20204 12 A N A 1 =2 51 % HTI2

doi:10.6041/j. issn. 1000-1298.2020. S2. 039

ETHEHAFEE AN G B K B E 652 LR 7

e E OE A & A B F M

(A R 5 S5 A TA#EFBE, Jbst 100083)

FEE . TR A R i 44 SE AR I B P AR AE B I TETE SUAE BBk 5R R BT SCRRAE 5 Bl 22 W A 3R KR
EHBE I3 AN 2 A R)0, LA AR 15 SR Ry IR0 G2, 3t — ol B 7 30 7 0 A R T R 0 AL A ol s 5 i 44
SRR AL %D ( Chinese agricultural diseases and pests named entity recognition with joint radical-embedding and self-
attention, RS—ADP) . g, AR E iR AR M B FAF A P ERBA U FEEIBEXEE . Hrh g xi8E
AP T3 P AR AL $2 SR g, B BB 4 W 4% ( Convolutional neural network, CNN) | X [n] & £ i 10 12 M %%
( Bidirectional long short-term memory network, BiLSTM) FI CNN — BiLSTM ; Hyk , R £ 2 AR [F % 1 R ~F ) CNNs 2
PO W] RO W R B B F SCfE B8R E 78 BILSTM #2104 5 J37 B R AE (9 3L il B, SR T B 1 3 0 WL 2F — 25 38 s
TR R K PR B A 1 AR ) 5 3 JiE SR T SR (R AL ( Conditional random field, CRF) 3t G 3R 7 S 44 321 5 F0 K 43 52 44
Fhlo FERE 1L AJEHIR 24 715 Sobn i BEA R 0 3 3 H BB L 3EAT T 9050, 25 R W], AR ST RS -
ADP 7EIZBOE S EAEH R A mRFF B0 94. 16% 94. 47% F1 94. 32% ; 1E H K LA 38 5] |, RS — ADP 7E4E
Yy R E RESS NS | F ERGE 95.81% 97.76% 1 97.23% , [t , RS — ADP 78 53 i J5 45 0 DL 5 52
b F AR 86% DL | SEER S5 R BT, A SCRT SR AT AR 45 A3 RORE B AR M s B i 44 SR, R GRS BE R T O
iR, B BA — & Mz Ak

KR O AE ;A AR T E A BIERE AL U B IO B 4 4 TR 4 W %
hESES: TP391. 1 ERARIRAD : A X EHE: 1000-1298(2020) S2-0335-09

Recognition of Chinese Agricultural Diseases and Pests Named Entity
with Joint Radical-embedding and Self-attention Mechanism

GUO Xuchao TANG Zhan DIAO Lei ZHOU Han LI Lin
(College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Abstract; Chinese named entity recognition in agricultural diseases and pests domain (CNER — ADP)
plays an important role in agricultural natural language processing such as relation extraction, agricultural
knowledge graph construction, and agricultural knowledge question and answering, but it still presents
some problems, i.e. , the neglect of inherent semantic information and local contextual features and the
insufficiency of capturing long-distance dependencies, which will lead to low accuracy and robustness. To
solve the above problems and tackle the CNER — ADP task, a novel Chinese named entity recognition
method for agricultural diseases and pests via jointly using radical-embedding and self-attention ( RS —
ADP) was proposed. Firstly, the model integrated radical embedding and character embedding as input
to enrich semantic information. Among them, three different strategies, including CNN and BiLLSTM were
both designed to capture the radical-level embedding. Secondly, a CNNs layer with different kernel sizes
was considered capturing multi-scale local contextual features. Thirdly, based on the BiLSTM layer, self-
attention mechanism was used to further enhance the ability of the model to extract longer-distance
dependencies. Finally, the conditional random field ( CRF) was utilized to identify entity boundaries and

category. The experiments were carried out on the corpus of agricultural diseases and pests, named

AgCNER, which contained 11 categories and 24 715 samples. At macro-level, the RS — ADP model
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achieved optimal precision, recall, and F, values of 94. 16% , 94.47% , and 94.32% , respectively. In

terms of specific categories, it achieved F, values as high as 95.81% , 97.76% , and 97.23% on easily

identifiable entities such as crop, disease, and pest. Meanwhile, this model still maintained over 86% of

F, value on some other difficultly recognized entities such as weed and pathogeny. The experimental

results showed that the proposed model could effectively recognize the named entities of agricultural pests

and diseases without feature engineering. Moreover, it had certain generalization and outperformed other

models.

