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Named Entity Recognition for Rice Pest and Disease Based on
Manhattan Attention Mechanism
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Abstract; Rice pest and disease information mostly originates from unstructured text. These texts contain
densely nested entities, lengthy sentences, and complex grammatical structures. Because of this, current
named entity recognition ( NER) methods struggle to fully identify the relevant entities. To solve this
problem, the AgriRoBERTa — BiLSTM — Man — CRF model was proposed. Firstly, a pre-trained corpus in
the agricultural domain and a labeled dataset for rice pest and disease named entity recognition were
constructed. This provided high-quality data for model training. Secondly, pre-training RoBERTa on
agricultural texts was continued by using whole-word masking. This approach enabled the model to focus
on the complete meaning of Chinese words and learn the specific language patterns found in texts about
rice diseases and pests. Finally, Manhattan attention mechanism was introduced to capture sparse
features in high-dimensional space by using Ll-distance. This approach quantified feature differences
while precisely focusing on critical contextual information, so as to improve the accuracy of entity
boundary recognition. Experimental results showed that the proposed algorithm achieved an F1 score of
90. 69% , with a precision of 87. 87% and a recall of 93.71% for entity recognition. The F1 score was
7.8, 9.99, 1.8, 15.9 percentage points higher than that of four conventional models: BiLSTM — CRF,
BiLSTM — Attention — CRF, BERT — BiLSTM — CRF and IDCNN — CRF. This enhanced performance

enabled more effective recognition of diverse entities in rice pest and disease texts. This significant
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improvement indicated that the model can recognize various entities in rice pest and disease texts more

effectively.

Key words: named entity recognition; rice diseases and pests; Manhattan attention mechanism;

AgriRoBERTa — BiLSTM — Man — CRF
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Tab.1 Source information of rice pest and disease corpus
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Tab.3 Rice pests and diseases entity categories
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F1 {4 (F1 score) . Bl AVF iz MS 8 2 -1
T i AR A T H AT A B I S R AR BRI ) A%
B, FHEEITRRIN %) SRR, Ik
[Fi] 4% AR 780 T 5T R 5 e it A KO o
2.2 REERSW

I UE BT B R R AT AL 7E B B K R e R
NER %4 % b i1 X% Hil 5 . 26 B NER 45k 4 Ff
HLA R 3 P % BB, BILSTM — CRF'™ | BILSTM —
Attention — CRF"**’ BERT — BiLSTM — CRF ,IDCNN —
CRF™ . Y%k FEAE A F1{H 28 4k il 28 0 18] 6 fiF
N T A BRI 2R ah AN 6 BTk .

B & 6 B 1, AgriRoBERTa — BiLSTM — Man —
CRFE 70 Ar S5 B A MR, 7E 5 15 48k s R TR e
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Fig.6 Model training F1 curves
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Tab.6 Model training results
e g F1 IF 82
FEAY S
K% F/% (H/ % B
BiLSTM — CRF 83.63 82.17 82.89 4.13x10° 1.36 x10°
IDCNN — CRF 73.40 76.22 74.79 5.76 x10° 1.47 x10°
BiLLSTM — Attention —
80.28 81.12 80.70 4.33 x10° 1.43 x10°
CRF

BERT — BiLSTM —
CRF

AgriRoBERTa —

BiLSTM — Man — 87.87 93.71 90.69 1.04 x10® 2.36 x10'"
CRF (A 3C)

85.71 92.31 88.89 1.12x10°% 2.35x10"

AR HWE S/, 3% 3R W B 28 v R0 oG B R A 41l
AREE T R S 09 U 2R e 1, A RO ke T 2ok UL R
K. BERT — BiLSTM — CRF A5 AU Fij 1] 35 4< 5 PR AH I
BR800 Fo R A B WA E L X R 1B A A
> BE 77w A H X 2 B R B R E R 2.
BiLSTM — CRF Fl BiLSTM — Attention — CRF # % lJig
S BN 5 A B 3l , 27 S RCR R AR, B /S
FHAMEGEB IR ARAT M . RSN
#& IDCNN — CRF IR0 F i 64 o B e 18 H F1 (i
G, PR H: 2 BB A X RO A A8 SCAS T 91

i 2% 6 0] 40, AgriRoBERTa — BiLSTM — Man —
CRF & B 7E 4% 45 br Y W15 o A 3 3L A 0 R
87.87% , 1 M % K 93.71% ,F1 {5 H 90.69% , *:
F 1 2515 Z 17 BERT — BiLSTM — CRF 5 7% 3¢
RITE SR O L M A A G A R HEBR 2 8t
T G 2 AR E RS RERER
XFEE , AR B S 25 458 Y A X 4% S8 7 vk 19 SR AR
s HR 5 a2 GRS AT 2 F X L, L I AR SO
RUZE R BT A RbE

