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Abstract

Due to the large differences between Chinese and English, there are a series of challenges in the
research of Chinese named entity recognition. Currently, the BLSTM-CRF model is the most widely

NESM: £, LR, XIART T BERT B & AU Tk AR RE S HLE ABTTL, 2021, 10(3):
215-223. DOI: 10.12677/airr.2021.103021


http://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2021.103021
https://doi.org/10.12677/airr.2021.103021
http://www.hanspub.org

T %

used. The model uses a combination of deep learning models and statistical models for Chinese
named entity recognition, which can effectively extract contextual information in the text and
consider the relationship between tags. However, due to the presence of polysemous characters or
words in Chinese, the meaning of the same words in a sentence may be very different. In this case,
the performance of the entity recognition of the model is not ideal. In order to better realize that
the word representation can not only contain a variety of diversified syntax and semantic repre-
sentations, but also can model polysemous words, the BERT language model is introduced, which
can calculate higher global word vector representations and weights in sentences based on con-
text information. The BERT-BLSTM-CRF named entity recognition model enhances the represen-
tation of word vectors through the BERT pre-training model, uses BLSTM to obtain contextual se-
mantic label sequences, and then uses CRF to find the optimal solution. Using the People’s Daily
data set to test the proposed model, it can be found that the entity recognition performance of the
model is greatly improved compared with the traditional model.
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1. 518

BEE N TR B AR IR W R R RN TP X 5 (M G, G fr A 8 P 50 o o A 2 R
IS BRI BN E, DU T MR ARSIl 7B B 2AIE F LB R (Natural
Language Processing, NLP), NLP £ AR7EN T8 ger= kb B dE% BB AL, H#Esh T N TR ReRrs k8
TR, iy 44 SRR NLP 1) — ISR A0 S B ARG oy o i 44 SRR R 1 3 AT 55 2 g = E
SERSCAAE B RO T TR IS R, O 2 N TSR, R R B R & SO

VAR, BT FREE I 25 1D i 2 SR USRI T 132 O3, A6 4 SEACR AR B 7t DL B T
UFI ST, Lample 2 N[1)$2H 7 — Rl it TR M2 ORERY, $R15 T et TERE: Yang 22 N[2)3RH T
— ] DATE A5 RIS TE & DA VIRt N IR R ERE RO T 7 MIARVE IR FE E UGB IR ZE M 245 de Oliveira
2 N[B1HH —Fh FS-NER 7572, ff it JEAR AL BEARARIC IR, v LALLR G 7 A b 35 B, L CRF
WS AR NS . fEE W, BB N[4S H A U0 d ) E R ERHER R T, RN TS
BLSTM-CRF #4!, 7£ STl pR fiw 44 SR RAINTE 55 h S EAL U PERE ;5258 A [S]1f8 v S AR
YEREESE, @S AR LLES, 750 ALBERT-BLSTM-CRFs ZUR i HITA 68 /1 HoRM 4518, At
2 N[B]HE HH —Fh 5 MR R ML SOy IR A i, vl LLABSAR AT SRR 2, s mismltEge.

H AT S 24 SR OIEE IR RISk, EB T OS8R SRR ZE R SRR LT LA
H—, PCHFL Sy, AT Hia 2 BBAA -SRI, X AR 2 186 9SO A 44 SRR 7 i3
FAERSCHEA K, BAAE S ERM  SCER AR SRR AR T & s K=, R E R E L
ERFERAESE T, [F—/MapE SCTREA IR KX S FTeL, WS 4 SR Al i 78 B K& .

2. HXI1E

i 44 AR B T A FH R RO AN 5 S 5, ISR AR N =50 5 SCHR AN e im] gt xSz sk
ATUCHECHHIB, HERA = ey, LT K B AR AR Bl i SR, 75 22 SO N (KA e ] i, 2 AP AN e
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SN RIET AR I J7E, I IEMRR TR BRI N TARE TR EHE A I ZREER N LA 5 ST 1Y,
TR IR AR SEBLTTOIN 7] o SX AR VEIIL PRI (B 8 2 YR 22 s, R bR 1 AR I v [8] o