Key words: agricultural diseases and pests; named entity recognition; radical embedding; self-attention

mechanism; bidirectional long short-term memory network ; convolutional neural network
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T 1) A Ml 3 HR 5 4038 1) v S A 44 SR BRI 55
B E AR S5 48 4k SCAS iU 5 Aol s L A G 1Y
il 45 SEAR B HEAT AR M e B E O R AR TR R
gt R DR 2 A TR AT 45 1) R R R S A

H T, T 1 Al 5 B3 8 i 24 S8 AR TR ) 5 vk AT
Gy TR BT o MU R RUE G AL A 2k ) T
T, R T 0 0] A B DT E ) 5 VR A AR R 2 LN
THAEFEM A R, (R GE bl 2 ) 7 ik B A i
2 AR [n) R 4 Oy e B bR I (] A, ) 7 i 44 S
PR 7 TS — 8 MR . o, S5 R BE B IR 3L
FE 8 B0 £ TN S 44 28 ) iy L A A v T T R T
LA il 24 SRR B 7 k. insciEk (2 -5
K CRE 3 51 4Rl i 36 450 38 1 iy 48 S5 4K, Ak
Yy A2y R R E A (HAR GE ML g A ) O ik ™ E K
TN T ARAE 7 AR w5 9 A A ) AR

AR B TR 2 ) W 4 LR N B T
W B2 Y A R A A i 4
R, o, T X K A L P 2 I 2%l
KTz o WSCHERL 1] RLiA) Sy B A BT, B IR IR
FH BIiLSTM il CRF 47 )5 545 AF: 45 , £ CoNLL iF
BB F{H R 90. 10% ,UF B TIZ B A (A &tk . 3¢
BR[12 —15] 43 5>k Al CNN il BiLSTM $2& B is] Py
G BT 45 A i A G B AT 2 SR fif tk
T 00V (Out-of-vocabulary) [a] &5, SCRik [ 16 ] [F] B 2%
FH CNN Fi1 BiLSTM 2 1 T 8] N 15 )2 IR 745 G AE
FZnE B I AR PR AVE A BiLSTM — Attention —
CRF Ei%I % A , 7 NCBI — Disease I JNLPBA % ##
oy MBS B FL N 86.93% 1 75.31%
SR, B T P SORAFAE 25 0 45 W) 43 B 4%, i T o
SCAy R ) R SCI R 2 By 7 AR A R AR A ) A, R
BEoR IR AAE A A R fh ik . N T 7
SRR F N E s E R, SCEk L7 R A
CNN I & i A5 B, IF 45 & F45 Him A
Tl R 5 27 S0 88 ) A 4% SR TR ), 43 i fE CCKS
2017 F1 TP _CNER L W13 F, ik 93.00% Fi

il 1

86.34% . BLHh, SCHR[ 17 J42 T 1 1A iy 4% 52 43R
ok AP sk B BB AL (Tterated  dilated
convolutional neural networks, IDCNN) , 5 I 2t B.4F
B TR RE 98 55 70 BT GPU Jf A7 iz B #,
PRUNGREREE . BT BIRERY, SCRRL 18 J#2i T BERT —
IDCNN- CRF BB, ZBOR (4 BERT SRR
DB HE ER SCRRE , BR PR FF T 2 R4 SO b 1 11 25
ZHC . SCIRI8 45 4 AR CNN A IDCNN 42 41 T
Y 5k & U B (Residual dilated convolutional
neural network with conditional random field, RD —
CNN - CRF) ,f£ CCKS2017 % flidE bRy 5250 45 ] %
W17 RD — CNN — CRF #8558 75 1 53 ¥ fig A1 )il 25 B (1]
75 TR 5 BT BILSTM A AH 2

