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Abstract

Owing to the lack of natural delimiters, Chinese Named Entity Recognition (NER) is more chal-
lenging than it in English. While Chinese Word Segmentation (CWS) is generally regarded as key
and open problem for Chinese NER, its accuracy is critical for the downstream models trainings
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and it also often suffers from Out-of-Vocabulary (OOV). In this paper, we propose an improved
Chinese NER model called TB-LSTM-CRF, which introduces a Transformer Block on top of LSTM-
CRF. The proposed model with Transformer Block exploits the self-attention mechanism to cap-
ture the information from adjacent characters and sentence contexts. At the same time, this article
uses a brand new industrial scene data set. On this data set, with the LSTM-CRF scale, the experi-
mental results show that the TB-LSTM-CRF method is competitive and hardly requires any exter-
nal resources, such as parameter migration.
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1. 4R

TV FIR B AAE AT, T AR EREa T K AT, 1 44 SR RO (NER) BE & B SRE & AL 21
(NLP)H 1) — T E BT 45, 1 NER # iZ AR AR M R 28 — 20, it s il fE R i
TN EAATE T AR B () EE A I SRR, OCRIRHL, FARSRIURIIL 5] AT .

B MH NER M5, Mtk sk EEAFE IS IEMEM 4 (RNN), CHEREHL(SVM) KRG HHidiz
(LSTM)FIT T3 5 B I6(GRUY),  RECR R 1) R SUE R, [1] [2]F R HAE SIS 7 BRI,
1M BT SCR) T A 5 9 sch) FARE I B AR AT, i B SR AN R 2330 T RE S 800) 7 1 & 3058
A PEAT ] B R UL G 15 2R G RfF U . [3] [A]1PT LAE Y, R8s — e i ke il 230 57, 54
f FH 2T B4R 1) NER BERUEAT IR U AN ATBE 1o s, K TS0 NER 28 j0 25 455 75 1
AR T H IR ] RN SRR T SRS ) B, T2 50 1 O vk B TRV I 5 VR 3 & 7 30 NER[5]

H AT A 5020 0t 70X FAh R B AR I SRR L S5 [6] [7] [8] [O], AT A2 A H 75 22 K & 1) AR AIRK
FEMRFE TN AR R o gk Tl At NER 1M 5, A7 AR R TR A0 R s IR R K I R B B2 R A
IEARILAE T2 NSO ARG D, IH T REA—, Bl TR R H MO “ LR
B, i LR 2R« L PSRN A A ARIR, BbLs TR A E T . TR
FRA—5, F—FESA 2 MR, SRSk, SERAGIZGTEAELLEG, X S I 2
BRI OUN EO M E  HR R R R ISR ILE T AR HEROR, R, RSP E R
e, HLE TREINEES HERE T ERHE X —E5I0ES, BEE MR A ER, sk, Has
OB AR PR 22 . KT AT R SR Bk, — AR AN BB AR A7t R 1) AR L B
IS Bl “ SRS IXREI SEAR— AR A BLE — s 45 b, i ELBEAYIR 25 2 ¥ LR AR “ 3
B RN BT AR, HEEFAR, REREIX R

TMAE IR NER #7002 X, St —n) @, Emt Al #E R Tl A =35t N salfl AR H
BN TR R SR R R —> B bR ER AR . 25T 74510 NER JEik 7870 I 2 XA A m] FR 2SR, i
W25 NER FITERE. N T RPN, FATHHE T — P T B R BRI 28 R 2R POk R n 745 9
BHEAEFRTCAS BRI T 7450 LSTM-CRF A, W1 1 s, Bl 1M£ 4 Transformer #1014 2% 5
TOOHRMER, R AS 5P RIE RN ERR. NHRTHTEAEZANERE R REZE
HABEEE. &G, [EHFARA(CRP)IHE &AM MELIE NER HdidE ISR, FA100757%0]
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DA ETF 3C B 3G Rk 205 24 R R SR, ARG LRI R o 52 T S ARF AN T 530 1 NER J77%
FHEL, AT AT DL B ZhR IR SCATEAR S, 1176 75 8 HAB A M 5T 1 H i T Hm A T Transformer
BEHFD LSTM, BEXT HTJG SCIVRHIES BAA A 52 2], BRI T2 20 Tk MR 1K SE44 . 7E OntoNote [11]
Weibo NER [12]. Chinese Resume [13]F1 T BIAL &G4 AT T7VAAE & Tt s H#A BA 565 1047t
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Figure 1. TB-LSTM-CRF model
1. TB-LSTM-CRF #&#!

