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Abstract

Organization name recognition is one of the core tasks of named entity recognition, and its recog-
nition effect greatly affects the downstream tasks, like knowledge map construction, intention
search and so on. There are many problems in the existing entity recognition research of organi-
zation names, such as the granularity of entity annotation is usually too coarse and the recognition
rate is low. Based on the above, an end-to-end fine-grained recognition model (BERT-BiLSTM-CRF)
independent of artificial feature selection and domain knowledge is proposed. Based on the tradi-
tional entity recognition model BiLSTM-CRF, this model introduces the BERT pre-training model.
By introducing the BERT pre-training language model to obtain the dynamic word vector repre-
sentation, it effectively solves the problem that it is unable to obtain rich semantic information
due to the lack of a large number of training corpus. Then it combines the BERT and BiLSTM-CRF
models for entity recognition to learn the corpus context information and label transfer relation-
ship. Finally, the fine-grained category label of the institution name is obtained. At the same time,
according to the needs of practical application, the category of organization name is re-divided,
and the data set is marked with fine-grained corpus. Experiments show that the F1 value of this
model is the best in the training data set, reaching 92.41%. Compared with the mainstream
sequence annotation models, the proposed model in this paper has higher accuracy and great
potential for practical application.
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v 44 SEAARIA I (Named Entity Recognition, NER) 215 S U B E AT 2 —, HH 2 A SCARH R G H
1 44 SR B SRR LT IR R SRR A . AR R SRR TS B P E N4 Hu . MU b, H
&, HMTHBEAFENRZ ., SHER. DRZERERORSE R, FHARSEALE, R HERZREUE[1].

Bk A AE H 8 ARG v 78 o AR BRI SURA B, 85 7 ABURHLIG . BRI BHEEURS P
BIREE L ANRAL, R, KU 42 BEAT IR B S AR ) B 7 A IS SRR R . IR 2 23
fill AT RE— RIS o, A4S A STAS il B SR PR SEAARAT SE N TR E L, A PN SR &
BRI T ) T 0 3R 50 5 SEBRMT S5 1R IR B DI IS4

44 SRR A BT RN BTG R IR S S 1 . BT R I U v i o A sk
PRI RG R RN L ST, N DRI R AR e RN, P M R R UC C AT 5 X eI P S, A TRk
A, AIRBREMEAG. B THLAAE S 008 WG B B R o] RS FN S4B LA [2]55, SCHER[3TR AL 55
SAFBENLI A S S0 SO AL . AR A BEAT RO RIS T AN IO RCR o B, XM 79300 T 1 RHEE 4K
AR, T HLFR EAE R R — AR S H [4]

AR, BE TP I 2% 1) 77 VEAE SRR AR S5 TR BUAR T ORI, SCHR[S] A XLl 46 I 12 0 4%
BILSTM [ 8112 3] SUAR HIIA R AN 75 % %7~ 1£ CONLL-2003 %#is 5 FEUAS T FL {H 90.94%) 5tk K~k
4, ZITIERENS AT B 2 o) SRR RRIE, ATEEN TR . ML THSCGE R, 3
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AR, BT T e AR 2 2 R SRR A RUR (6], BRIk, H o 4 SR AT DA Ak e
FFFON P FIbRIEAT S5 o SCER[TIZR B, BT RFG0 R S S IR A R R BOR 2O 3 T 11.05%. T 4F
(AN ARG T 5l NI, (HEI E& TR RS BRHE, TiER R SOESR I —ii 2 X
PG . SCHR[BIKs - il AR SEAR R BB R AT A I S, SEIGAIERT, i Ta)TEnT DA R st 4138 A5
BB SCAR P AARR R . EE IR R AN AORGE R, ALBERT. ELMO [9]. BERT 2101l 4kiE
SRS B B PR A AREAIE, SCHR[10]42 ! 73T BERT R SCSRiR B ik, AR HiER b
I3 7 94.86%[ F1 {H. SCHR[1L]ZET H&EERL, St sC M AREIAT RG], BTG SORRFERAL
word2vec ‘TR AR BERT FIZRAI R NBEITXTEL, IESE3ET BERT HIFHRN M) & A6 T U7 MR AE 745 115
SCFERJREIE . tbAh, BERT HIAUH MG IR B4 [12] BRZ4[13] [14]. £ S [15] 54T s iR AT
%22 H