AV H T U iy 4% S AR A7 T i 4 TR
A OBRSCHR L1 Ab, fif A i T8 B2 2% 2] i R0l 9 1
i 44 SRR AR AL, AR O R 45 T bR
TEEHE oA BR XA — e R B B 7 U ARl
g L SR Y A RO B o @ Hp SR LU S
A EFEMNIESE R, W RIS AR
SRR PR SR T, 50 U
KRB 2 70 B AT 9 /E HT, & T BiLSTM — CRF 4
R BE R A) 7 10 42 /) BT SCAE B T TG 254l 4R 01X
HIRSEE . @4 )R B SUFE B MR T SCRE
FEAC Y g B SCAS I 0 o F] 45 51 28, (HBL A Bi —
LSTM U1 11 Z0m 1 i B F CfF B @R AR
BiLSTM B & bl DU 2k 4 5 A9 I B 2 4RO 15 L
A 06 BT 2R RN SCA B B g K A S B ) 8,
B AR R B OB (E B R RE ) TCYE R AR

B, S T RE A% B 4 b 58 AR I L ST
i 44 SR PUIAE 55, A SCH ) — b 6 T 3 8 ik AR
HTE B I HLH ) f 22 ) 2% A RS — ADP, G4 Bl
PL BiLSTM — CRF Ny AEAMESL B it 3 Fhal i 451k 2
BUREm IR 6 F A AUFEIEXFERE; RIZ
AR RS 8 4 B Bl 28 1 2% 2 BBOAS [e) RUJEE /Y
JR &R BT SCHRAE 5 oR T B AL SR kb BiLSTM
AN AR, DA 3R i 15 B A SE QB B B SO Y
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1.1 EREXRESHRE
1.1.1 R

 ORAETE B BT, LR B 4 R oG B
7, A E R (Chttps: / www. enki. net/) | 5 5 3R
(http: // www. wanfangdata. com. cn/) JEH T 5 &\l
i EA DG SO, & L H WAL )T, B ARG T
249 094 2% SCAAE g T GRS B A9 1
112 2E51% 7

TE 2 B AN 58 SR i SRR B R AR
g L R S A 4% SR 2 R R — A5 AR ), 1 ks
Rl S i Rl G S [ RN
FRAL AW 0 AF 22 FOR I SEAR 28 5 e Ak, S T
PREGGIEAE AR SCR 5 SC T HoAth” 52 4R 28, F Tl ik
— SOARE A M OV TE O AN SE AR, DA S S A
RAHE T HRE JE MY R R E AR Rl
JEAE 0 DS 4 LR Al S5 11 R SRR
L1.3 prifsifk

Ve AR it TEAR O I FE SR L KIE T T,
KM A P & #5 13: T. 2 ChineseNERAnno ( https: //
github. com/ guojson/ChineseNERAnno) , Jj i 3 4~ H
R ZSE LT AL 200 596 ALK 24 715 SRFEA R
AL R B E A 44 SE AR TR B (Agricultural diseases
and pests corpus for Chinese named entity recognition,
AgCNER) ,
1.1.4 RRAEST AT

e 1 pizs , AgCNER B 48 0 & 55 Al 1
R S LMl U A 44 SR e TR R L, AR S
PR BTN M 25 T Tl AR A AR K IR . B T W]
B TR REAN B SR AR A B A

&1 AgCNER #iE & =6
Tab.1 Some samples of AgCNER

F A5l
37 FH 40% 3 5E 8 5L 9 500 mL/667 m* ,40% F 3 5 4 7L
i1 150,200 mL/667 m® F1 40% %, - % F 111250 mL/667 m?
L FEdE Al 1 Uk 25 B 3 A6 A 5T G B R SR 43 R
50.4% 42.3% .52.3% F1 48. 6% ; ¢ 8% F 3 F0 I 76 4L 4
12 Yt 2 5 R AT B I Bl R i 25. 1% ~42.3%
IINFZ SR SO A A 2 el R T B S B B T O 4 Ok B 4R
2 INEE N A SO A R L HE R AR R R BT
VR A RO, R LR ROR

