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Chinese Named Entity Recognition Based on Contextualized Char Embeddings

ZHANG Dong and CHEN Wen-liang

School of Computer Science and Technology,Soochow University,Suzhou, Jiangsu 215006, China
Abstract Named Entity Recognition (NER) is designed to identify and classify proper nouns in text. Training data for super-
vised learning are usually manually annotated,and it is difficult to obtain large-scale annotated data due to time-consuming and la-
bor-intensive. In order to solve the problem of data sparseness caused by the lack of large-scale annotation corpus and the problem
of polysemy of char embedding in the Chinese NER task.this paper uses contextualized char embeddings which is pre-trained on
large-scale unlabeled data to improve the performance of the Chinese NER model. Furthermore,to solve the problem of out-of-vo-
cabulary words in named entity recognition,this paper proposes a Chinese NER system based on word language model. We use
the contextualized char embeddings of generated by the language model as the input of the NER model to capture different mea-
nings of Chinese characters in different contexts. In this paper,we conduct experiments on six Chinese NER datasets. The experi-
mental results show that the proposed model can improve the performance and the average F1 improves by 4. 95%. In addition,
this paper further analyzes the experimental results and finds that the proposed model can achieve better results on OOV entities,
and it has good performance for some special types of Chinese entity recognition.

Keywords Named entity recognition,lLanguage model, Contextualized char vector
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Fig. 1 Chinese NER model based on BiILSTM-CRF
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(OHIESE . ACLEMEAT 6 4~ 3¢ NER SR 4,
# Boson, LDC2009, PKU, MSRA"Y, CityU™ fil Litera-
ture ™V, HHFT 5 AN [ B AU R 1 Ok B S0 AR A
. H TS B A BTN TAE RO R W4 AR SO
B SEAT A0 T B AL 3 . 8% Boson, LDC2009 #1 PKU 4% 1R 8:
121 BEMLRI 53 R Ul 2R 46 (46 3E 48 I3 48 5 Literature AR 48 Sk
(230847 %143 s i F CityU F1 MSRA % WY 43 )5 2 vh % 6 5
TESE A SO R 4 rh BEAIL R 53 20 96 1 Sy 46 F 4R, 0 3 4 £
Fr—8. SN BIEEN SRR 1 T,

F 1 HUREGESL AR 5T
Table 1  Statistics of entity number in dataset
Dataset Train Dev Test
Boson 18522 2307 2348
MSRA 60323 14736 6190
CityU 89748 22613 16407
LDC2009 34067 4294 4253
Literature 133105 10571 16186
PKU 214785 53480 54299

O WILE., AT HARTINLR word2vee F a1 Al EL-
Mo 5 i) 1, A SCAH T K29 1181 J5 47 3% 13 3 A 453 1y b 3¢
Giga BUHEAE A AR IE IR, A URAFEWIARETHE 6127
D FRF RS . MAh A SCHE NER #3125 47 3] % 5 i)
HPEAT T O .

OV I, ARSI IE HE AR R ] FL A, =X (17) —

L 1 5 1
R= Rk o iy 5 (s
Flzz*}?)% 19

(DLW IE, LREET 4 HRE.HH0TF .

1)LSTM-CRF-Rand, LSTM-CRF {# F kifi #1 %7 4 1k i
) &2 , Bl FEZk R ¢ (baseline) .

2) LSTM-CRF-PreEmb, LSTM-CRF f{fi fl word2vec F
I

B

3) LSTM-CRF-Rand+ ELMo, #£ LSTM-CRF-Rand ) 3t
fill EANA ELMo [ fiF

O LSTM-CRF-PreEmb+ ELMo, £ LSTM-CRF-PreEmb
B9 SEGl A ELMo F [0 & .

OHBSEE., ALK EENEEBSHNE 2 iy,
WAk % T LSTM-CRF B8,y 1 B ikl G AR SCicE 1 7
5 AR 2 BIFEBRIRAE A9 FLEESE 5 % A AR L AL A
5 1Y%k,
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Table 2 Hyper-parameter settings

%4 LSTM-CRF EEHA
F B A 200 512
LSTM i ) 4 # 100 1096
Dropout 0.5 0.1

1 2 Adam Adagrad

4.2 ELWHER

3TN TN RGAE 6 MEARE BRI EER . NE
o] LU A DI 2 0 5 1 kAR L £ fT I BELDL R R 1k
B 5 1] AR 5 I DA R KA I 4 A5 B A 1 P A T
ARG R, MWK P, LSTM-CRF-PreEmb + ELMo Ht
BT R MR, 28R LN FL Atk LSTM-CRF-
PreEmb #2755 1 4. 95% , Ui 8] ELMo 454 B i b T 3CH % 7 )
AL TAE G IS 7 i . ELMo n] LA K HLAR JC W B i
b rp 2 3 8 R Y O SORNE B RRAE B R SCHE 56 7 1) it
Lo AL G5 1 TN 255 i o BE T A A b RS B b S0 NER R4, M
Literature $45 48 (1) 45 S K . MOBT 18] 470 3 75 2] 1) ELMo