HHT, 5B 2N 4400 SRR BIAEAE R 8 © B LR KR, B R S5 BAREZ IR B K
WMo @ —IHZ WIGHE, FWAKRE. @ MILESREAESMRERN, Hlin “ ERIFESIEE
Y7 B Ry A 2 3 BUSTAR B U) 2, SR ) I R S e R R R HE AR . R SR A — MR T
BERT-BIiLSTM-CRF [R5 R), iz A% BERT 1EASRBNLI Z4F1E M & T T5 ik, &6
BIiLSTM X} | F 305 B HIICAZAE AT CRF SHARZE LR BE J1, 15 58 BAR BEAE SUE BN FEAt 1, S THgisd
X H S A 4 SR BRI AER 2R, FRLE 58 AR AT 55 9 R 58 Ji 1 S A4 43 28 il
2. BB ENEER

A S0 A B A ok B AL 5T s L POI Hidl , SR POIL I FK, Bl —AJiE 2 54 POI
ZFRIHFNWT AT AL 2. MR SEBRINH 75 SR 45 & POI $idf AR 2kl o0 2K 7, A SO¥ AL Gr Uk A LA 44
BE— AR R T 12 NG, o ARSI RS RN RS (ETE RS AFIL. BT RS
BURHLAE . AEVEIRSS . R, BHEORS . SRS Ko EFETRS . BIRESHERNE 1.

Table 1. Statistical table of the number of organizations and entities in the data set
= 1 BmEALMMMIAH BRIt R

PRAERY e F1

A2 38 Bt AR 55 7974 IEFHAC A FY
PR R 55 2817 B JE R4 bl
EX i &3 1731 AERTRI K 4L
AEIEA 4 12,982 R F AT
B=I7 IR 55 2550 RREILI]E
BUR L 3657 A HAL X 52
A3 R 55 13,186 e bR B
oz HfA 1978 B E L X R B K ]
BHRSS 5930 B b N
SRS 2912 P 4RAT
M54 1791 &R AR
BURIRS 9716 HEWE

it 67,224
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ANHERIN, IS T PO LR 44 B SEAR ST R 203 5 R AR FE I . M PR L (CERTIE R B
JE)” GEE XS CE R RET ARG B BOGER, MAEE M NER T4+ I8 5 HURLE KI5 “ 1
27 BFE NMBR” , XIFAEH TP SRR, Bk, XS 8 AT A0S0 4 28 0T DL G )
() FH P A S A R

Ubah, MU ERRIBFEERROE A ERRENE, flan “SREEHEENE” . “HHEEE
KRBT IE)” SERRRSS SEAIA],  ATARA RS B RR BAE BTl . 48005 RIS S5 & & B S fAn]
BEERRE B R RSN LA R ERE R, W “RZETMFES” « “WE AL SR
o3 I T R A T i 0 00 8 T Al w5, LS A B ORI TR B A B SURA T EEAR

I, M2 RBISHEZFERE, 1 “PUbPEsh” KRBy RSB o “Puds” « 5~
e WP S EREARNMER, W W« MR . IR 2% FRIRPIA LT RES 4
v, TR S, W “colala2 55”7 . “.com R4 %%,

gE LT LUEH, MU B RE S bR B AR R AR 28 % o . B A AR E MR, 1B 5 RIBAM
TOAEAF A, 25 RN BRI 43 SR AR R A Sk LR 1 R A

3. HF BERT-BiLSTM-CRF HI##945 sSCikiR B 75 3%

SR 48 SR 5 G 55, A SR BERT-BILSTM-CRF B2 (1) 9244 11 B 75 Vi e WL 2 AR B 5
SR FEE F) 43 1
3.1. BERT-BiLSTM-CRF }&#&!

AR H I BERT-BILSTM-CRF #8173y = B4y, BB W 1 fis.