I
a0

(1) SR Z o AR HEBR T 65 2557 W
N L R N B R DR (a7 T
P ERHSE LA 7 Fp SRS o R TR b R
WO TR DU RO AR 2 R AT S AR, RS R

9587 4 29 57, A5 R EORIA 3,

(2) %5, 7E AgCNER SCAHfEE RS
Al g B AR O B Bl R, it B R
VORI 2 5 AR DR R Sl S I B S RS
FIZ R A8 U AT A 44 S A R Y EFE AR R ik
Hb, B FEA i T H X B lk 24 1 R Uk AR 5 S
Foria f e, MR CNER B3R 5I8 B2 o

(3) FAEIRE AR . ARBAEAE PR AE— € Lo il ik
BRI — A SRR AN T SRR B, 0 0 i T
i« 2R ik FF A A - g Hh W AR AT, SORT AR 4k <
Jig BRI DRk P RIS 1B R kT AR A
TR, 55 TN, 3 A A

(M AT IFAMRE . L5115, AsCNER H
FEAT- Y4 2 180. 08 A5 4F , i K T Resume FlI
MSRA Z5i5 B F K B, 4 51 o 32,15 .46, 17 4>
TAF X0 AR TR B I B A ) g T R — Rk
1.2 RS- ADP &35!

B R AR Ml H S SCAR 1) R ASRTAE AR 11 0] 8, AR
SCEEH T —FidE ARl 5 iy 44 S8 R U Y
RS — ADP #5700 7RIS F 41l 1 BroR . P 1 m]
A, ASSCLL BILSTM — CRF S BEASHESR  Hefu 5 5 )2 .
K AJZ .CNN 2 BiLSTM )2 | B iEE J1JZ2 M1 CRF )2,
AR AJZ CNN 2 H IR 120 SE a4y,
BiLSTM JZ#1 CRF JZ2 & M SCmk[11] .

1.2.1 AR

A2 32 B T8 B B0 SCA T 91 e R AR 4
2 1) o A Uik A Rom o ISR, X R i A R
REf% S R SR T 47 1) ) B Ak, ol A5 85 70 B i
1932 AL RE g A0 0 A R B . I 2 R BR
FARFRAS L2 B EF R E A
1.2.1.1 FHFmA

1 S A T AR AR A IR AL AR )8, BB A S
B R W] TR A5 i AE i AT e S ik
A AR SO 275 e AE R IEAR R IT, T A
SCUSCAE )T RS IA 28 A 3K B BERT I 25 i 75 19
TR BT LA R SR T BERT kAT BUUIZE, T
Word2 Vec ! %if & ¥} R AR FE R A IR, H. Skip — Gram
REWS A A4 FRAR A0 7 4 , I I AR SCR A Word2 Vee
HiiY Skip — Gram YIZRFAF kA, I AE I L5 b B o ik
. B b, S KER R AT X, =
(wywy e w,) , WX RN F AR AT IR E, =
(e, ey, ,e) , HHEH i DMFERFAHRA I & FRKR N
e, e R d_Jyfii th4E % .
1.2.1.2 ¥HEHA

TR AR A SO S E . 5 SOR ], I
FETRE T, 28R REEENMER, Hik
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1 RS- ADP KIHI4LY
Fig.1 Main framework of RS — ADP

B2 A2 IR AT A A RRAE
Fig.2 Radical and character embedding in embedding layer
HAFENNIERE . X R E AL 5 0] e &
AEARL A R S, T 3 AR DL M 32 AR B AE B B BB
TR AR I A 1 2 i 48 SE R R T S g
TBAE AR 2L 3 i 44 S AR ) ek, 5 i oK A5 31 78
YR Qs 3 s, LA R T ], R BB
HONCT AW A 2 b B, kAT
BRI A T AR E T AR, 2R
ST B, A R AR AR I R
1E— EFEFE b RE 0% 5 SR B9 A AR o A, BB
fix AR BE Y 5 H S BEAE A P AN TR DI 2R S b i

m o BE A B
A o\ SN N
S @A BA Rk 3KFE LA
K3 WD EE R
Fig.3 Radical samples for some Chinese words

