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Recognition of Animal Drug Pathogenicity Named Entity Based on
Att — Aux - BERT — BiLSTM — CRF
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(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China
2. Beijing Laboratory of Food Quality and Safety, Beijing 100083, China)

Abstract; In order to solve the problems that traditional methods of veterinary drug named entity
recognition rely on artificial design features, which is time-consuming and labor-consuming, and the
amount of veterinary drug pathogenic corpus data is less in the process of building veterinary drug
pathogenic knowledge graph, a method based on Att — Aux — BERT — BiLSTM — CRF of veterinary drug
text named entity recognition model was proposed, which combined BERT — BiLSTM — CRF models by
introducing attention mechanism and auxiliary classification layer. The text was vectorized by the BERT
preprocessing model, and then connected to bi-directional long-short term memory network. The auxiliary
classification mechanism was introduced, the output of the BERT layer was used as the auxiliary
classification layer, and the output of the BILSTM layer was used as the main classification layer. The
attention mechanism was proposed to combine auxiliary classification layer with main classification layer to
improve the overall performance. Finally, it was sent to conditional random field to construct an end-to-
end deep learning model framework suitable for veterinary drug name entity recognition. In the
experiment, totally 10 643 sentences and 485 711 characters of veterinary drug text were selected to
identify four kinds of entities: drug, adverse effect, intake mode, aimal. The results showed that the
model can effectively identify the entities in the veterinary drug pathogenic text, and the F1 value of
recognition was 96. 7% .

Key words: veterinary drug pathogenicity ; named entity recognition ; attention mechanism; BERT; deep

learning

Woks H . 2021 -02-02 & H . 2021 -04 - 15
EE£TB : dbat SR Mk B AR & & A5 A1 BRI E ( BAIC02 —2020) 1 [E 52 i 2 WF & 1 %] 35 H (2017YFC1601803 )
TEERT: BB (1967—) &, B4, i+, FENFIHEI ML TR 5 A TS, E-mail; yanglumail@ 263. net



%3 1

Y % . R @4 9K Att— Aux— BERT — BiLSTM — CRF 1% 295

0 3]

il

PGB A0 AR R R E K e . 3
BRL2 4 7 — b AR i 5 24 38 o 34 35 1) 13 432 fioh A 26
18 T e B L A AT 0 Ok x5 2 R AT HE R I
H TR 2 808 B, BT LAUERf AR = a4
T T A i A 245 S0 SCAR rp SR AT AR G AF L, A
2 O R R T P R SCBEER Y o B 24 B0 i 44 5
P B2 EUR R B BB 52—, By
T2 MEE 24 B0 R 45 A8 A SCA B0 Hh AR AT B 2 44 B
SEEY A ROV R

iy 44 SR U Y J7 12540 % 5L T R BIL g e )
FGRBE 7 2] =R o BE T RO 4 iy 44 SEAR LU A T
VLACITRE 7 T B e 220 . BT ML T Oy
T i 44 SR 0] A% Ak Ry e 51 AR 12 TR) AL, 40 SC
k[ 4] % 4 1 B HL 3% ( Conditional random field
CRF) #EA7 v 45 SLARPUA, SCHRES 1R AT CRF X0l
o R SRR . (R AR e B BLER 2 2T 05 iEAT)
IR BN T R HURRAE

B TR BE 2 2 Wi 4 SR O ik )2 B T
Wl AR HES R B 2 Sk
T I AR 3 A S SCHik (12 R 1 LSTM A
CRF X SCHk 25 9 44 Bk 3 A7 i 40 92 1R 000, 18
DDI2011 3 BHPE FRE L35 3 93.26% . SCHRL 13 )1
WK A R F BILSTM 1 CRF 47 iy 44 SE AR5, 3K
147 F1{H4 90. 10% ., $&T BIiLSTM J5 k2% 2] SUAR
A BE B AR, AR T LSTM J5 12, T KL 203 45 5 |
T3CE R I CRF /] DLSRAS AR S8 bR 2 2 18] # 4 ft
FF o MM g i AR AR B ( Bidirectional encoder
representations from transformers, BERT) e Y B4
TE T i 24 SR PUN B R, SRR [ 1S ] 5% F R m) 26 %
FAE-XL1a] ) R G 2R — 2% 14 BE B 3% K B4 ( Bidirectional

