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Abstract; In response to the problems of insufficient utilization of pretrained language models, low
utilization of external knowledge injection, and low recognition rate of nested named entities in the
process of named entity recognition in the field of agricultural diseases, a named entity recognition model
continuous prompts for machine reading comprehension (CP — MRC) was proposed based on continuous
prompt injection and pointer network. This model introduced the bidirectional encoder representation from
transformers ( BERT) pretraining model, which freezed the original parameters of the BERT model and
retained its text representation ability obtained during the pretraining stage. To enhance the applicability
of the model to domain data, continuous trainable hint vectors were inserted into each layer of
Transformer. To improve the accuracy of nested named entity recognition, a pointer network was used to
extract entity sequences. A comparative experiment was conducted on a self built agricultural disease
dataset, which included 2 933 text corpora, 8 entity types, and a total of 10 414 entities. The

experimental results showed that the accuracy, recall, and F1 values of the CP — MRC model reached
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83.55% , 81.4% , and 82.4% , which was superior to other models. The recognition rate of nested

entities in pathogens and crops was increased by 3 percentage points and 13 percentage points in F1 value

compared with that of others, and the recognition rate of nested entities was significantly improved. The

model still had good recognition performance with only a small number of trainable parameters, providing

ideas for the application of large-scale pretrained models in information extraction tasks.

Key words: agricultural diseases;named entity recognition; continuous prompts ; pointer network ; nested

entities; pretrained language model
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5,
{
“entity_label”;"Disease”,
“start_position”:[12,85],
“end_position”:[14,87],
“span_position”:[*12;14”,“85;87"]

}

B R R

Fig. 1  Annotated sample
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Fig.2  Overall architecture of CP — MRC
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Fig.3  Architecture of BERT
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FRIES , IR 2 2 HE 22 Pytorch 1.10.1, PLM #E
RoBERTa — base il RoBERTa — large oo HL
ESENE 1.2 PR,

KNG IR P A 1R R OATFLARAR A [ 5
PERE YD HI$5 5

3 XWRHERESNW
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Tab.1 Pretrained model parameters setting

T LA 7Y RoBERTa — base RoBERTa — large

Transformer J2 % 12 24

et 7 = A 768 1024
EE2AS SN IR S 256 512
SRR 1.1x108 3.4 x10°

x2 &ESHRE

Tab.2 Training parameters setting

28 BAE
SRS 8
LW PN N3 256
PR ) A 16
AR EL 50
2% 5 & 0. 007
AN I ik 0. 001
R H 0.1

A R, AR A K A 35 of B R 1) S 56 2% SR X HE A
7 3 iR . BILSTM — CRF BIRIUAR R H fi Il 2 55 A1,
HA YR A RoBERTa — base I 2R 50, S 401k &
mE 1 Fims.,

®3 WMAXFANBHEER

Tab.3 Overall results of NER %

A A Hi 2 A [ 3 F1{H
BilSTM — CRF 71.93 73. 66 72.79
BERT 84.17 79.01 81.51
BERT - BiLSTM 83.92 79.01 81.39
BERT - CRF 82.63 79.28 80.92
BERT — BiLSTM — CRF 84. 36 78.74 81.53
CP—-MRC 83.55 81. 40 82.40

HH e 3 AL, A SCHR Y CP — MRC A5 2U A 1
A EFL A 4 ) ik B 83.55% | 81.40%
82.40% , % bt JC Wi Il 45 i A 80 BILSTM — CRF, 5 i
T 1162 A 40 a5, B R 7.74 A H 4y
FOFLAESETE 9. 61 ANE 405, 48 Ty 46 A5 A 8K
PEF . XT L g 8 4F 9 BERT — BILSTM — CRF £
AL A B FL RS0 88 T+ 2. 66,0, 87 A~F 43 45, 15
RIZE G MR R .

