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Table 1 Corpus labeling example
5 Type SZAA Entity P2 Label
LAY E Crop diseases IKFEET WG NFEHFKEW Disease
LAEY) L FE Crop pests EoKAF N Pest
A 245 4K Pesticide name % 18 R AR 7 Pesticide
AMLAFR Machinery name 1AM Machinery
RAEYIEL R ZFR Crop variety name HFARAT 9711 Crop

Al SR B A IR 5 AR Tl 1, 38 I 1 5 FR i TR
W, TG LA E SR S, PRUESEAR SRR . AR SRR
Py I

ME 1. F—REFREARFELEY, Fln: K
SUbE . INFE BTN -

Wl 1 RFEERIEMARRAE, XA FERIEYIE .

AR 2: Fo LR FCTFEE RS . Bl
wHZEER# (Broad Bean Wilt Virus, BBWV) .

B 2: JOCFBE RPRAT 5 5 SR AHIENE — A

ME 3: [Fl—HREEERFEMEEEY, . K

FEE I, NEEHE T,

i 3: E S RIED A FRAE
2 wRERKIRAEER

AR BERT-Dic-BiILSTM-CRF 4 7 fity # {4 £k
Mt 1 fis. B4 8 BERT 2. #AJZ. BILSTM 2
I CRF E. MTHNTFI X ={x,x,,%,,",x,} » x; @it
BERT JZ4AMEAAFEEEHNTHE ¢;
PHEE R E w, w, =1, ®d, . Bi)5, w i \F] BILSTM
EHAT D, feniBid CRE B 4 Rt F 5.

2.1 BERT

HARE F s, £5. THBHIIEGRES
R R G A BB ER >, Word2Vee F&AE )2 1)
R, {H Word2Vec $HUFIE SUE BAE, TCikRAEFT)
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R, W CHET EARRES NE T RE, aEMmE.
TCAZREY), B])E T & RHE YR Y

s XA FR D B -

t; 51 SLRRAE d;

BIiLSTM/Z
BiLSTM layer

DEERHT & row,
BAJZ

Embedding
I ER Rd

layer PR A,

RIS NI
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7E: BERT JHdds (KX A i RAL ;. BILSTM XUl K S 1242 4 2% ;
CRF NZAFBENY:: hi 9 BILSTM fi th 19551 [ i o

Note: BERT is Bidirectional encoder representations from transformers,
BILSTM is Bi-directional Long Short-Term Memory (LSTM), CRF is
conditional random field, /; is the vector output by the BILSTM.

BERT I 452

(RPN
Model input

A 1 BERT-Dic-BiLSTM-CRF 47! 44
Fig.1 Main framework of BERT-Dic-BiLSTM-CRF
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Fox, ARG BERT I, 5818 B2
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Gt gy, WIS S A SRBOA R IER N LR
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BERT TillZRid A2, 31 X = {x,,x,,%;, ++,x,} XTI
4N E ={E,,E,,E,, -, E,} H1 = AR NFEAE 01T 5
x, NFH X BI5E i AN, i 2 s, Hd, 58 X
HIUE AL B I —ANREER AR IE [CLS], 5[] FH[SEP] 53K,
SAMRNFFIE D N ER RN e « Al TR ¢ « AL E ik

Nel's, HHFE =e+e +e - ME E Z£id 2 DX
Transformer % i 2% 3K 15 & A + & 18 LRAE I 1) &
T={t,,t,,t5,+,1,} » (15 T1E7 BILSTM 2 {{IHIN .
n s | (régi] 3 o | [rsepr
Input
] )
Token Cles) ‘ € | |‘% | | & | K | Ciser)
embeddings
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Bl it
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embeddings -
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vl it
Position | ¢, | | e, | ‘ e, ‘ | < ‘ & i |
embeddings - .
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NFHIE.

Note: [CLS] identifies the starting position of the sequence, and [SEP] identifies
the sentence as split, e; represents the embedding feature of each character.

B 2 BERT A AR T
Fig.2 Input representations of BERT
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TR AN AR AN 2. R BG4 T W XA e K DT D
EAE T N-gram FRAEBARGE, & T4 NER /£55 .
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XF A X={x,,%,,%;,, %} » 3T N-gram FfiFH
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PEREfAE . FRIFBARWIER 2 iR, o 2-gram RoRTF x;
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&2, BUEN 0.