CRF{

[vomms | [ remms | [ remms | | rewms |

BiLSTM

BERT

@ & ® ®

Figure 1. BERT-BILSTM-CRF model structure diagram
1. BERT-BILSTM-CRF #& R ZE#3[E|

EGERANERE X = (X, Xy, X, ) Forft, ) FoRifkh X 8 i A SRS — EA T 2508 5 A 2
BERT ZRHUEE X I ERFFARHE R ST A T = (T, Ty, T, ) » Forfr, TR xi B R FFRHE )
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FERNI B, N X PR xR IR B A RN Eis. TR Eic MAL B R Eip X T A& B, #
ik NS 3 BA 4 R UE B T4 T,

R — 24 BILSTM 2, B IE [ RIS LSTM 4R . 55— 2 3RELK) n 45575 16 & AE XA LSTM
FRZE W2 5N TS N, A IER LSTM a4 MBRIRAS I FIN, 4 &1 LSTM J5fi it i Bk 7S 7 41
N, SREHE TS RS BPHERR 2 e B IRRES P A by = (hy, - ) o EIEZR I 2R e B I RRES P
FIBLS 2 Kk 4E(k e PR 50, 1S BIRFIERERE Poao LM py RN ERF | AR VAR § IHESR

FEAIES = )2 CRF /23252 BILSTM i tH R AEBE P IR SINEERE A3 70 40K, 3 1 4k b SR
P i b 2 7 5 R sR 15 4 R B 9. BRI “HHRERAT " NARE N “ SRS .

3.2. BERT &5

AP NG ZR T, LSRR i S0 3Rom i) & TR /R B 4 N . 55 one-hot.
Skip-gram. Word2Vec Z5&: &5 1d [l iR n A F, BERT J& — M T RO I AR £ )2 Transformer 4mfid4s,
B AT DU AP s 4 4 i AR BB B R SUE R, B R A 2 Bos.

] (B - [%]

Figure 2. Bert model diagram
[& 2. Bert # &Y & [&]

BH T o ST 3 ] 3 R AE AE R 23 07 (A7 AE &R 0] 33, B 10 7 Tl 2 vk SRR IR BOR. , DAL, AR SC BERT
BT H PR NN o TR — 7 Wi KA & Ei 2 =AM 2 AR : PR R
] & (Tokens_tensor). {7 B [ & (Positin_tensor) F14] ] & (Segments_tensor), HAKuE 3 AR,

BEAERTAR, KA E; B RS TR CES N FRERA T 5 i
IALE, NFFFRINEPE R AR NERZNERET /4], F[CLS]FI[SEP]R R~ — )T I 4
PLEMARAE, WAKE L NAZRIFKR, AREr 2T SRARHSmEMLLL, BERT ##
RS 7 A RE SUE BRI &, AT AT DA e SO A T« 3a] 22 307 1A, TXO0 B 44
SRR SHIRRMIFE . Fik, ACRAH BERT WA A7 mE, e naErfmaE, R
FREEUFIR 7 KRR

3.3. BiLSTM #&=#!

HEWM I 4 BB LR SRR, SUARES N, (3T S bR R A
FERH F R E BRI EARERCR . LSTM 4%/ Long Short-Term Memory, BIKJERHLIZMZE, &
A DA R ST KRS E . LSTM BRI GE R I 5] 4 Fis
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Figure 3. Input vector composition of Bert model

3. Bert IREVM N [AIEADAK
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Figure 4. LSTM model structure diagram

4. LSTM fERILE g

A TAE GG LM LS, LSTM EZRIN 78] fis 104207 i A 1] o = AN 1148 5o Sk dz il

ALk s s S e W Pl T o o SUR

fo=o(W, [h,, X ]+b)

I, = O-(Wl [ht—l’ Xt]+bi)

C, =tanh(W, [h_, X ]+b,)

0 :a(WO[hH,XI]+bO)

h, =tanh(C,)*o,

Ct :Ct—l* ft+it*6:

)
O]
©)
(4)
®)
(6)