3.2 AERTEHENEBELER

R T B UE I SR A B A R AR S R A
H ARG 75 1 i 2 s 1R Y B A% Bl 152 B i A B MRC
50T XL S8 . MRC A5 Y 2 58 o oy 5 2% S 1R A 1
[F) RETASE AR, 4% 2 30 S TR Rl AR AR T AR S T R ASE Al
g A SCA R4 &y BERT By Ao A 2%
NER 1T 45 &£ #5 5 BERT 1) NSP AT 55, i ik 57 [n] 5
R 5 iyt SCAS Z [] B R [RIE Rl A SE 3 R DL 5
BT NER AT 55 AR Ff )7 24778 PR 5 T8 [
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Fig. 6  Attention matrix visualization
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UEPR¥ R vabe AP T I N R N N -3 0 S W]
HLAE AT 08 0 73 52 R 2 i A B g 3Rk, F 1 A
T PR At SR S R B SC, T S A R T TE 45 E 1Y
SCAS H A 6 I B SE A, H AN S AR #) Crop 52 1A HY
T Y T AR A < 4R e R PR 2R A, 0 AR N L B
IR BB A 5 S B 1R 77 ¥ Method 2 A4 33k [7) 7l
B - 4% 1 By 36 J7 ¥, A 95 ik BT A0 UE A A R
%07 3 AP AR By AR R RS S L e R ) AR
WAty e 75 a2 4 gl AR & ek Broas . A
S ATLUAE W@ TSR PUS , MRC AR [ 7
RE A8 A1 BT 52 71, Al DL A B9 MRC R TR 5 2 )
REATS R 52 1] REL B Al A0 & OS2 0 o A L 21, i 22
PR FE AR 5 20T LR DI 25 G 0t B b A Bl i R O
A 2 o B AR, R AN T A0 AR
TR R RITERE

R R R ASE 1Y T I 25 1 5 B A RoBERTa —
large BERY, 152 5 0] LAFE A Y A M B 0E — 20 4

%4 MRC [a TR
Tab.4 Question template for MRC

FIABRZAE B

(query_label )

FIARRZE LAk
(query_label _desc)

e R, LR L O

PRLE S

Pathogeny e SR
. R E O R R R
T0]
: 7 i HOR S Y
ot BOR I R IR E
Factor BRI %
B R NR A
‘ R Stk R B R N 4
Pertod Bl e 101 TFAE 0 2
Disease $ 1 E 4 J H R 4 B
. S AR A R 4R R A R
eature
R fir
F BT I 70 L L A R
Method $ B A 7 i e 4 TAE AR HE 7 58 e
T B 4
FRH K 4R W T
Region S th %5 X 44 B :

K TL 3B A

T, X UE T 3% 25 52 715 10 J B8 % 58 BURE I 25
TUXE T WEAE 55 # I G , 5 A S EU0R B9 MRC B AH
FE 7 SR HY AR IR 7 SR IR mT U 25 2 109 1 2
TR R ArPERE
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Tab.5 Overall results of NER for MRC %

I AR T iR HWuE  Fl{E
MRC — label 80.22  81.69  80.95

RoBERTa — base MRC —label — desc  82. 08 80. 34 81.20
Ak 83.55 81.40 82.40

MRC - label 82.69 82.85 82.77

RoBERTa —large ~ MRC —label —desc  83.09  83.81 83.45
AR SCREA 83.07 83.30 83.19

3.3 HEWBIMEIRG

MO TR T b 25 19 J7 30 E A, A SIS AR T A
H R SCHR Y A A S W B — A token 3 J31) I S
PREGTT U6 b5 25 0 &5 SRR 25, T ik o A R X 4>
token T — > HAA M bR AE | i T Kot £ A7 18 K i
RE S, A Y token F] RE S X1 2 ABR 4, B LA
BB 4f b fifp D S P 4 5 TR R, ph T AR SC R Y
CP — MRCAERUR 45 B M 48 X6 4541 token 3 S5l T3
FAR R RIS TR R TT G (A5 R, 7T DUAR 4 3l
ffR DR SRS A, WNED T BTN B AR A 2K
BRI B R BB FL 8T 3 A 28
FII3 AN 03 1, AR SCHR HY B ASE R0 7 A D 5 i 44 52

PRI A RO PERE R B .

: & BERT
3ERT-BiLSTM-CRF

CP-MRC

Pathogeny Crop Disease

St
K7 B SRR 2

Nested entity recognition results

Fig. 7
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