(1) 5 BiLSTM — CRF BiLSTM — Attention — CRF
J¢ IDCNN — CRF 4542 5 G0 AU AH L1, A SCBE A FE P
e LR A X SR i R A B S B
BN AR 32 PR TS5 4 6, PR RE fE DL i — 2P R
IDCNN — CRF 1 F1 {E{LH 74.79% , 3 9 & 2%, H:
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B LS R AR A B ELAT 5 P A AR M 1 SCAS, T
PUERR R B R 1 SE R0 Bt . BILSTM — CRF () F1
{E N 82.89% , B REHH 42 /¥ 5145 &, , {2 i Tk = S d
SIS YL, XF Bk AR T I AR T8 SCAE R Y TR RE
B, B R ALK 82.17% . i £ BiLSTM — CRF
SIS L a8 e Bt R [ FL(E
10 80.70% , 3X R W% 4t 1 & 1 WL A AR b SC AR
RO AR BE 5 Ak T O B8 S AR 1 O3, B 51 T MRS
T L5 b UK SR AR 0 7 50 A R U D) Bk A % ol 43
Sl A 44 SRR BT 55, 1 5 A 40 3 T 2 R R O
T fE G Ak

(2) 5 B 5 M iF a8 B M i ) BERT —
BiLSTM — CRF 5 AIX} b, 30F — 25 ™Y o AR SCASE A ) 45
M, SRR, ESHERB Y T% it B
S BL T, AR SCAE RS F1 (S A5 35 %) 90. 69% |, 5%
XL AL (88.89% ) i 1.8 A 43 Ao Xk B 1
Re42 T IF AR K 2 B0t & i R R T R AL 5 i A
Wit ., BART S, BERT 8 53 ¥ & 5 ikl 22 >

TSR R A T SCERAE B P B = s R S 2L
ARTE R A, AgriRoBERTa i i 40 Bl 25 5% b 11X
— R R, S O LA B 5 A T
BiLSTM 5 CRF 4 i B4 & , B8 O A 203 Al & 4%
fAE 410 4f] M 7

it 3 X Bl A I i A AR A U 2R A5 SR oA, SR
E T BT R AE K R HUE NER AT 55 B AL
MTERE . X E AT 5 T 2 A B[R] o 400 3 3 1] 25 A
T AgriRoBERTa i A i TH SCER AL, i e i AR 1Y
451 388 1L 2K A 1) A5 BiLSTM. 41 £k Ji 368 S Bk LA WA
SR B 5 S 0 I BT 0 ) MR LGSR T A R
CRF 38 5 b 25 % 55 J& DAOR B4 Jay — Bk
2.3 BRI S T

Rk — 20 W IR B 4 A R A SR 2 U A
T ONARICRITL 5 4 AR BRI AR 11 28508 By
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Tab.7 Training results of each entity category

%

AgriRoBERTa — BIiLSTM —  BiLSTM — Attention —

e Man— CRF CRF BiLSTM - CRF IDCNN — CRF BERT — BiLSTM — CRF
Wk ARR P RER BRR P OWECR AECE FLE RoR ARE FLE OREE BEE FILE

Disease 91.7 91.0 91.4 72.17 78.17 75.6 84.9 84.2 84.5 81.4 68.0 74. 1 88.4 87.7 88.1
Pest 90. 4 95.0 92.6 74.5 73.17 74.1 84.5 87.9 86. 1 84. 4 76.8 80. 4 87.6 92.9 90. 2
Host 89.0 95.2 92.0 76.2 84.9 80. 3 90.9 87.4 89.1 86.6 83.7 85.1 92.1 91.3 91.7
Pathogen 98.5 100 99.3 95.1 98.7 96.9 98.5 99.5 99.0 98.5 97.0 97.7 99.0 99.5 99.3
Sci_Name 96.5 99. 1 97.8 85.8 93.9 89.7 94. 4 97.3 95.8 95.9 94.2 95.1 96. 1 98.7 97. 4
Geo_Region 96. 1 97.9 97.0 85.4 89.2 87.3 88.4 92. 4 90. 4 92.6 90. 6 91.6 93.5 95.8 94. 6
Symptom 66. 2 65.4 65.8 40. 1 47.2 43.4 46.0 52.8 49.2 56.8 28.0 37.5 52.4 61.0 56.4
Chemical 96. 8 100 98.4 93.5 96.7 95.1 98.4 100 99.2 100 93.3 96. 6 98.3 96.7 97.5
Agri_Control 85.2 95.8 90. 2 81.8 81.8 81.8 92.0 95.8 93.9 77.8 87.5 82.4 95.8 95.8 95.8
Taxonomy 97.6 99.5 98.6 95.7 98.1 96.9 97.6 99.0 98.3 99.0 93.2 96.0 98. 1 99.0 98.6
Name 93.8 100 96. 8 87.5 93.3 90.3 93.8 100 96. 8 100 73.3 84.6 93.8 100 96. 8

