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Chinese Named Entity Recognition Based on Lexicon Sequence
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(Rocket Force University of Engineering, Xi’ an 710025, Shaanxi)

ABSTRACT: In order to address the problems of interference words, inability to handle lexicon
information conflicts, and insufficient utilization of lexicon information in existing lexicon en-
hanced Chinese named entity recognition (NER) methods, an NER based on lexicon sequence
was proposed. Firstly, interference words were removed by constructing a lexicon sequence,
which can optimize the potential words in the lexicon sequence. Secondly, the position informa—
tion of potential words can be fused by utilizing positional encoding. Finally, lexicon conflicts
were solved by processing positional encoding infused protential location information with the at-
tention mechanism of lexicon sequence. Experimental results showed that F1 scores achieved by
the proposed model on dataset Resume, MSRA, OntoNotes and Weibo were 96.38, 95.77,
82.23 and 71.25 respectively, which outperformed other mainstream methods.
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fith: kAT A) LS = (lsy, ls, -+, Is.)
a) def DFS (index, current_sequence) :
1. if index >= k:
1. LS.append (current_sequence)
2. return
ii. if not LC [index]:
1.DFS (index+1, current_sequence)
1i. else:
1. for word in LC [index]:
1) current_sequence. append
(word)
2) DFS (index + len (word) ,
current_sequence)
3) current_sequence.pop () //
Bk word 5 B 1] )
b) LC=[] /A1 & 7 IaiLF 5
c¢) for character in C:
1. potential_word = buildBeginWithWordSet
(character, T)
ii. LC.append (potential word)
d LS=[]
e) for index in range (k) : /44>
i. DFS Cindex, [1)
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b) for index, sequence in enumerate (LS) :
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ii. cov/=n
iii. cov[index] = cov
¢) cov =dict (sorted (covs.items () , key=lamb—
da item:item[1] , reverse=True) ) //¥i7E 5 R F
HERe
d) array = []
e) for rank,index in enumerate (cov.keys () ) :
i. array.append (LS[index])
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Fig. 3 Example of lexicon sequence construction and optimization
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2.1 HiEH%

428 JF 1 vh A 44 NER 08 4 73 51 & On-
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B2 1 7R . OntoNotes B4 4 & — 4> KA (1)
ZWHHIRRE, &A%, a4 JEWl . H
Wy STm. WRE] . B SR 18 AN [m] 1y SRS A
MSRA i ds 462k [ B s, Hy b B SO 91 iF
FBERAT, HAFEAL . AL AL SE 3 Fh s
PR, Weibo Bfi S ok A AL BER ST, B
SRR, B B MR AR S AR S, 4y
VIPNEINE PN AT R SN S R L RS
B Resume %40 5 % B 7 IR 00 28 19 b SRR DD %L
W, AN WA HEPU . BRI B
by T R S 8 Fh AN R R A Y S AA
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Tab.1 Statistics of dataset

. wown s VIERER/ BRAESE/  WASE/
) Sentence 1.57 0.43 0.43
OntoNotes
Char 29.19 20.05 20.81
Sentence 4.64 0.44 0.44
MSRA
Char 216.99 17.26 17.26
Sentence 0.14 0.027 0.027
Weibo
Char 7.38 1.45 1.48
Sentence 0.38 0.046 0.048
Resume
Char 12.41 1.39 1.51

22 SRR E
AEHERER, WHHEP. LLLF]L (Fl=

SRR IR LB B BRI A5 5
g, ) A EFH Song ™Y AR I 2k (Y 200 ZE
RIS i N 1 0 0 5= 7 1 P i QAN < N i =
1 BERT #L A (25 1 2 F14E 2 )2 Transformer 2 [8]
IS N R e e LORTIRE: L WS e[, P u g
XF BERT #4750/ . R T Adam kUL S4K,
Wk > R E A1 X107, epoch & & K 20,
Weibo #1 Resume 24 £ batch size % & 520, On-
toNote fl MSRA %4/ £E batch size 5 B b 10, Ff-fii
JH dropout 5 Bl 1E LAY H5 o
23 SRBBER5HH