Hrr, o AA3% sigmoid p&%, tanh AREXUH IE VI BGHR AL W, W, W, W Z2&DNTTIRE, b, b,
HEEAEE — AN A RS S, R, ASSCREE) BILSTM i
YR — AN XA JE IR 2%, H AT LSTM AlJS 1 LSTM 1A TR, &AM %) BILSTM BRI B 2454

b, W, R&ATIWES. &T LSTM
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h A1 E AL h AT FRAGAZ BRSO S, RIS I 4 i R B A PHEA3 20 t B 21 BILSTM 11
B h =[ﬁ,ﬁ} s IS 2 A e B I RRARAS PP A1) {hy, by - by b BT 2R s 8 B BRSSP 5
WA 2 s 4i(s ARSI EH), MMTAFEIRFERERE Pogoe Forb, py 7075 | AR NRRaE j IR

3.4.CRF &%

BERT 5 BiLSTM JZ 2% 2 B IARSE T 51 A 2 F A5 AR 5 S F B R SCRHER 2, AUARIRFT 708 1 =
MRHEAT B R B IR R, XA I AN UER - 72 BIO AniE i, FR%E 2 AR — BRI R: 1) H)
FRELRZ “B-" 80 “O” JFih; 2) #3% “B-X1. I-X2. 1-X3” # X1. X2. X3 MiZE T4 305,
26 FRtEP 375 (Conditional Random Field, CRF) ] LAE T 2 >3 b8 22 1] [ % A% K0 0 S B 4 S dpe PR e, 348 T e
R TR 25 SR v H ARV P S 2R

CRF Z1HIAA BILSTM Z4ith HRFEHFE P F1—ANBEHLAIGE A R FE S A FoH Kk SRIRHR
RN, n RN T I

Horraefan tHAR 2741 Y e

Y :(ypyzl""yn) (7)
NP X 232 H 750 Y 12 Bt A O8:
score(X,Y):iPWi +Zn:Ayi,yi ®)

b, ARERER | MR TN RRAE yi KRR, AARIRAE yig B R BIAREE y; IR . B e A v] BE A0
PREEFEH Y 4593 R HUE 5 R ) 4 Ry e A B4R i
Y™ =argmaxscore(X,Y) 9)
4. ERERK 3T
4.1 BIE&E
AN RN o3 I B SR B 7:1:2 Ry BN SRR BRUFSEFIMNAAE, B Eg i B2k 2.

Table 2. Distribution of entities in each category in the data set

2. BIREF R LHNLEIMIBER

P25 Rt EEES LAt S kg
A it R 55 7974 5516 859 1599
PRI IR 2817 1935 310 572
R EIE 1731 1194 174 363
AT 12,982 9203 1250 2529
B=y7 MR 55 2550 1762 268 520
BURHLI 3657 2535 372 750
A E RS 13,186 9206 1326 2654
A7 1978 1393 203 382
BHRS 5930 4167 531 1232
SRS 2912 2044 301 567
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Continued

A4 B 1791 1251 171 369
BRINS 9716 6850 958 1908
it 67,224 47,056 6723 13,445

FERRBUEAR 5, 2R B Fe A i b R AR 2, AR 2 BIO AR AN SEARHEAT bRE, A5
ERPIE I 3 P, fEiZEAF “B” AARELARIT, RSN HS, OAUERHAM, 4ERb 112
NS, CPRBINERRZE S 25 A, il “B-BRTRSS T . “I-BRITERSS T . “B-HER PR O “I-tt
ZHE” . “0” 4.

Table 3. Schematic diagram of organization name corpus annotation
= 3. HEBIERMREREE

F1 bR 1 bk
i B-RHEURS % 0
i I RHEUR % % B R4
1 I RHUR % K R T
cm I RHEUR % % R O
i RS K ERE RS

4.2. THIEHR

EMRGE AR, AT Sl S5 SR B 5 A TTEC I, A JIWHZ SR R B 0 (E A . T AR S 36 5L
PP RIS R A AT, T AE & W T AR 7E & 280 B 8RR, SRIe R B FL(E/E VT
Wrbnite, 3 LLHERA 2R (Precision) A1 4 [8] 3% (Recall) 5% .