K AR Y FE Chemical | Pathogen | Sci _Name £l
Taxonomy 4 % .04 Ml 52 K B 1 56 30 I ¢ i
F1 {H 5 iK% 98.4% .99.3% .97.8% F11 98. 6% ,
R A0 3 ] R I LR 96% L b X —
AE 2T 2 J5 il - AgriRoBERTa 75 A4V i RE 1 Y
TRYINZARIE T 7 AR 538 KB Ll AR TE 173 282 /5 B
FEIURE T 5 2 W i A ML A A5 R A O R S
T o TR L E A LR RS R 2 i 44 AU D) R4 4k
R AT B e R RE TR

R A% 0 S AR A 4B A At 52 (A T Y 1 g
Z U [A] B F2 . Disease , Geo _Region , Host, Name |
Pest #l1 Agri_Control F1 {H /35353 91. 4% 97. 0% |
92.0% ,96.8% 92.6% 1 90.2% , L W T AL 5 Xf

SR R HER R 2 RE ) o 5 LS AR B SR AN
[l , T A B R AE Symptom S A - 2 BUAR X B A, A
TE TR AR 2R A9 T8 SO AR e AR AR L R )1 2
Bl A I AT AN K o RIVE I b, BT 48 A58 2 45 0 L
B F1(EFETE 9. 4 ~28.3 AN 73 o, i — 20 EDE
R R RE OO0 B

by 2 T PP AL I R AR of 14 TP R DR A AR E
FERA I HT, JUH: 3R £ T P31 280 R A Xl A 555 1 52 4
KA b B, Symptom J& SR (R = H AT
T B JE A, HORT Bl R 5 A [m] R 550 0 66. 2% Fl
65. 4% , FAR T HALLR] . LR R IRMAL
FEREPTAER R IR 5 W AR Z AR R 5l L EE,
Bl g SR s AT AR AR E IR T 5 R H
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SRR I AR IS LT B A ek i G AL AR
FeIR, a2 KR AR AR R PR A7 X R SR,
R TR DR L2 Ak B8R H s R A I S A O R T G 9 5
AR o LN YR BHRE h Symptom FEAR I3 A AN
By Rl LA A 3 CHE . MHLZ T, Agri_
Control 5 Host 45 SRR BIRCR 8 R Fa e, F1 (H 43
WK F) 90. 2% F1 92. 0% , (AATAF 7E 1 52 %1 40 1R 2% .
40 , Agri_Control 288 5244 W it - [ AL W] B 9 1%
Y143 Ay Wt A T AE 5 Host 2852 4K “ 8% 7K 7
i PR IR ™ 6 S ZR A6 W 45 40 T A B TR i ST 3 s 3
HFRBIRHE . BE4h, 7 Disease 55 Pest 2850k,
JUE S5 I T I 2545 8 AgriRoBERTa B A 5 2% it T
AR5 AR B SC B AE R B SCh, e o e
PR AT AT R 15 ) SRy 5 A B T AR A 3K S
SR X VR 2 TR S B R AT R N .
2.4 HEKIE

Sk FR G5 B 5% P 4 503 I 25 AgriRoBERTa A5
TR A WA 5 T ML 6T K R e L i 4 S AR
AT 45 HERE B 20, DL BiLSTM — CRF A Sy it v s 70
B AR, 45 R an gk 8 iR,

8 HMRABER

Tab.8 Results of ablation experiments %
Him WHE HEE P
BiLSTM — CRF 83.63 82.17 82.89
BiLSTM — Man — CRF 83. 85 85.31 84.58
AgriRoBERTa — BiLSTM — CRF 85.29 91.26 88. 18