XA PR
- . 1] et [R] E X SC 25 A o 3 AR R A5 B X 7 — i R Lk
p— DU i 19 AE o S5 an BN e
R SRS TR T R SCAR G i A ST R R
3 ARV F1H
Table 3 F1 value of named entity recognition
(AT %)
LSTM-CRF- LSTM-CRF- LSTM-CRF- LSTM-CRF-
A& Rand PreEmb Rand+ ELMo PreEmb—+ELMo
Dev Test Dev Test Dev Test Dev Test
Boson 55.88 58.25 59. 80 61.79 70.03 71.53 71.68 72.86
Literature 72.33 69.97 73.49 71.65 76.11 73.49 76.27 74.15
LDC2009 76.09 74.59 77.82 77.03 82.10 80.73 82.56 81.40
PKU 94. 69 94. 90 95. 25 95. 40 97.08 97.08 97. 24 97.10
MSRA 90. 36 86. 16 91.69 88.48 95.63 93. 89 95. 85 93.73
CityU 91.13 86.61 91.65 87.76 94. 37 91. 84 94.72 92.56
P 80.08 78.41 81.62 80. 35 85.89 84.76 86.39 85.30
4.3 EHMEXHRAILL A8 B R (ME) BB 4L ZUHLAG 44 . Chen S BR T

CityU F1 MSRA JE T A TAE i 3 5 2 0 Bt 48 I
BEAR SCAE X AN B985 1 5 00 A A O6 TAEIEAT T X b, X L
gERANF 4 g, Chen 2™ ffi FI P4~ CRF 27 A 4 Fl H

PRBUF 7R B YRR AE A1 L 38 48 5T 31 3 R0 AE Al SRR AE 45 L 9
HIMAT — 25 SR U 25 R 1Y J5 4L B, Zhang %500 3L F
KWK 2 A48 RS A B NER RS H . Yang 557 1
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PRI T DT T AR B (R AE (FL58) BB A vh . Zhou 4§70 3l
R IR 20 B 7 TR HEAT A 44 SRR . Zhang SR A
T iy 44 SR 5 s i SR B 3 RS 19 46 A 3] S Y
R IR 4WERTT UG B A RN T AR
BIEE AR I BATA BRI R T .

F4 HZUETTARM LK

Table 4 Comparison with previous works

BT %)
CityU MSRA
#A F1 #A Fl1
Chen %21 88.53 Chen %21 86. 20
Chen %[22) 89.03 Zhang % (24 89.03
Zhang %24 89.78 Zhou 428 90. 28
Yang %% 90. 68 Zhang %12] 93.18
LSTM-CRF-Rand 86.16 LSTM-CRF-Rand 86. 61

LSTM-CRF-PreEmb 87.76
LSTM-CRF-Rand+ELMo 91. 84
LSTM-CRF-

PreEmb+ ELMo

LSTM-CRF-PreEmb 88. 48
LSTM-CRF-Rand+ELMo  93. 89

LSTM-CRF-
92. 56 93.73
PreEmb+ ELMo

4.4 HERHH

A5 E B A BE ST ELMo Xt NER 2 45 14 fig 19 5%
M : 1 ELMO X OOV SR (1952 W 5 2) 5261 4347
4.4.1 ELMO 3 OOV %4k %k

OOV Fz k& 48 K H B A U ZR 4 b 1 SE 4L TV SE A R 48
ARG b i B A SE A, &N £ 1 OOV SE IR He 4 52
g R 5 e,

F5 MR OOV LK L il 4 1

Table 5 OOV entity proportion statistics in test set

CHLA . 06D
HAEE [el0)Y #lE % ooV
Boson 44.7 PKU 17.7
Literature 28.1 MSRA 29.0
LDC2009 23.8 CityU 25.7

gEAF 1 ME 3ITTLULFE N, 00V SRR M4k &, Il

AR SRR E B /D A 44 SR I P e A 25

J T 53 H ELMo X OOV SE 44 [ 52 1, A< SO 4% 4~ 54
MM N G R BT T 402 S5 R 3k 6 i, A
T LIE 1 ELMo I IV Sk Al OOV 5244 Yy 1 g # A7 $2
FHE, Hoh TV Se R PR R # FH /N T OOV 524 1 P fig 42
FHECR . TV SR PERRAR T — A BRI 9 #L G B8 1, 1 OOV
FARMERE R R — Rz AL RE . ABS R AT LIE L AT
ELMo BRI 147z feig J1 B .

F6 IV ELUEA OOV kLR
Table 6 1V and OOV entity results

LSTM-CRF-PreEmb LSTM-CRF- PreEmb-+ ELMo

test_1v test_oov test_1v test_oov
Boson 75.10 47.90 82.56(+7.46) 62.14(+14.24)
Literature 78.16 54.51 79.98(+1.82) 58.34(+3.83)
LDC2009  83.61 57.28 86.33(+2.72) 65.95(+8.67)
PKU 97.70 85.57 98.40(+0.70) 91.47(+5.90)
MSRA 94. 81 73.61 97.18(+2.37) 85.31(+11.70)
CityU 93.69 71.77 96.13(+2.44) 82.95(+11.18)
4.4.2  FBIa A

ALt — 25 0 R G bR A5 R AEAT TS b, K AT
ELMo MBI AT DLER 4f b 4] IE 3% 7 vh JLFh 28 B A 45 5. 4o
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27 3L F word2vee F i ) NER £ 4t 4 J0 ¥ 1 0 iy, i 5
F ELMo i NER RZal LRI “RE" R R R AL 4. &
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FAMEEX MG, ZRA [ @LOC]A FLER @
LOCIA”Z i, T EF3CEBA R, RGO LUK 257 A
SRR Sy 4 TR — SR T B S 4
) F A I R HE S AT B SR A A B AR A S RS A
ol X AL G 11 PRI L ) T I Tt A9 (b R @ LOC T #
AR TR (9 5 AR BT & R e, A R, X Bt
K7 S48 v 1 R OBV AR L ER A = VT i B e YV T S A
WOT R T K FEH X,

xTOFWIHT
Table 7 Case study
XA T # T word2vec #F ELMo
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