_ 2xPrecision * Recall
Precision + Recall

F1

(10)

b, FLAOMEAROR, AR 1 SL a0 R0 BT
4.3. SKBER

NIGUEASCH ) BERT-BILSTM-CRF #5875 4i ki B ZH 44 IR A R, 4> Al F BERT-CRF.
BILSTM-CRF Ll A CNN-BIiLSTM-CRF ) =i 4 SEAA R 68 5 A SCR ) BERT-BILSTM-CRF #5244
BEATXLE SR . SRER 45 R 3 FivR.

BERT-CRF: BERT #iAY i & UAKE S LT T ISR, HBha CARR R I IEME T G ii 43
ARFIRIEESCAREAE FRIH R R EGER, M BERT B iFHAE dr 4 Stk ) B rvEgE.

BILSTM-CRF: ZM A2 28 i () iy 44 SEAR IR AL, B BILSTM EZ AR LT UER,
I CRF JZ X AREE B IR R AT LR

CNN-BIiLSTM-CRF: CNN 7] PL%% 2] % 0 S AR, DRI, IiN CNIN B iiE HoAg 2%k o

JERE A 4 wTH, BI0T BILSTM KRR EEEE T BERT-CRF SRR AR F1 IS 27, X2
R LN 2K K BUAAAE SR R IR, ] “ p 3L L35 B R A1 i N AME 2R %)) L 32
ge” %%, BERT-CRF 2XHiRIVHHARA N “BHEERS” MiA “BUNFII” o 1E A SRR I
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A BILSTM-CRF #2841 F1 i}y 88.48%, fE5| A\ T BERT B2 J5, #i8 F1fEHIES 1 3.93 ME A,
XULAEH BERT A ANERIEHT M B2 5, A 7T, 1iRIAE MR, B UEEWRENFEE.
CNN A PAZ2 ]38 RHE 3G SO SSE, F1 BERT EAMUER, EERZMAL)E T Re 2 2k S L i (1)
JAEAE R, Rk, N CNN MIZCRA W BERT 4f.

Table 4. Comparison of experimental results of different models

4. FRIERF LG RIILL

it F114
BERT-CRF 91.73
BiLSTM-CRF 88.48
BiLSTM-CNN-CRF 91.49
BERT-BiLSTM-CRF 92.41

4.4. FEISKFSLIETRIIEL

45 B T AR U 44 Bl £ B SRSAR IR A5 2R . B siEimr &, 52 I B A 55 SEARAE AN
[FIREAY b AR R A, RUOMIX SRR AR BAT B B s e e (Bl n . “ &84« “Hil
AEFEY”  CRZTIREE” F) . TARKE RS« A2 RS A4 7 SR BCRIIMET 0.88, #57)
JE PRI R Z T M SR R AR A, Az R 28w LU I AR (S B s TR IEAFAE 30 0 R BHR AR L
it “ B B AR BT 7 BRI RSSO R B BRI “CRGEARE” R
A AR AR PR E AR AR, M seis KRR . mRP A LIAH, BERT-BILSTM-CRF £+
RS IR R R AR -

Table 5. Recognition effect of different models on various entities (F1 value)
5. TPEMRBER AT ERIRAIHR(FL E)

BiLSTM-CRF BiLSTM-CNN-CRF BERT-CRF BERT-BiLSTM-CRF

At IR S5 0.9860 0.9897 0.9894 0.9919
UNGLES 0.7490 0.8146 0.8041 0.8288
(R EIE 0.8870 0.9068 0.8916 0.9183
AT 0.8752 0.9052 0.9061 0.9099
g 0.8686 0.8881 0.8925 0.9135
UL 0.8148 0.9000 0.8884 0.9021
AT RS 0.8723 0.8987 0.9019 0.9081
A EiLEN 0.8101 0.8798 0.8557 0.8764
BHIUR S 0.8590 0.9154 0.9225 0.9280
ALY e 0.9181 0.9466 0.9325 0.9474
s 0.7790 0.8045 0.8556 0.8591
BRS 0.9443 0.9527 0.9665 0.9682
S8 0.8848 0.9151 0.9173 0.9241
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BRI, AR A R R IARE TS, e 4 B A0RLFE SRR 7 AT S5 . BeJa . TER R
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