2. TB-LSTM-CRF {&#

KT MAAR R E B . RATRA LSTM-CRF {ENEEM K LEN, I T 3 NER [
Transformer Bk, 1ZAH H—N B Ry = EH Ak

AT, ATE A BIOES FFid 7 E[14]# 17 St 86 . AT M NG T F 5 £ Rx N
X ={X, %, Xy, oo, X | o Forp x Fon )7 X 88 | MR RN, 0 m FoR R KA TRE. MR, &
MIESLY ={Y1, Yo, Vg oo, Yoo L HEREDF BT A, by, FOoRA) T Y A8 | ANFERIN R, B REE
R PR AL £, 0 X > Y RIRIGSLARIAN T o
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Figure 2. The overall framework of the transformer block
[&] 2. Transformer #&E3REE (R FELE
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2.1.1. (NE R

Transformer 5 H 42 18 A7 B 4 i >R PR 1 5 AU AT 5 30, FRAEH self-attention AL il A1 58 42 i 4%
Transformer 78 V& A5 34 A 4 28 P 245 R AR B4, DRIRRATT 75 BRM R AN B (10 7 15 B34S Transformer
R, DUEZARE A ] DL )T R T 6 R o 47 B IR ARG N — A i, FL4E B R (R,
IRANGERE), RPN TH R

PE s 2 = in( pos/10000° ) 1)

pos,2i

PE = cos( pos/10000*"* ) 2

pos,2i+1

1E BIIARE, pos Fom TR TR0 E, BUAERER0, BAHTKE. | TRFRmRGE
| MR, BUETEREIR[0, BRG], d FRF AR Mg, XA X IEZMR%EEN, ©
AT 5 40N 1] A PR o 7 14— 2L 2 ORI B 4
SRR TR BT A, S 3RS T A GBS B O T R FTR A, e R,
PE o, 2754 pos N4 [ B Gl .
A, =X +PE @3)

2.1.2. Self-Attention #L#l

N T R 2] ) R AR A DG R IR B N BB SE A [15], FRATIAE A 2 Skid R 77 (multi-head
attention) >R AL HE 56 BT FRIRFAIE [] 5 A  ROACh sizevsealenvembeddim A1 oI — M EHEFFE W_Q, W_Q, W_Q € R
A (embed.dim * embed.dim) A4 LU A AR E 3K 45 = AMBUBHLRE Wy, W, W, e REmeddmeneadm gy
T MU A A B A RHERE Q, KLV -

Q= AWQ (4)
K = AW, (5)
V =AW, (6)
R, BATAT L BAR A A5 B = R R
QW]
H =softmax \ (7
&

QKT FRIER A, \Jd, (9 IR B 2 0 S0 RS bt TEAS A0, T B softmax J2 4k SR
2.1.3. Add & Layer Normalization

b NTHRAS TR AERE He AT BT B DL SRERE RS A RS 2L Rl T ITER M
FOTARIE, BRI AN E R AR N .

H=A+H (8)

Layer Normalization {4 FI 24 e 22 /9 25 Hh 1) B2 VA — A bR E 125 2041, AT 0 Bl ZRAmiie Shos
JZ:
hij —H

Hoep Jd, IRV H B | A L e R AMRAECE, LIBTE R R, AR

H = LayerNorm(H)=a ©

+p 9)
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WIS E o A1 g RIEANA— IR R IE R
EE, OFRRIFEREMAZ LM EF, HAVKE o VRN 1, K p RGN 0.y Mo, 20 4G
REATHEMENTT 2. WHEHEARIT, Hd m ZoRHERE H g1

1 m
U =— h 10
i % ij ( )

j gL 2
ol =_Z(hij _,Ui) (11)
mia
2.1.4. Feedforward
TERTIR N4, MEAE FH P2k vh i, JHET ReLU Wos BB AT S . AERTINS 2 5, TG
SR ARIEBEAZE VG ST — /N R, AR ZATE TR —A H O Er 4 AR .