TR A B AR m B iz AL RE L AR
T FE5 R AR 5 B3 SCAS o VA Y A LR AL
3BT T AT CNN BE T BILSTM Je H iR 4 A Y
CNN — BiLSTM 4§ 3 Fft 7 i $2 2R 44, 4 &) 4 B,
P ey ERIC LT R R R AR S5 S . SR
S5 FHIFLTF CNN [ H 8 i A A 34

(1) 3T CNN BEBH # A

W5 W], CNN & —F 3 TR F AE & 15 B
AR . R, SR AT CNN SR IBUCF 45 A
AR 5 B IR Rt B b EAT BOR . B T&T 4a iy
NG IEEERIAD 3 ER Ay AR E R AR B BUZ AR
RMACZ o A SCHT F i A5 90 2 MOB 48 77 i Chiep
//tool. httpen. com/Zi/) kiR, X L, AESH

»
@ 8] [o] \"\..__ [ee]D[o 0]
B : ‘E\\_ / e S —
Ton ] [Bis [\ G A
./ ‘.\\‘«
° [ @ N
L o L ] /’ \
° ° o / \
o] o] o \
<Pad> ¥~ H [ <Pad> j ~ B3 m \..,‘ g
(a) CNN (b) CNN-BiLSTM (¢) BiLSTM

B4 TR Gk AR TR
Fig.4 Framework of radical embedding
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m NERE R T E A X, = (ry ey, ee ) HOXT
N AERE N d, o FE SR A E, THEA R
E. = max_pool( Conv(X,)) (1)
K ReLU™ fE Jy 0% s . MWYEEI A -1,
L] By 3450 3 A dr B AL 46 AL 38 B e A o
(2) % T BiLSTM 35 ik A
S RS A G S R = | S R S R v < N P i
B R AR X S AR P B B A — B AE
FP o SRFHGE A A B SCAR 51 19 BiLSTM 4 3% I
IR B AR AR, AR A AR A 4e iR, P @
KR, BEMETFINX, =(r,ry, ), R
JHCJZ 48 S Sk d, (%) BILSTM A5 U b 31 5 75 21 1 35 15 2
WA E, = [heh ], 200 R AT h 40 5 M BT 5 8 A
F#R8,E, e R
(3) A E A
CNN & 5 38 F 48 B & 0 25 18] 4% 4E,
BiLSTM N8 9% 32 BU7 FI4E1F o2& F b, 28 & Lk
2 FRREHY Bt T — P[RR B O A 0 4 BRI
B (A RRAE (R VR S A B, A &) 4b iy, D) O i 24 1)
thoh
E =E ®E, (2)
DU A2 B8 A A 0 A 8 T ik N IV A B A R 2%
B, B
E=E, ®E, (3)
1.2.2 CNN 2
JRy R bR SCRFIE RE % S AH 2B 445 ) 1 B R 3¢
KZ A BT m B U i 44 SR BE T o 1T aX
FEAR D s B iy 4% SR TR ) R EE R, A 2 )
8515 | e RS BT R 11| I O P TR B RS SR i
205 30 44 FR T A S — TR 12 5] 1) 44 Sk 3 e e M
FH, DAt AR A 0 B 3R SCA PR 9 1 S 8 R S A
=]

BRI 2 0 2% L k)32 T L R 40
80 AT USRI S 0 R TR AE T L ST, A
SO 5 AR b 20 0 4% T A4 Ml o 5 40 1) i 4% 52
PR E DU IBUR 3 B R SCE . BT R KR
MIABFAF M - R 306 R, R ML 2 AR 6 0 RS
Fy 5 A 20 90 4% 3 TR ) R ) Jm 3 1 F S £ JE
A5 1.2 1 % CNN R JA &S 76 T/ % 76 T4
REASJF 51, T I 2 (S0 FE T 7 PO 3 6 30 05 0 55 7 971
BEMATFINE = (e, ,e,,,e,) 5 i N FRLH
FTRSF SRy ke (3 A0 22 I 4% 45 500 1 i o1 48 B o 119
B R CEE N of e R, w e R NUINZALE, 1
Hid, o WZZ BRI C = (eyyey, o,