7% 32 % ] Lattice LSTM., LR-CNN. CGN,
NFLAT. LEBERT i)y 3 5 A5 59 45 o0 X b 8 ik
PEAT X S g, DL R AL A B T LSTM.,
CNN. E iM% . Transformer. BERT 25 )7 ik
S, AT IURNE R RRIE SR IR R |
231 st

F2 R T AR X B SLEBERT 5 % HL A ¥ (1)
ST AL, 459K, SLEBERT Y1 fig 45 b7 W
BT H AR 2% . SLEBERT 7£ OntoNotes %% #ii
4 MSRA BE54E . Weibo 5048 £E il Resume &
£ FEFUESBIHET0.2% ., 0.07%. 0.5% F10.3%.
232 HER%R

Jg T B AE e 8 SLEBERT & > 43 4 57
ok, 78 LR 4 BdRE F U TR aE R, LR
mE3I PR, WTLLFEH, 7 OntoNotes 5 4 |
Weibo 085 5 Fl Resume £0HE 45 |, WA HA &
S AR ALE], X LEBERT A, F143%1
PRE T 0.18% ., 0.31% F10.16%., i A A & 4 i 45
HE, 7 MSRA B4 45 il Weibo 84845 I, F14)

R2 FAUFEAEMHEZTERYEELHMIELER

Tab.2 Comparison results of the proposed algorithm and comparative algorithms on different datasets %
% OntoNotes MSRA Weibo Resume
LSt P R F1 P R F1 P R F1 P R Fl
Lattice-LSTM  76.35 71.56 73.88 93.57 9279 93.18 53.04 6225 5879 9481 94.11 94.46
LR—CNN 76.40 72.60 7445 9450 9293 9371 57.14 66.67 5992 9537 9484 95.11
CGN 7627 7274 7446 9401 9293 93.63 5645 6832 6518 9427 9459 9443
NFLAT 7517 7937 7721 9492 9419 9455 59.10 63.76 6194 9563 9552 9558
LEBERT — — 82.08 — — 95.70 — — 70.75 — — 96.08
SLEBERT 81.94 8253 8223 9588 95.67 9577 73.83 68.85 7125 9632 9644 96.38
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MAIE RIS 25 T LA 1D 3 T a7
GR35 5 LEBERT A He, BEWS 5 BR TP 1A
I, B s RN UE B A5 B 2 il
FAAL B it GRS 5 JE W] — RC X AS [ 46 B 1
SCMRRRE, dEmd mAATERE 3) WP AIEE T
ML i D 7 SRl v 98 R) R, BB A% 8 A5 4 X 14 2
PR DCIRIE R AR TR T A 1
233 IEEF 7 TOP A8 89 1k #8331k

9 T Bk SLEBERT # B 4E AN 7] 3] J7 51 TOP
BN WA S E, 3 R0 44 TR de 4%
PSR B (AT 0, SCse 2 Rk 4w, Lk
Fi, BEE W FS TOPHEAIE M, AF s
VE C A9 15 A 1) A8 7R S T3 i, SLEBERT £
RUA] DU g b 3 5 3R]V B . % 83 LEBERT £
AU v A DU B W AR R B £ 34, Mk SLE-
BERT #HIf) F1{EAE TOP=3 LlJ5 AT E

%3 X LEBERTREFEAMEBF1AR
Tab.3 Comparison between the F1 results of LEBERT

experiment and ablation experiment %
gl OntoNotes  MSRA ~ Weibo Resume
LEBERT 82.08 95.70 70.75 96.08
— o ¥ i Tt

—E& R 82.23 95.70 70.97 96.21

—VER L] 82.23 95.77 71.09 96.21
SLEBERT 82.23 95.71 71.25 96.38

£ 4 AEAES TOPER ELELE

Tab.4 Comparative experiment results of TOP

values of different lexicon sequences %
TOP{E OntoNotes MSRA Weibo  Resume
1 82.07 95.48 69.81 96.21
3 82.23 95.77 71.25 96.38
5 82.23 95.77 71.25 96.38
10 82.23 95.77 71.25 96.38
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