encoder

\

representations from transformers -

Bidirectional gated recurrent unit — Conditional random
field, BERT — BiGRU — CRF) #k 47 #iy 4 SZ iR 1], i
e T A GE I 1] 1] R T7 1 FURAS R O L — i)
IR RIE T 2 ARG R, 78 MSRA KR |
B F1 {H ik F] 95.43% , CHk[16] % A BERT —
BiLSTM — CRF # 8 % A R H it iF B e HE AT iy 44 5
PRI, FLAEY 95.67% o T URIE 7 > (975 1% 4
4 SRR BT 55 56 AL 0 5 G0 19 5 S0 bR TEAT 55, 9
A TRHIE TR TAR R IR &5 T B SCE R 4R
e 1R B P RE  (HR T R H bR i TR

BE TR L A0 A 2 0 2% 2 R BB 2 2T ST Y
— I 2 N TGS B 2 0 R ER O 4R P
BT R A T AL 50 A R AL B4

SCHR [ 17 ] K A5 3 Je 5 23 1 i b R b ) 2 A g o 4
AR, 78 RS 3 26 45U R 18145 40 0 400k A
AR LSS R AL AR A AR T AL 4
WA E)) Iz B o SCHR[20 ] 42 48 2 0 AL
O FR O i A S A Ok AT LR A B 4r
MIEE o SCHR [ 21 ] 43 B A FAS [l 9 13 5 00 3 55 R
B T iy 24 S AR AT ) 52 )

RAT T A W) A e B2 B0 SUAR R IR A
PR, VA e R0, L3 43 S AR 4 B G il
R4S RIS O, BOE ORI R K, B2
FOW AR N ALK R 2 A — R A A 5 B0, R
— SRS AR R Z M X A
A 1R 3, FE 4 A R A gk A A L TS RE
IR GE R T e it 0 07 ok Bt R o B XX — 1)
LA SR I 2hie S BRI 7 s, 2 T s B2
o SR SO F B e ) R TR
SIHL I o 2] 6 B9 Att — Aux — BERT — BiLSTM —
CRF i 2 X 26 B AU i 5l 54 245 3500 400 ki 44 52
PR TERIAT: 55 3 48 ok =7 SO0 1 7 B A T A 55, SR 0 5
T BERT #4757 ] & 1Y $2 B, ffi 1] BERT 3¢ it |
SR8 205 30 B R] ] B AR Dy BILSTM I 4% (1 i A,
PR BERT 240 /RS B 4328 )28 , BILSTM 2
AR Er R 5 A BRI O R EE T R
JHMETHE RETHE 2 NZMLE . RE#WAS
B AL ) , 380 5 A S AR 2 I AR O 2 0 2 i s 47

1 HFERIRSRE

1.1 HEHRE

AR S A € R ASE 2 BOR B S . BT 2
PR BOR R B EE T2k A TR, AHY
JEBCYE 2 (HSDB) ( https: / www. nlm. nih. gov/
toxnet/index. html) 2 — A>3 M F5IE E , F IR T 4
MrArfE e fa B b W . et 7B 2530 T A
(zSieE AR IE NS SE CE E U SO  ¥ 3|
2/ T | S IR L K2 51 s (JECFA)
W % ( https: // apps. who. int/food-additives-
contaminants-jecfa-database/search. aspx ) 7] 8 2% 14 %%
P4l JECFA XFXUBR (B S iS5 5 e ¥ A =)
JOCRIE 24 EAT B BT AT VA RO 2. R
B AR B RO i L R B LR EiE
DL K JECFA PFAl Y Py s id s o Al i &8 43 44 FR 2k
i R A R AU

(B MZ2EZARE &5 25 KR )
WUE 8 2 Sl 5 3 38 mT DU HTE 2 A7 % BR PR
FR 24 AN i S Bk B PR A0 5 2 RS A  AY
2y DR 25 BA O Y f RE B R, TR AR 1 SRR