¢,) o

SRR S5 ¢ R M AR R WL A U A 44 S AR 339
Cf=ReLU(WTE,I-f;‘J:U+‘2;‘J +b) (4)
X b—1ImE
1.2.3 [EZEIILEHIZ

BiLSTM JZAE Hl T8> 4) 7, TR OCCAR 7 51
4 Ja) bR SCHRAE . 229% 2 U 9R15 B A ik AP 51 A]
RN H = (hy by, k), R He R 1N
2 B

AT IR AgCNER KOs SR FEA R A 1< o
MAFFE I, 4R BILSTM BE IS | BE W% 4 48 K I 5
HAFAE B, (HS2BR b b TR0 B I 2K ), AR IR B
B RE T 23 B A SCRP 9 B g iR A% . A 1
KB ( Self-attention ) BE 88 4ilf 48 7 £4F Z ] 19 F T
SRR MR A 1 o B T A [ A AU, R 5
oA TR E A T B RASUARL, T ok At T8
TR T B/ . AN, B TE R HLG BB 98 584y
A GPU e S5tk A7 3R 4T3 51 . Wk, by T
P BiLSTM £ 75 9 ] &, >R I 3 55 0 BIL il o ik —
A W8 SR AR A AR IR B R SR I R . HOB
A L

A = softmax (w

Jd
softmax ( ?/I;T ) | 4 (5)

) HW' =

HARH, % F B2 A H, % %6, 85T Il 2
TWOWE W e RO H A3 5 i S O A A ) B
Q KHE I i K F{E I & V2R 5 R H 46 s FR T
BATFIME q, e Q X K PR KB M E k1
R, F 3R H softmax #EAT 0 — b 4b B, 15 3 4 &
R EJG  WIEACE RBOS A v, CV #F T INECK
LA E LM A = (a,,a,,,a,) ,Ac R,

TESRASJZ , T AH S8 745 ] 5 AT AR 58 1 I 1
01— DIS @ % ¢ B~ DIS = I - DIS J5 it 8, fH H R
2% B B~ CRO &, 1 - CRO B, [Hitt, A 3C %
ZAFRENLY CRF AE M EE A i1 4%, R T Veterbi &
P RFRE T Y], CRF $E1% S IEcHk[29] .

2 XWERKDH

2.1 semgigit

S5 AR s e B A 4R AgCNER A5 |
GAEA VIR 5 ISR 7 L il oy 822, G815 &
N3 2 o K Tensorflow 1. 13. 1 fE48 15 47 3
3%/ GTX 1080Ti GPU 11GB,
2.1.1 ZHkE

DL RFAE A i A BT, R HT BIO AR 1 L
Ko N T REGTE SCH IR, A SRR A B R R B
R RS, R dropout By 1k 45 . HAh 2%k
W3,
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#2 AgCNER %it{E8
Tab.2 Statistic information for AgCNER

25 E %S i /% URTRE S h /%
i 37186 18. 54 8 840 18. 581
ot 38 557 19.22 8903 18.714
EY 31688 15. 80 7613 16. 002
95 & 22521 11.23 5354 11.254
Zi 20 507 10. 22 4780 10. 047
K 20115 10. 03 4907 10.314
AT 14 557 7.26 3445 7.241
YE ) & R 9471 4.72 2336 4.910
95 JE 3739 1.86 876 1.841
ik 1050 0.52 223 0. 469
BE R 1205 0. 60 298 0. 626
st 200 596 100 47575 100
£33 ZWEBSHIZE
Tab.3 Settings of hyper-parameters
EL RTINS 300 || BiLSTM JZ %k 1
TR E A CNN 4E 50 || HEE I 4R 600
A CNN % 1 R~ 3 Dropout 0.5
B A BILSTM 4 Ji 50 || Batch_size 64
CNN 28 0 R 1.3 5| fReR ARk gk 100
i U R 300 || 2% 0. 001
B3N 1 R AR Adam
BiLSTM J2 4 i 300
2.1.2 PR R

K K 1 28 ( Precision, P) .3 1% (Recall, R)
FF AR N PEB A8 AR , 24 HLAX 25 524 0 31 55300 2 031)
F 08 0 VU] I 2 S AR A B S U TR . & PE Y
febritE AN