AgriRoBERTa — BiLSTM — Man — CRF  87. 87 93.71 90. 69

2,401 ST I S5 TR X B 1 5 TR

¥ BIiLSTM — CRF fE Jy B i, X [ 5l A
AgriRoBERTa J5 ) AgriRoBERTa — BiLSTM — CRF #5
B JLyERLT BILSTM — CRF (% F1 {8k 82.89% ,
I AgriRoBERTa — BiLSTM — CRF 4 # (i) 73 1] 2% M\
82.17% KIEIEF+ & 91.26% ,F1 {H$E 55 5.29 I H
PR X— 4T FE LN AgriRoBERTa i 12 4 ik
Tl 227 >0 20 K ARG g R SR A SCOGI Mg T
Hoffpe bR SOy SO ) 40034 i S AR 1 B
2.4.2 SRR AL G AR L 1 BB Y 5 )

RS 2 W T WL R S A BRI Y R
M, % Ho i A BiLSTM — CRF 2], #y & T BiLSTM —
Man — CRF %1 f 3 8 o] 1, BiLSTM — Man — CRF
ML A %% BiLSTM — CRF JL4R 57 F1 {2 T} 1. 69
ANES S, BRI 82, 17% 1 % 85.31% , ik U
PEREHR TR B, S 0G0 & O ML E T L1 iy
FORFAE 22 B9 [, 76 K P 2 0 AR A vhoRs o R AR
SR B BEAR T MR X SR R S0 SR BR A
T 7/ NS

2.4.3  BEHLA A X BE A B R R R

FIRAVEAL AgriRoBERTa 5 2 I i 3 &5 J1 #L
il B F 00 1k B 250, #2598 B2 ) AgriRoBERTa —
BiLSTM — Man — CRF £ %1, - 1 5 2 i (4 4 fl 4
RIHEATX I, B 26 8 T4, AgriRoBERTa — BiLSTM —
Man — CRF # A1 Jir 4 45 45 4 3R 901 8, oK 48 W T
= SIHLE (9 AgriRoBERTa — BiLSTM — CRF 451 % 4
H RS i R TF & 87.87% ,F1 {E 47 2.51 ~H 4y
B X — MR TP UESE T 2R E LS
AgriRoBERTa 4 &4 il 5 B8 #F — 2 0L B A, 3 4o
P06 R M 7 T I R A R R AR AR AE B I, B AR T
T SRR RS BE
2.4.4 R D4

iR 3 4 IE Rl 5 4 i B9 UE T AgriRoBERTa Al
o W ) AL AE K A L F NER AT 55 b iy &
BAEM o AgriRoBERTa fif e 45 $al 15 SC 1R g ) it , 2
Wy T ) i 2 S A 300 S AR (R A, T A 4 A S
T AR FAE R e R HE Bl TR RORS B 5 R A ]2
T}, R, AgriRoBERTa — BiLSTM — Man — CRF #%
R F1AE R 90. 69% , 5545 S ik 1 45 155 He iy b Bk K
PRl A R
2.5 HMBEEERSW

TE 3 A TFEE A L E AT, DA AG R AL iy
ZALRE T G5 RN 3R 9 PR . BEARLAE Resume (4R
£ FRIAAE, F1 {HIA 94.80% . %836 0 &
UNCAN RN Y i A SR B U R N
B AR R AE 2 5 4 Ak B s B AE Y AR LU R E A
LIRS R 3 R e T R A A Ak
FIE SCAC R 8 128 th o AL Z T, Bank %04 48 1
A E K T2 0 A s B R 4 3T M S A,
AR TE FOE 2SR R . SCR IR BE AR 4
PE, R SO SR T X Rk AR, AR R R
53k %) 84.47% , KW H B B4 iz L e 1. 18
CCKS2019 ¥4 £, SCA ¥ Ko K & 4l AR 1 A A2
() RSO R . SRR 20 iz S il 25, FL FL (.
ikF) 80.70% , #E— AW T AL AL S 1 M fE Az
1k hE

£9 AFHERINEER
Tab.9 Training results of public dataset %

G S bR RS PERCI S F1 {f

Resume 94.32 95.28 94. 80

CCKS2019 80. 28 81.12 80.70

Bank 82. 80 86.20 84.47
3 HERIE

S A T KR o HL B Y i 44 S AU 55,
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