IRBEMRZE N 28 J7 1R800 7 AR N TARVERARE AR, o] AR AN A RR I S B2 R C &R, 1531
HArBRrERIE, ARERVIEGREH, KRS 218 H Ty 2 SR UNAT 55 H B 0% HUS 58 47 1 45 2R
[9]. Collobert &5 A [10]#2 tH—> 2 220 W0 25 Z2 ), did KB K38 o3 AR i I 2R Sk 5 2] R
SEEHEIZ ARG B A RIFHITERE. BEJS, I T PE #0228 0 2% (Recurrent Neural Network, RNN){G#E
Fh 22 2% (Neural Network, NN)FRE R, 38 3 4 FH KRB 12 4% LSTM (Long-Short Term Memory) . 51 411,
Huang 25 \[11]#2 4 7 BLSTM (Bidirectional Long-Short Term Memory) 5 CRF 454 % H T NLP 5%
Frids Chiu S8 AN[12]4 H T & E — XA LSTM Fl— A7 CNN [RET 28 X 28 2548, 75D HURFAE T
FRIBOL R, FEf 4SSN 7 TR T et 45 8 Ma 558 A\[13]454 XA LSTM. CNN #1 CRF, #H
T Bl B RS, GRRRHIE LR, £ REEE & T ARRCAES TR IAEFE I Rei & A[14[5R HEET
TERNUR )RR, LERTA VPO B T 218 R PR R AL

3. MRSAHFEE
3.1. BLSTM &8

TE AT 2 SEARTN T, P2 I 28 BT AR LR G L35 5 SIS RIS T L AF RS, LSTM (EEFA 4
2% M 4% (Recurrent Neural Network, RNN) P24t F, K BRGek 2 (1) 588 4 & T T ridiZ s oo TR, mreL
fift vk RNIN T g it B PRI RV BRA B 2 [15] . LSTM 2 i — 4B B N AR B, F— AN fE sk
G — N AMEI R KA BT = Ak e ——HA T B TR S T —— A i oot
LS SR B R E[16].

LSTM Socgstainls] 1 frw, Harh  id ZBEeRAS,  h A UiileseiRas, o, A EAMIRE, ol
DUEAMDIR, x NARTHAGE, ORI, i BT, ¢ ONIREE R, o M IIHHH.

HARRFEN: B h A x A NS 1438 f,, @i sigmoid B& A RKE f, (OE P HI7E 0 AT 1 2 1],
WHT 0 AR5, Faik 1 FMECREE s 4% h, A1 x, [RIEHA& 3 2% N 1709 sigmoid 1 tanh s, 43l 15 31
i, 1€, , tanh BRECK ¢ IMMETEHITE(-L, 1), i A1 C M, i e ¢ EABURFAMLEEE; Ke 5 H
PeIME 5 i F € HRIMEMI, B8 c s ¥ h  Fx —BENRTHITHEE o, ¥ c fLihe tanh KL, I
W E S o AHIRIF I h, o

Aht
. R > o
) X ——) by
I & Ot :
: [ sigmoid) [ sigmoid ] [ tanh J [ sigmoid ]
h T T f T

Xt

Figure 1. LSTM unit structure
1. LSTM HyT4EH

e
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LSTM A7 570 BARSEBL U T -
fo=o (W, [h, x]+by)
i, =o (W [h_, x]+b)
¢, =tanh(W, [h_y, x ]+b,)

¢ = fixc +i %G
Ot :O-(Wo[ht—l'xt]-’_bo)
h =0, *tanh(c,)

Hr o 22 sigmoid A%, b & E MR, W 2REURAMBCERIE.

LSTM IRaseiRas R Tid £ MEE, BB SUE B 4 SRR T 5 R Ul &+ 4r 2. XUH]
KIEIFICAZ 2% (BLSTM) A LSTM JZ AR, A AR A AN LSTM J2 ] i Al a) Ji5 T B 57 (1) B
FHORAS, I IER ) LSTM /75 EXCfE 8, R A LSTM 3548 R XXE R, REE A BERUIR S BHER
KAE B LA H[13], Re8 & A% 58 BUT bR icAT 55

3.2. CRF

BLSTM H2Y H Ge g Fil SCA 7 2 SHR 2RI 8 R, MABETIIFR 2 5525 2 RO &, 5 3 2 i
MR sORME, S a5 R R AR R, SUrT R 280 PRI A G 2. Flan, A BIO
B2 SR IEAT i 44 SRR, TERA BIARSE P S AR %E O Ja A2 HEARAE 1