TP
P:TP+FP><100% (6)
=Tp T x 100% (7)
2PR
'TPIR (8)
oA T,—— T 25 TR RS2 BR &5 R 2 8 1 B kR 151
i
F,——5ZFr Ry B B, 10000 45 SR SRy 1E 451 i 45 49
L
Fy—SE s R 1641, T30 45 S > 67 491] £ A 43
i

2.2 RWHERKRIH
2.2.1  TIZRFERF A

4153 % FHBE AL A= ) F1 Word2Vee “F 443 AME N
X He S B, AT B B0 25 5 45 ik A B T RS — ADP
RS A N He 3 45U A 44 SE AR H 1B S AT,
BT WO 2R AR AR RS — ADP BRI/ AgCNER

B L PR F E B B AL T 35 F BEHLF 45 ik
AR AH B, B 6 45 T RS — ADP 58 Bl 7§
AgCNER [ F {8 Bl & AR B 2 et 4. i
AL, B F Word2Vece 45 i A A B fin o 455 7Y
WS, 42 AR g AR B R L R, R G 4
UL T3 F Word2Vece i HUI 25 7 45 i A BB A Bl
F L m AR RE ST, PR AL S

95 KaNL e B
= %4
7
4 93
ﬁ?-,l
92
ot P R F i
PR

IS5 SR 2 Ak A9 RS — ADP /£ AgCNER | i35 51 45 5
Fig.5 Results of RS— ADP with random and pre-trained
embedding

.....................

o - - BfAL
o — il
600 2‘0 4‘0 6|0 8I0 l(I)O
HARUH
El 6 KRB AR RS—ADP 1 F {5 b %X Rk 5L
1 A8 Ak i £

Fig.6 Trends of F, value for RS — ADP over epoch

2.2.2 IEMA
HiE 4 92 AL 1 ~4 S5 2Rl Bl G 38 i AR
BiLSTM — CRF 52 8 &1 X A ol 5 13 i 45 S5 44 9 i1
B A5 R B AL T A T A A B S R
LM F 5 R T 0.35.,0.25.,0.29 T4 A
XULH T CNN 5 BIiLSTM X 8B % A R4 AR 1 4
fit, HA By F A8 131 50 Al g He A K A 4
SC A iR CNN BB B R R JEE 1 4@ T A8 70 35 531 1k
*4 AEZEHIH RS- ADP 7£ AgCNER F/yin B4 8
Tab.4 Results of RS — ADP with different layers on

AgCNER %

| (i P R F {8
1 BiLSTM — CRF ( baseline) 93.09 94.34  93.55

2 +radical(CNN) 93.90  93.89  93.90

3 +radical (BiLSTM) 93.87 93.73  93.80

4 +radical (BiLSTM — CNN) 93.46  94.23  93.84

5  +CNNs+ radical(CNN) 94.57  93.38  93.97

6  + Attention + radical (CNN)[7) 94.05  94.54  94.29

7 +CNNs + Attention(RS— ADP) 94.16  94.47  94.32




¥ 2

SRR S AR A T B AL Bt A 44 S AR 341

fE. 1M CNN I BiLSTM I 4 2 HU 5 w M AE RS K.
HE b AL BE % (5] I 48 2K 38 B S = # i X
FEAE (25 [B) R AE R0 SRR AE ) |, 1 55 B 7 R o 3R
FEANBRAR, AT RE i PR AR T K 5 1 TS Uk AR S5l
B2 FPRRIEME S, F — 2R AR SR 50 A AL R AE A
Bl &b ARSCR A CNN SR i AFFIE
2.2.3 CNNJZ

KM BILSTM — CRF Sy JEEBIRY 4351 DL 3k 4 52
B2 2.5 FMECIRA] 6.7 Jyxt BT, LAGG UE CNN 21y
ARME . WL R AT, AR SO RS T CNN JZ 1Y
BRI F B 93. 97 % , H LU A 7k B 5 45 7o
TSI 6.7 i, R AT CNN 2 p9 8L R [6] #F Hu A
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Fig.7 Visual weights of Self — attention on AgCNER
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Tab.5 Results of each model on AgCNER %

