.11 94. 46
PLTE 94.91 95.01 94. 96
Baseline 93.13 93.24 93.18
WC-LSTM+avg 94.93 94. 87 94. 90
WC-LSTM self-attention 94.77 94.56 94.66
LLL-WCM+avg 95.21 95.09 95.15
LLL-WCM-+ self-attention 95.13 94.78 94.95
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Fig.4 Results on Resume NER
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FAMFR MR, L F1 E4 7T 1. 28%, PLTE AT
¥ 1Y transformer g5 4 F @l A T 45 B IALAS B8, %50 3 i AR 0 2
F+T 1.78% ., WC-LSTM it — 25 7E ) I (9 FF 3k 5 4% Al A 17)
CAS B TE TR Fh i i S 15 Lattice LSTM AH L B T+ T
0. 44 %1 0. 20 %, A SCASE AL o 4 A0 A b 1R AR B
WAl 2 B 56 g [ AH b WC-LSTM 4y W4 F+ T 0. 25% #0
0.29% . FeATHIEE B FE 2 7 AL SR mé AR IR AR AR i 36 3
P O A e 3 v il = R = | W L (U
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Table 4 Comparison results on MSRA NER

Models P R F1
Chen % [32] 91.22 81.71 86. 20
Zhang 4 [33] 92. 20 90.18 91.18
Zhou % [31] 91. 86 88.75 90. 28
Lu %£035] — — 87.94
Dong % (18] 91.28 90. 62 90. 95
Cao %[36] 91.73 89.58 90. 64
Lattice LSTM 92.58 91.77 92.17
PLTE 94.15 92.39 93.26
Baseline 88.91 87.28 88.09
WC-LSTM+avg 93. 36 91.78 92.56
WC-LSTM+ self-attention 93.11 91. 37 92.23
LLL-WCM+avg 94. 45 92. 88 93. 66
LLL-WCM+ self-attention 94.23 92.33 93.27
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Table 5 Comparison results on Taobao NER

Models P R F1
Lattice-LSTM 78.27 78.89 78.58
PLTE 82.23 80. 44 81.32
Baseline 69. 32 77.41 73.14
WC-LSTM+avg 80.41 79.96 80.19
WC-LSTM+ self-attention 82.59 79.43 80. 98
LLL-WCM-+avg 81. 20 82.27 81.73
LLL-WCM+ self-attention 81.94 82.39 82.16
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Fig. 6 Results on Taobao NER
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Table 6 Performance of different encoders

Weibo  Resume  MSRA  Taobao
Ours(LSTM) 61.19 95.15 93. 66 82.16
Ours(CNN) 59.42 94. 64 92.13 80.96

Ours(Transformer) 60. 81 94. 21 90. 39 81.12

M 6 A IS, BT LSTM Ay K B 1 R % 5 1 T 3k
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Table 7 Differences with or without pre-trained embedding

Weibo  Resume  MSRA  Taobao

Baseline 52.80 93.18 88.09 73.14
LLL-WCM+ uniform 58.25 94. 06 90.45 80.45
LLL-WCM pretain 61.19 95.15 93. 66 82.16

AH H 58 4 Al R I % A o A 35 55 43 A 09 1)V i A FE
AR T F1 A B4R A T 5. 4520, 0. 8854, 2. 45 % Al
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