AT HEHLI (CRF) REE L AR QO HR 25 2 18] (1) SRR SRAF S AR T 2 41, AT PR 4D BLSTM Joidk Ak B AH
PRI R BR A [17] o

TEAr 44 LARRAES H, F BLSTM i th AR S 7 515 A\ 2] CRF H1, {8 F CRF A [FIRFAIE R HOR A5 25
FFANREATHT 73, ARFAE BR R DA 22 117 3w R 7 320 3] RO AR 25 4T o0 bt o 123 BRI T

score(L/S)=iZn:/1j fi(S,i 0, 0)

=11

Hrb S BRIFCIAIT, L 2ARZEFA, fARMERE, A AHBE, | 2EEATHAE, RIS
HER | MR IIARRE, mONRFIERR AN n AR TR B0 — A EUE Y 0 B 1 IR, 23U
g

exp| score(L/S) ]
> exp[ score(L/S)]

THE BT I B R MR 2R A 1 N e AR 28 7 41

H T, BLSTM-CRF & i £8 28 A5 R0 v fgff B A28 fie i () 2844, BLSTM-CRF #8440 1% 2 froR, Hedhk
BHER R LSTM H0. fE BLSTM-CRF #4841, FIH BLSTM KF[& EFUE R, AT m4EREhEL,
[F A CRF R34 R & nl LS 25 M N RHE AN A) T hn 2845 5., DL RN N RHIE K
T 2 HTARSS o

3.3. BERT #&#

P(L/s)=

TERZIE SR F, Word2Vee i) 1z, {H'E % BIE UE B 2R T % 1 K/N15], 1fi )5 Peters
4 \[18] #2H #J ELMo (Embeddings from Language Models)#i AL s BLSTM X | K 0f5 Bk, {2
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Figure 2. BLSTM-CRF model
2. BLSTM-CRF f& 8!

BLSTM (15 2 MELAE 7158 T Transformer, [FR, BLSTM IR #IEME Ml VAT HATHHE . 2018 4
Devlin % A[19]#2 Hi ) BERT (Bidirectional Encoder Representations from Transformers)tiZfd, {iif£ )2
Transformer, R [A] I SREE) 7RI EPIAN T 1A BB S, E1% 208 S B b IS 1 5 4 1R S

BERT B ZE KGN & 3 o, ‘B8 F 1 XU iA] Transformer 4mfid 2% 4514, ﬁé*ﬁﬁ%%ﬁl:mﬁﬁﬁ)?%%*@,
08 2 SRR L AR A5 ph 22 R £ [20]

Figure 3. BERT model structure
[ 3. BERT &I

Transformer [5G 8 H 7324 & 1 (attention) LA, B3 Ik — AN )7~ rh i) ] 55 9] 22 0] ) SR BRR P 1 B4 AL
HARBOE PRI UA R AE[21], 58— EEEREE X 1%t . Attention HL A THE 2 20T

. QK‘]
Attention(Q, K,V ) = soft max \%
s 3
Hod 2 FEAEE, Ko Qv V&M NF M.
Transformer A5 {14 22 S ids i L T DASE i L A8 AN [ o7 B AR 5570 BRSO AN R 30 42 1)
AGEFERITHEE RS R B SR —E. AT
MultiHead (Q, K,V ) = Concat (head, , head, -, head, )W ©
where head, = Attention(QW,?, KW, ,vw;" )

BERT AL U ZRAE 55 “Mask 15 5 B8 7 A TR —A) T30 7 20 i BB 25 A1) - 251 (4
Ton. TESERRRAE, Mask i 5 B RENLIE 55 15% 1R, SR 15 18 F 2 o TN 4508 55 i) . R — ) Tt
RS RENLE e — L8 6) 7, R LA~ 4.
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3.4. BERT-BLSTM-CRF #&#!

ACR 1 BERT-BLSTM-CRF A7 0114 4 Ffim.