296 &l #Hl

L

2022 4

3BTt 113 Bl A AT H A 94> 9 o v U
B2 2 FR N S T AT R R, AR A AT S Y B 25 EOw
Bl , L3t 10 643 41,485 711 AN F4F
1.2 HiERE

TR AL T IR 14 189 A AR p A n 3k 1
Ji7s o T BIO AR 07 iE BEATARTE , B R LR 1Y
TR T RR SEAR N IR, O Ron AR LA

®1 REBEHE
Tab.1 Label data quantity

FRENE PR RCR S
Sk 14 189
254y 4067
NN 4281
EILY)] 4038
e AT 1803

2 HBIER

AR H ) Att — Aux — BERT — BiL.STM — CRF
By BERT KB BiLSTM 8k 5 T 73 & 1 WLk
%8 By 73 28 4% Al CRF BEHLIL 4 S B 28 18, 150 245
e 1 prs . el BERT Sl ZhA R 4Ry
f] i, 4 IOSCAS H i R BERRAIE 5 SRS 6 BERT vp 3¢
PO -85 25 B0 AU ia) 1] B4 D BILSTM R 2% f) fa
ALl G BILSTM JZ 27 2] I F SCHF AR 5 8 A5 7 1
BERT JZ it FIVE 5 B 70 28 2, BILSTM JZ i i /5 A
T RIZ LA X TS o 1 4 R T T AL
ALl & AE— 8,V 5B B RRAE , fa A2l CRF JZ
P2 5 i 1) RS

2 @ @ animal ~ © 2
CRFZ
Eie S

Auxiliary)Z {

{ 0 i

0 i

i ’D—»

EmbedZ %‘ X X
] X, X,

&

FIF5
Bl 1 Att— Aux — BERT — BiLSTM — CRF # %1 4 4

Fig.1 Att— Aux — BERT — BiLSTM — CRF model structure

i

o

Bl

2.1 BERT E
TEH SR IE T AL PR AT I A Word2Vec!?! .
ELMo ™ GPT'* 4 £ Fh Wil i % , BERT 4 T

XL G RO IR AT R Bk s . BERT fif
W1 5 A (Masked language model, MLM ) FI
— ) U R AT N L5 o X FEAT B Y ) AL
(SRl o N (= S N N 3 R e B 4 I T
2 JEBERT 5ty /R &l . B E, (T, Trm 43 54X
A B AJZ Vi Y BIO AR & | Transformers %
fith &%

& 2 BERT %544 75 7% &l
Fig.2 BERT structure diagram
BERT ##4 1 Transformer 3R H] H 4 & 77 HL il Al
IR Z AL AR SCAR . Transformer >R F () 22 3k
FERJIHLE, 1T LARAS 244k 15 B o AR SCRE Y
4 BERT [ i1 45 K4y A 2] BILSTM 2,
2.2 BIiLSTM B
BiLSTM JZ k4% BERT %t ) ] £ , 1T 345 B
T4 T SCfE B . LSTM AT LU A5 R A P 15 B4 4 28
% 2% ( Recurrent neural network , RNN) H7 (1 %6 & i 2
oikh R ME R B4 . ASCR M T W LSTM
(BiLSTM) &5 44, fBiln, & 25 50k “ DR i ", LSTM
AT AARAG “H07 1 B — A7 7 R AR AR B T
BiLSTM i 0] AFRAS“ Fir " WG — A7 “ B B4R AE 15
RSN S O S N (=05 S | DG i B NG
T, TSN AE 2 A A AT 2 26 A )T 7 R
TRy AT SRJEAS HC DR R E ¢ W20 BILSTM ()
(B, sh, ). LSTM (2558 %

Fzza-(Wf[Hzfl5X[+bfj) (])
I,=0c(W,[H, X, +b,]) (2)

C =tanh(W_[H,_, X, +b]) (3)

C =FC._ +IC, (4)
Otza(WO[Ht—I’X1+bo:|) (5)

H, =0,tanh(C,) (6)