2.2. Long Short-Term Memory (LSTM)
LSTM ) H H2 it — B A0 E RSP a R &, HAm A2 Transformer REHUE) 1 FRRAIE 7] &
2.3. Conditional Random Field (CRF)
N T R E ISR AR, FATHFESHERBFRFRIMEE R ZRFIbRCH M, 1B

CRF ALLSESERCI TAE. £ LSTM i iz A0 7 A w A Bk S by by, oo b 2R, JRATH]
HIFRAER CRF EokEIE .

2.4. Training and Inference

— B g LSRR TR T A R A1 AR BIS 7 Be = AR B PP 41 o 3RAT T8 60 50 x4
AASRAGRAN L, IE AR ZRA .

L= log(P(y 1))+ 5ol (10
IeAb 2 Fo a5l A L, BN E & SO E S5
3. SKIALER

T BAEFRATTER H B T VR A A, FRATIR B R AT TLA R SC NER B AEdEAT 7 — LU
ALK LU VRS TERR, 20 5K ARG BE(P), A BIZE (R FL 1990 (FL). SERO R R PR ANME BAS1E
*1RER.

AT S236 A T = AN EdE 4, 37906, 8 7€ OntoNote [11], Weibo NER [12]#1 Chinese Resume [13].
OntoNote ##54:F1 WeiboNER s 5556, 4 Mg 44 92k 3050: PER (N), ORG (414R), LOC (fir &)
GPE (MbZxBUE SEAAR) o H ST 17 D B S48 )\ Fp S B I i 44 SCARIEAT VRS . CONT (B /X)), EDU (K
HHLK), LOC, PER, ORG, PRO (%¥), RACE (Fiikis5)Al TITLE (HRAL).

fEFH DL E =N R, BATHE TB-LSTM-CRF ik Re 5 ol AR KT T Hee, JFa 718
TS EHFEM . LSTM + CRF 3L 5.

3.1. OntoNote #IEE

M 2 BRI LLE, RS 4 PNSER7250 OntoNote B 4E ., BT 7 i3 AE ER AN F1
B ebr FEUE T AL R . AT T E G Zhang et al. (2018) [13] IR ME R 2.43%, 7E F1 4051
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b He R UF i Zhang et al. (2018) [13]7 0.7%, b Zhu et al. (2019) [161& 1.07%. SFEZEMIEL, FATHZE A

WOk CE RS 1 A it

Table 1. Statistics of datasets
#z1 BIEERER

g HA WIZAE LA AR
)T 15.7 k 43k 43k
OntoNotes FIF 491.9 k 200.5 k 208.1 k
Sk 13.4k 6.95 k 7.7k
GIER 1.4k 0.27 k 0.27k
Weibo FIF 735k 145k 14.8k
Sk 1.89 k 0.39k 0.42 k
GIER 38k 0.46 k 0.48 k
Resume FIF 124.1k 13.9k 15.1k
Sk 1.34k 0.16 k 0.15k
GER 0.54 k 0.18k 0.18 k
Tl H K 42 R 17.124 k 4.46 k 481k
XN 4.109 k 0.87k 0.881k
Table 2. Result on OntoNote
5% 2. OntoNote #iE&E FHILZER
LAY A= FEImES F1
[17] Yang et al. (2016) 65.59 71.84 68.57
[13] Zhang et al. (2018) 76.35 71.56 73.88
[16] Zhu et al. (2019) 75.05 72.29 73.64
LA 67.49 70.13 67.47
TB-LSTM-CRF 78.78 71.22 7458
3.2. WeiBo #iiB&

£ WeiBo #dla b, SEILHI s BIEMLEL, FAHR M KINETE = bR BT 1 oot S55k2k

JIEMEL, FLE0HZEE T 8.48% (4 3).