S

BERT= BERT

BIFLSTM ——>| LSTM I :I LSTM I >I LSTM I ‘;I LSTM I——)

v Y v v
JSMEILST™M (—| LSTM |(——| LSTM |<——| LSTM |(——| LSTM |(——
\r{ ‘F< ) 4 L 4

Figure 4. BERT-BLSTM-CRF model
4. BERT-BLSTM-CRF &%

AR PSR RE N: FhnEiEehE BERT EARIEE T & 08 UE B EMRERR; K5 K
HE =R NS BLSTM BT ER R, BT R LSTM 3575 4500 L H X m &, &R LSTM 3k
A FTE SR SR A BB BLSTM 24 H S5 AR MR 4t N B CRF 23R8 4 R i AL Ak

4. S
4.1. SR

AR S S EAE AU R SAE S T AT R A BN B H AR TERL A, X2 H AT PR A P e A R S
PRETERE, ERET ST T AL, e, A EER. ACRH BIO f37t, B RRSAEITE, |
FonspkrEiE, O RRLKIA. ¥ALILHN PER, HLMAZIEHN ORG, Hi#idly LOC. i, B-ORG
FORPU A AR BTG, 1-PER o N 42 SR I o a)ia] o Seate #2 FR B LR A3 DI 2R . DIRAE AP At 45,
Aszinrh, YIZEAE 20,864 M)T, 6,277,429 A~ Wlli4E 4636 /M)F, 1,405,788 M7 TPAAEE
¥ 2318 MAJF-, 702,455 N F.

4.2. FHAIERR

ASCRFIHERIZE P 73152 R FL (A BRI . B ST
R, P Y
VU T S A
o _ LB TS
T RRE A SE A
_ 2PR

F= x100%
P+R

x100%

x100%

43. =ZESY
AIAEH T Google $2 (¥ Bert, Chinese #%!, 1ZBAAEH 12 ) transformer, k)= 768 /2, 12
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Table 1. Experimental parameters
=1 IEBH

B U fE
seq_len 128
epochs 20
batch_size 64
Layer_dropout 0.4
Layer’_blstm 128

4.4, EWEER

ARCAFF BLSTM. BLSTM-CRF fl BERT-BLSTM-CRF # RIS S 4E 3t 47 1145, soIb 4 Rings 2.
% 3 iR

Table 2. Recognition results of different entities by different models

2. PRIEBEM N ESLARIIRAIZER

A A4 R SRR A HERE P Bl #% R FfE
LOC 0.8236 0.8732 0.8477
BLSTM ORG 0.7332 0.7304 0.7318
PER 0.9126 0.9313 0.9219
LOC 0.8596 0.8996 0.8792
BLSTM-CRF ORG 0.8498 0.7379 0.7899
PER 0.9599 0.9459 0.9529
LoC 0.9304 0.9409 0.9356
BERT-BLSTM-CRF ORG 0.8773 0.8809 0.8791
PER 0.9698 0.9687 0.9692

MR SZI6 45 R TT LA Y, Hi S AN 44 (AR B LU LR 44 AR AR B, TR R ] R AE 8 e S A
X4 F0N 44 146 5 AR te b . [FIR, MRPEFETTLAE 1, BERT-BLSTM-CRF AR A X SEAAK 114
)45 55 5 A AR R (R 0 45 A B A R AR T

Table 3. Named entity recognition results of different models

3 3. TEMRER&ESFRAIER

B R HERf = P HEHER Fiff
BLSTM 0.8197 0.8441 0.8317
BLSTM-CRF 0.8837 0.8615 0.8725
BERT-BLSTM-CRF 0.9245 0.9302 0.9274

JE R LR AT A, BLSTM-CRF A MEREIL T BLSTM A%, B BLSTM #5752 J5 18 H CRF
XhrZE 2 BIHIR RBATHERE, AR BEAETIF RS, @id BLSTM-CRF #7 5 BERT-BLSTM-CRF
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BRI b, T LA NN BERT I SR e 5 47 i 27 >) ) 5 vpial 2 A R SRR PE AN ZEAR 1, A9 38
LA AR A R AR, HEMIR TR R RE .

5. B4

AR SOR i 44 SR IR A K H BT SO R AT 1 0T, BEXS A SO  BHE , # BERT #5
54511 BLSTM-CRF #RIM45 4, #i 7 BERT-BLSTM-CRF #7 , iZ#5 @ T BERT #H7 {154)
HhE] 2 B ) SR AN AN A (A EER SRS A R A R RIE, 454 T BLSTM 223115 E R UE R
BE IR CRF 5 84 J5 {5 EHEWT AR 2 KR 7 o B 7E N IR HARIERLE F k7 2 Sk i), F 5 ik 4
BRI, ASCHIE K] BERT-BLSTM-CRF 8! BA 7R . SCIRERM, 4 BERT #AYIZ H T4
SRR AR BR T ERERIVE T, X G SR R B — e S .
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