A o sigmoid I 7% PREX
tanh X 1 D PR

F,I,.C,.0—7¢ t BFZI8 0T F AT il
240 A g )
ENGIRRSPVAISE & ey

W, W, W, W,



%3 1

b, b, b, b,— i Bl it

C,—— iy A B oy [ADIR 25 1)
X, —— BT 2 i 5 A ) i
H,—— I} 2 ) iy 14 1) o
BERT J3 4 th [ 5@ 14 BILSTM J2 4 it [ 7, ;
Ty ) 30K AR Attention J2 40 2 SR B AL
2.3 Attention =
TE T ML B 4035k, 6 00K 5L 7R 1 o ) J2 i
25 DRI B b 45 R AR 45 A 0T DL ek AR o 0 i 1k
B X2 PR A S 1Y A v a] )2 At 205 2R R o s ) 4
X T UG o IR A VR, B LK v 1] )23 7 g o 485
AR AT BIR 4y # . AR SCH BERT 26 45 R AE
S Bh oy 2 4% BILSTM 2 5 th 45 SR AE b 240 25 4% .
BERT w] DL3R15 3= & 5 A5 &, BILSTM /] L1 38 15
KB LR SUE R o KW 45 Gk ok, DA B8 47
AT SR
HEE LR IE XA E BBy, A
DIl PR =W s ol W @ v A s R Dl O (= > W
Attention JZ ) T BAE A i AP IEALE . EZ R 1Y
Aux — BERT — BiLSTM — CRF #i % 7, BERT 2 % tH
SE (HFENAY 2528 ) T BILSTM J2 4 b 45 5 ( 3240 2%
) B A R AL, X R 2 7 A2 AN B i . BERT
JZ B R N S R R 5 1 S n) i TG TR R R A
FEA T A5 B . ffi ] Attention HL 1 7] LA+ i
AR M, A4 O , 1E 5 8 B Y R AE o 4 R
KA, T ARAT XS F )7 5 b5 1 T EZ W AE R .
ARSCK BERT 225 4 45 5 (46 Bh 73 26 4% ) F1 BiILSTM
B 2 R (T2 E) il ot Attention HLH 45 ALK .
TEER T ZE 51 A& I PLH Sk 1T 85 Bh 4
HRAR TR WA RIS 2 o FEE JIE TR R
(Score PR%Y) 52 fif &= BERT 2 %y H [n] = 1 BILSTM
g 1) R 2 TA)AE DG PE B AR pR B, SCBR [ 22 ] it
TAREEIE RS KGR B R AL 3 A R AE AT oy
PRI . B RN AR G R S TG HE B8 40 i) R A 5% R
RITIR FG B8 B oAt AR SC T E T R R AE O R A
IRFE RS AL 3 Fh 28, H Score pRETHE 0N
Score(h, ,h ) =
(h,~h,)-(h, ~h,)

w- - — EREACRR)
N RN S
We(h, ~h)"S™ (b, k) (HIHER)
tanh (W[ h,;h.]) (JEENHL)
(7)

S b, ——BERT J24 i 145 5 , A B 4K 28
h,——BiLSTM J24 fh B 45 5 B 34 % 8

Y % . R @4 9K Att— Aux— BERT — BiLSTM — CRF 1% 297
W A
h, h,— 538 BME
S—— W7 =M

B IR b AR 5 2 RO K o AR TS B S 22 2 1)
AL o A 1] AR AL, B2 5 AH OC R AL
FUBFIAL A T3 45 AT 73 B, D TG BE B 2 i
I TR BE B4R A5, F T3 Bl = 1) i AR AL .
i 1 Score pRIECAH 2 AN 2 YA AEALE . AR5 O
X TR AN RL B 1Y 1o R R E A 2 A5 BB 119 4 AE d A 3
CRF ZH1,

2.4 CRF E

TEAir 44 SR BT 55, BILSTM /] DAL B K B
B SCAAT L B2 Tk Ak PR G AR 25 22 [H] 114 4K
FF o &1 EEHLI ( Conditional random field, CRF)
AL D o 0 s 2 AR A — A de U ) T R 8