Table 3. Result on Weibo
%= 3. WeiBo #iz&E EMZER

Y HERH2 RERCIES F1
[18] Peng and Dredze (2016) 55.25 62.97 58.99
[13] Zhang et al. (2018) 53.04 62.25 58.79
[16] Zhu et al. (2019) 55.38 62.98 59.31
LAY 51.71 57.29 52.53
TB-LSTM-CRF 57.34 64.18 61.01
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3.3. Chinese Resume $#ggE

52 iR, Chinese Resume %4 85 B A 15/ 1) i 44 SR RN B 2 Fl i 42 SR 8000 . FRATTHG
TNVELE I BE S b (RE RE G BT A0 7 VERE 22 . Zhu et al. (2019) [16]78 Z40d 85 b vl e AN 7 [B] S 2k 3]
TiAEMERE . BRATOALE F1 159 EE I fm (35 4).

Table 4. Result on Chinese resume dataset
5% 4. B3 Resume #iiE & RIS R

R HET 2R EEJCRS F1
[13] Zhang et al. (2018) 94.81 94.11 94.46
[16] Zhu et al. (2019) 95.05 94.82 94.94
B RAY 91.34 90.58 89.33
TB-LSTM-CRF 94.23 94.25 95.22

3.4. T e BiEE

FAVRME T — s, TIEBEyEdEE. Hpad Tk st BEgifl@sirREs e G
B, 887 RKEEE B WK BT M LR AT TSR SR IR B E S, RIREEE S )
AT RE AR S — AN eI SE AR R B R AR . AT B L DML B £ S S8k 5.

Table 5. Statistics of industrial motor data set

5. T EHHEREHFSRITER

PIRELIR NER #5825 TR

W 1504

TR 422

W 863

Tl bR A 333
Ja 653

JE A 646

RESME 1439

fEZAELE b, BA TR IRAE 25 I e AR A S Bt (32, ( 6)

Table 6. Result on industrial motor dataset
5 6. LA e IRE EAIELER

it R 2 FEImES F1
[13] Zhang et al. (2018) 79.64 84.82 84.64
[16] Zhu et al. (2019) 82.43 86.28 86.87
FELL AR 80.67 81.27 84.77
TB-LSTM-CRF 88.36 86.94 91.03

35 BREWER
N T AR BAT AR RL R A 75 E R M AN AR B, FATIRR 1 AL BBt S5 (kLB ) gt AT )l 25
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Figure 3. F1 score values of TB-LSTM-CRF experiments on the industrial motor dataset and the joint dataset
[ 3. TB-LSTM-CRF 2 5ll7E Tl BBl iR EE AN X & BB & LR F1 8(E

SRR, BOREATRIRIIAE FL 70 Bbe b B2 b B A =2 5 BRI & B0 R T VR VI SRR B I 1
PR, AIRRAPER FL A BERARE TS —. &Y, AT UIZREEA,  BRAT BRI B
TR BATEE 1

4, &5ig

FEARSCH, FAER T Transformer BRI LSTM 454 k42 57 3¢ NER BRI HERE, 7E 3.4 45525
Hh U I BRATT RS TR TP 75 AR S L A A A SR U R REDREAS B U 57 (1 FL 0 B{E, 10 ELBRATT AR R 2R B el 2
ANSEH]. £E 3.1 2 3.3 FSRIe R, AR RIEIESES, AT AT LA RO B

XEFRRE AR, AR GRS et A TR R, A B8 & BAT S B ARSI AR 55 . BATH &0
Ry B Seid o A R Bc A pUESS L.

E&UH

(LM FREE s SR S5 il @ etk ) , EXRARB ¥R ESTRSRBTIH, HHRWS:
U17012621006336. () ARAFPLFFELT A 5 KRBT &) , | RERILG & E KR LI
BETH .
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