(%! P R F i
BERT - IDCNN - CRF 91.56 91.77 91. 60
BERT - BiLSTM - CRF 93. 69 91. 41 92.54
TENER 94. 14 93.52 93.83
RD — CNN - CRF 92.46 93.43 92.95
GATEDCNN - CRF 93.28 93.74 93.50
IDCNN 93. 46 93.99 93.72
BiLSTM — attention — CRF 94.05 94.54 94.29
RS - ADP 94.16 94. 47 94.32
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3T BERT Wil Zrifx A RBLRL, B SR 7E AgCNER
AR — RO H BT R AE AR HUE SR
AT YN LR LA B ) K B 4 5 308 S 2 45 Ji R 5
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Tab.6 Results of RS — ADP for each category on

AgCNER %
2 P R FiH
it 94. 60 95. 80 95.20
e 95. 85 95.78 95. 81
ok 97. 49 98. 04 97.76
257 91.92 91. 67 91. 80
HE 81.31 78. 86 80. 07
HBAL 88. 94 89. 67 89. 30
AE:] 93.17 93.38 93.27
i 97.27 97.18 97.23
93 JE 88. 34 89. 04 88. 69
YEY) i i 86. 20 86. 09 86. 14
ok 90. 35 92.38 91.35

2%, AgCNER K8l 4 w475 SR A7 A6 35 23 P31 ik
DRI SEAR BR 1 3820 5¢ U B IR 1Y SEAR S, B i 7
MRS R AN 7 BT « O A7 1638 23 R AR TS24k
R R AR, HYUN IE B . QFF 15 B 23 R 58 B R
AL I ORR AT LA PR ER T, X
Je W ONFEAE SR &, T BOT R A — B
OAALR S i) S ERASER o G0 e AL BB AE 22 A BTN
B0 WEAERE” AN AE 227 {HL el T G SR ) S PR A
B0 TR R A HER . L, R RUS TR, &
PE— B IR 5 R N O M R e B R IR

®T BHIRAERIERE

Tab.7 Some incorrect recognized examples

SR BRI WUNARS || SO dREARRSE BUARS
K B-DIS B-CRO I 0 B-OTH
& I-DIS I-CRO Ji 0 1-OTH
£ I-DIS 0 i 0 B - PER
I 1-DIS 0 % 0 I-PER
73 B-OTH B-OTH 1 0 - PER
& I-0TH  1-OTH Mt B—PART B-PART
i} I-0TH I-OTH bia I-PART I-PART
A I-OTH  1-OTH 8  B-PART [-PART
H 0 I-OTH 1® I-PART B-PART
ES 0 I-OTH % 0 I—-PART

1. DIS Ak E,CRO HEY, OTH Jy HAth, PER 4 i #], PART
Jg AL o
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on Knowledge Graph
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and Semantic Computing,

Bt 4 BRIk F 8, W18 4 F RD — CNN — CRF
1 GATEDCNN — CRF %§3&F CNN #7813 H A
Xof TR #55% BiILSTM — CRF, L F {5 7 1. 11
AT R BAR IDCNN 8 3R 53 25 55 e fIR T 56 offe 468
B ABAE SR AR op iR AR GPU IR A7 4, Il
i B B imft, TENER,BERT — BiLSTM — CRF
1 FT— BERT + BiLSTM + CRF %} T Transformer
BAITE CCKS2017 B/ U 45 AT RS — ADP, Ji
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Tab.8 Results for each model on CCKS2017 %

50 P R Fifd
BiLSTM — CRF 88.58 93.71 91.07
RD — CNN - CRF 90. 63 92.02 91.32
GATEDCNN - CRF 90. 02 92. 44 91.21
TENER 91.24 93.08 92.15
IDCNN 91.85 89.32 90.53
BERT - IDCNN - CRF 91. 44 92. 14 91.79
BERT — BiLSTM — CRF 93.30 86.79 89.74
FT — BERT + BiLSTM + CRF'®/  92.06 91.15 91. 60
RS — ADP 90. 81 93. 60 92.18
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