XFTHRAIFS) X = (X, X,, -, X)), $2& BURFE
R AERE P =[P, P, P, 1o X w
ALY = (yyssey,) A BOR B A 50

S<X’Y) = 2"4 A)ivﬂul + Z Pi'«"i (8)
=0

Kb A ARy, BBERR WA
P, —— SR 5, AR 58
SR softma J2HH 5t A5 I B 47 2 10

A — 3 e AR L A
3 X®

SEEG R H Pytorch 1.7. 1 fEZR 247385 5 RTX
2080Ti GPU, NfE£k 11 GB,
3.1 W&

SR E AR 2 iR, il pead 5 ), 51 A
dropout > L %, dropout {5 7 0.5, fi b & ¥ K

Adam'?” o

R2 BHEE

Tab.2 Parameter configuration

24 Bl
Transformer 2 12
5 Jn) 2 4 100
(58 i 128
Dropout 0.5
L BIE 0. 000 01
T 2 100
ELAT O NN 32
IEACJH 15

3.2 iEMpAE

FHHUER R G 0l R PR R PG 1845
3.3 LBER

TEARE B4R I B A PERE . TEORHZE 1Y



298 &l #Hl

Moo 20224

IR DA 4 IR 82 23R4 73 T, Bl 4R Z 1] o
B, DR S 25 SR T LA S S AU S8R T A 4
B IR AR RN AR S AR L3R 3

£33 BEEXEER

Tab.3 Dataset entity information

. UE 3 SN W A S A
x “ Bt/ % Bt/ %
254 Medicine 3246 821
NN Adverse 3 400 881
L) Animal 3288 750
e AT Get 1 446 357
3.3.1 AR PEBE L4

FERTA) B | E 47 5256, AR A0 4§ BiLSTM —
CRF'"! BERT — BiLSTM — CRF'"! L J A% ¢ 2
Aux — BERT — BiLSTM — CRF fl At — Aux — BERT —
BiLSTM — CRF, Aux — BERT — BiLSTM — CRF #&i 71
¥ BERT 2t 9 5 R AR 4l B 43 2 4% , BILSTM 2
Wt A RAE Dy F o KA KPR R . Au -
Aux — BERT — BiLSTM — CRF # % 5 {if 3% A [f] 2 4b
TET A R AL 185 K JR b A OC R AUE T
P WAL IR RN A /N W TR 2 PO R e S ivE

WMk 4 Al %0, BiLSTM — CRF Bi# F1 K
94.1% , BERT — BiLSTM — CRF #%i #1445 T BiLSTM —
CRF #7%  ff F8] A BERT o] LIk £ & - F X
FELBR FL 4R T 11 AN E Sy K BERT 4
I 25 RN BILSTM 4y 1) 45 5 4 7 2 1 AL 25
AR 38 ok 2% > F K BERT % 4 i) 3R 4E A BILSTM
RTINS ER= T N B SN O R I Ll s - |
KRS G AF BT I RAE ,FL(HN 96. 7% o ASCHEEH 1)
Att — Aux — BERT — BiLSTM — CRF % # # BERT —
BiLSTM — CRF f F1 {HE 8 T 1.5 ©~H 45, &%
BiLSTM — CRF f# F1 {HI25 T 2.6 N EH 45,

x4 TREEBEHLHERIL

Tab.4 Comparison of experimental results of

different models %

FEA HERf%  HEE FL{H

BiLSTM - CRF 95.5 92.9 94. 1
BERT — BiLSTM — CRF 97.6 93.0 95.2
Aux — BERT — BiLSTM — CRF 98. 1 94. 1 96.0
Att — Aux — BERT - BiLSTM - CRF 98.7 94.7 96. 7

3.3.2  OR[RIE R I E T eR BB ) 52
ARSCEIT T 3 FhOR [A] 9 78 B (8 T 5 R (e
JRAMAHOC R ICHE B JBRAHL) o O T B R
(0 T8 B AT PR B, I 2 50 B T I 2 o Bt
TR RE R R W . 7E SCBG b, BERT 2 4 th A ok
B4y 252 (BILSTM 2 /R £ K882, W &

EREBENEITE R A, BSHHT Au-
Aux — BERT — BiLSTM — CRF # %1 5 2. 25 30 555 18 B}
bl A [R) v R DA PR BT AR 1

x5 AEEBENETERBANEE SR
Tab.5 Influence of different attention calculation
functions on model %
ik NRTES FENCIES F1 {8
AL 98.2 94. 4 96. 2
G HE B 98. 4 94.5 96. 4
B IREMT 56 R B 98.7 94.7 96. 7

SRR EALROR e 22, B IR B A0 T R
BL A 1 B2 R 38 56 R BIOBRAS I RIOR IR, 3045 T B
R FLAE(96. 7% ) o J5UPR A] BEJ2 o TG B8 A B R
AR G FR B ML 7 > b a7 B AT R0 AH AL B
2o PIE RS B AT TS L. SABATAR L,
FPLR S A% B 5 S BGE G I
PRIME o JIT DA 5 28 396 5% S 00 45 SR A0 ) B2 3t AH 6 &
A CUEPSRE WA N (=R NTSE i ¢
3.3.3  AN[A SRS 45 R LA

Z 6 5 T At — Aux — BERT — BiLSTM — CRF
XF 5 2 BUR RO 5 A R SR R U SR SR
AR BT 25 W) AN RN, Sl R A T =X i
B A W PR S o sh Rk A s X
T > HORNAATE SRR E R LA, T LA A& TS A
R R o 2O 4 RIRTEA AR - S50 25 2R
XL 3, MWE 3 B LA H, At — Aux — BERT —
Bil.STM — CRF 1) 4 T 55 bn #8455 o

& 6 Att— Aux — BERT - BiLSTM — CRF ZE& &£ L4k F
By IR 5Bl 45 R
Tab.6 Att— Aux — BERT — BiLSTM — CRF recognition

results on various entities %
5 RTES PEN IS F1 {8
;Y 99.7 98.6 99.2
2y 98.6 94.3 96. 3
AR 97.1 94. 6 95.7
AT 99.6 97.6 98.6

3.3.4 ZEHIaHr

5, A SCHE pubchem B4 2 A 4R 458 24 B0w
SCHK fl 2, R A SC ;A At — Aux — BERT -
BiLSTM — CRF #5271 {551 #4- 24 S0 SCHR Hh i S48, 45
Rl 7 FR .

4 LRIE

B XoF FE 24 B0 TS P i 44 SE AR TR ONTE 55, BRI
T 3 F At — Aux — BERT — BIiLSTM — CRF H 2% W] %%



233 B % BABUR 4 LR At~ Aux — BERT — BiLSTM — CRF iH 5 299

WERR 2R/ %

= BiLSTM-CRF ® BiLSTM-CRF ® BiLSTM-CRF

® BERT-BiLSTM-CRF ®BERT-BiLSTM-CRF ® BERT-BiLSTM-CRF
Aux-BERT-BiLSTM-CRF Aux-BERT-BiLSTM-CRF Aux-BERT-BiLSTM-CRF
Att—Aux-BERT-BiLSTM-CRF Att-Aux-BERT-BiLSTM-CRF Att—Aux-BERT-BiLSTM-CRF

will

Zhir 2 RREY #ATTR iy 2 ARE AT T 2 AREN BATR
Rt | Rk S Rt |
P35 2 SO0 I R S S 25 R X L

Fig.3 Comparison of experimental results of animal drugs

FI{fi/%

®7T ZERJER BRI 7 ¥k o IS S A T 3 ORI E
Tab.7 Entity recognition results BRI RBM LR DRIEE R X F
i RN PHIER RERY R 52 00, e 28 e 1 S92 06 45 R AU 1Y B R b AH
I e TR S O g VR S P o R T B
) 5 ey
BERT )Z % H 45 Bl A 2 BiLSTM )2 #
s AR TR R R B 259 DR e E%utﬂ n%f/ﬁj‘?ﬁﬁbiﬁ%ﬁ’ 1 {ZI%UEH
2 i L S A Sy 4 HE 0 L T ) L6 7 3 25
BREAT 2 me/kg 255 KRR R RS AE—, 5 T30 U B . 5 H st 70 A5 Y
30 WS BRE GREMI N R N R M, RS T &AM F1{H(96.7% ) , i BH 7 HfF &
LESL UL VST 280 i 44 S5 AR U7 T 0 P
& % X
[1] LUST E B, BARTHOLD C, MALESKER M A, et al. Human health hazards of veterinary medications: information for

[4]

[5]

[9]

(10]

emergency departments| J]. The Journal of Emergency Medicine,2011, 40(2) : 198 —207.
CAPLETON A, COURAGE C, RUMSBY P, et al. Prioritising veterinary medicines according to their potential indirect human
exposure and toxicity profile[ J]. Toxicology Letters,2006, 163(3) . 213 -223.
ST 5, 5 S, P 7 2 45 T 1) 0 22 A 2 P I SOAR A SEE ARG SR AU 92 [T ] A I 441 ,2020,51(7) « 244 - 253.
ZHENG Limin, QI Shanshan,TIAN Lijun,et al. Entity relation extraction of news texts for food safety events[ J]. Transactions of
the Chinese Society for Agricultural Machinery,2020,51(7) :244 —253. (in Chinese)
BTG AL, SRAESE, R, AE. TR B B T IR AT AR R i v SC i 44 SRR [T ] 8 4F 2 4R ,2006,27 (2) - 87 - 94.
YU Hongkui,ZHANG Huaping,LIU Qun,et al. Chinese named entity identification using cascaded hidden Markov model[ J].
Journal of Communication,2006,27(2): 87 —=94. (in Chinese)
R, BN, TR BE TSR REAL I AR AR W e R 2 44 SRR [T ] AR AL A iR, 2017, 48 (3T -
178 - 185.
LI Xiang, WEI Xiaohong, JIA Lu, et al. Recognition of crops diseases and pesticides named entities in Chinese based on
conditional random fields[ J]. Transactions of the Chinese Society for Agricultural Machinery,2017 ,48 (Supp. ) :178 —185. (in
Chinese)
HABIBI M, WEBER L, NEVES M, et al. Deep learning with word embeddings improves biomedical named entity recognition
[J]. Bioinformatics,2017, 33(14) . 37 —48.
INAIR, TLL, ML, 5. 5T % 5 > Al U fiy 44 SEACUIN [ D] G A R 24l , 2018,33(2) :265 —269.
SUN Juanjuan, YU Hong, FENG Yanhong, et al. Recognition of nominated fishery domainentity based on deep learning
architectures[ J]. Journal of Dalian Fisheries University,2018,33(2) :265 —269. (in Chinese)
SO, RS, AF IR T I E AL L 9 R A 4 AU [T ] Al MUK 4 ,2020,51 (471 2) « 335 - 343.
GUO Xuchao, TANG Zhan, DIAO Lei, et al. Recognition of Chinese agricultural diseases and pests named entity with joint
radical-embedding and self-attention mechanism[ J]. Transactions of the Chinese Society for Agricultural Machinery,2020,51
(Supp.2) :335 -343. (in Chinese)
W, KB, MM, S R SCH T A 44 SRR SO R TR A [T ] Bl 2016, 27(11) ¢ 2725 - 2746.
YANG Jinfeng, GUAN Yi, HE Bin, et al. Corpus construction for named entities and entity relations on Chinese electronic
medicalrecords[ J |]. Journal of Software,2016, 27(11) ; 2725 —2746. (in Chinese)
ZEM AL, FeHl. T CNN — BLSTM — CRF BRI A My = i 44 SRR [ 1] Hh SO B 44,2018, 32(1) : 116 - 122.
LI Lishuang, GUO Yuankai. Biomedical named entity recognition with CNN — BLSTM — CRF [ J]. Journal of Chinese
Information Processing, 2018,32(1) :116 - 122. (in Chinese)



300 P SN 1R = R4 20224

[11] SRFLr, skocHr, M EBL A R ) S0 O R AU S 53R [T ] BR324 ,2019, 30(6) : 1793 - 1818.

E Haihong,ZHANG Wenjing, XIAO Siqi,et al. Survey of entity relationship extraction based on deep learning[ J]. Journal of
Software ,2019, 30(6) ; 1793 —1818. (in Chinese)

[12] ZENG D, SUN C, LIN L, et al. LSTM — CRF for drug-named entity recognition[ J]. Entropy,2017, 19(6) : 283.

[13] HUANG Z, XU W, YU K. Bidirectional LSTM — CRF models for sequence tagging[ J]. Computer Science,2015, 4(1) . 1508 —
1519.

[14] DEVLIN J, CHANG M W, LEE K, et al. BERT; pre-training of deep bidirectional transformers for language understanding
[ C] // Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, 2019:4171 - 4186.

[15] #M, 830K, T BERT # ARy 3C A 44 SR 7 36 [T] . 3 FHL T 72,2020, 46(4) : 40 -52.

YANG Piao, DONG Wenyong. Chinese named entity recognition method based on BERT embedding [ J]. Computer
Engineering & Science, 2020, 46(4); 40 —52. (in Chinese)

[16] Wi, B4, XIME. T BERT — BiILSTM — CRF #E 8 () h SCS R R I [ T]. 7155 LR G i ,2020, 29(7) : 48 - 55.
XIE Teng, YANG Jun’an, LIU Hui. Chinese entity recognition based on BERT — BiLSTM — CRF model[ J]. Application of
Computer System ,2020, 29(7) : 48 —=55. (in Chinese)

[17] SZEGEDY C, WEI L, YANGQING J, et al. Going deeper with convolutions[ C] //2015 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR) ,2015; 1 -9.

[18] LONG J, SHELHAMER E, DARRELL T. Fully convolutional networks for semantic segmentation [ C ] // 2015 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR) ,2015: 3431 - 3440.

[19] skiy, WM, 2% 454 GAN 5 BiLSTM — Auention — CRF 11 450 3 iy 44 SR U0 [ J]. HSEHLATE 58 5 & ¢, 2019,
56(9): 1851 - 1858.

ZHANG Han, GUO Yuanbo, LI Tao. Domain named entity recognition combining GAN and BiLSTM — Attention — CRF[J].
Journal of Computer Research and Development,2019, 56(9) :1851 - 1858. (in Chinese)

[20] REI M, CRICHTON G K O, PYYSALO S. Attending to characters in neural sequence labeling models[ EB/OL]. COLING.
https: / arxiv. org/pdf/1611. 04361 ,2016.

[21] %W EWEZCAZIE T REHARDIFEID]. Ki% . KM T k%,2019.

[22] MIKOLOV T,SUTSKEVER I,CHEN K, et al. Distributed representations of words and phrases and their compositionality[ C] //
Advances in Neural Information Processing System,2013: 3111 —3119.

[23] PETERS M, NEUMANN M, IYYER M, et al. Deep contextualized word representations [ C ] // Proceedings of the 2019
Conference of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies,
2018.2227 -2237.

[24] RADFORD A, NARASIMHAN K,SAKIMANS T, et al. Improving language understanding by generative pre-training[ EB/OL].
OpenAi. https; / www. cs. ubc. ca/amuham01/LING530/paper/radford2018improving. pdf,2018.

[25] WANG Q, ZHOU Y M, TONG R, et al. Incorporating dictionaries into deep neural networks for the chinese clinical named
entity recognition[ J]. Journal of Biomedical Informatics,2019, 92, 103 - 133.

[26] SRIVASTAVA N, HINTON G, KRIZHEVSKY A, et al. Dropout: a simple way to prevent neural networks from overfitting[ J].
Journal of Machine Learning Research,2014, 15(1): 1929 - 1958.

[27]  SESE4R-PURE, Hp/R-WrhioAR, oam B - RS H/R, 4. JET BILSTM — CNN — CRF #5584 () £ 5 /R SC i 44 52 7R U
[J]. HFEPLTHE,2018, 44 (8): 230 - 236.

AYIFU Maimaiti, SILAMU Wushouer, MUHETAER Palidan, et al. Uyghur named entity recognition based on BiLSTM — CNN —
CRF model[J]. Computer Engineering, 2018, 44(8) :230 —236. (in Chinese)
[28] GRIDACH M. Character-level neural network for biomedical named entity recognition[ J]. Journal of Biomedical Informatics,

2017, 70 85 -91.