% 2 N-gram $5{EFEHR
Table 2 N-gram feature templates

H Type AR Template
2-gram Xio1Xiy XiXit1
3-gram Xj-0Xi-1Xiy XiXi1Xi2
4-gram Xi=3Xi-2Xi—1Xiy XX+ 1 Xi2Xi3
5-gram Xi4Xi=3Xi=0Xi1 Xy XX+ 1Xp42Xi3 X4
6-gram Xi—5Xi-4Xi-3Xi-2Xi~1Xis XiXit1Xi+2Xi+3Xi+4Xi+5

e 2-gram FoREE HERFAIEN, TG TT IR IEHEE R 2 MR R Bl x
NFFH) X IS § NFAF

Note: 2-gram represents select character segment with distance of 2 in the front
and back direction, including the target character. x; is the ith character of
sequence X.

R FERE O 5 FORFRRAE K, &
AKX ML —AS 5 HERIRHE TR, Ros O B se ik
R HT N-gram FHERARE, 2 m=10 I, F4F x, K
PR S0 YERGTE SR A R, B S FHE B AN
B,k 3 .

s RO
4-gram 5-

FRI968 4L L+
ram 6-gram

- [REF . 57 #1968

Qe

IR
WA HLLS

W FR R PR, CRAL968” UL I AT B
Note: The font “ 5 is the target character, “ 578 968" is character segment that
matches successfully.

B 3 N-gram $/E6 &
Fig.3 The feature vector of N-gram
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Matching, BDMM) , SERKTTH] X Y15, 51
SARHEATUCHS, 40 SRUCHED L AT AR ic,  ORIEAS ] 42
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2) s

2) WHHTFRFFAS, $EE B4G BE )7, 15
BIFAFE S R SRR S, WUTERL), 3T
Frid, #EATEE 3) 20 ULECANET), HATE 4) 5

3) FFRFER S B — NS, TR
2)

4) EHFLFFR S WERJa—AT, #ATE 2 P

5) HE2) ~4) b, WHEZEFIX NIk,

B, A I 1) DG O AN 38 [ UG i & SRIEAT X B, 1B 4%
B EDY 4R, JF@E M f5 (One-hot
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Table 3 Construction of dictionary features based on bidirectional
maximum matching method

TiH J#%1 Sequence
Item Fok oMM . om A 9 6 8 & Ll
WARARER — o, o o oL
BDMM resutt > & #h A TR 968 B

i A

L 0O o0 O O O B* I-* I I.* E* O O
Dictionary features

e NSRS BRI ARG E HRIE A B
TGN E: O AR,

Note:* indicates the label of entity, the B-* indicates the beginning of an entity,
the I-* indicates the inside of an entity, the E-* indicates the end of an entity, the
O indicates the character was outside an entity.

2.3 BiLSTM-CRF

NER {T55H, fii FHAEIR A 4 A B 81 AR, 3 LA
2 S B BR B RSO A E B2, B b SR bR SRR
SR, 3£ LSTM (Long Short-Term Memory, KA
W02 W%, JERETT BRI BT 5K R S R
WA TT AL NP A, SREVEEAN 5880 F R UE B
SEFHHERE W, BILSTM 2452 5t kGRS 7
B H = {h, by, by s SR =[hh] .

N TR AR BRI F, 35T CRF 2% FEAH
AEFRZEZ AR 2, ARIUE TN bR 25 1 A& B, 5t F
Bl X={x,%,,%,,x,} » X N B A5 & F ¥ A
V=00 Y05 Vaee s ¥, t o EFREIFAIRIAR S S, 113K (1) FR,

SX.p) =2 P, + 2 A, D
Rof A, | BRIy R BIRA v OB, P %

AN T AT ARy AMPREE R 40 H . i Softmax BREL
X SXp)BEATIH Ak, 13 BIFRZE A y BSR4 . B
FIH Viterbi®V HIEF B F 5 X={x,,x,,x,,--,x,} KIEA
WEFH ', Wk (2 Finr.

y' =argmax S(X,y) 2

yely



3

BANE K, AT BERT HIZRHAE RN AR i 4 SR ) 115

3 EHINH

3.1 HIEHMIESR

JNEGUFE BERT-Dic-BiLSTM-CRF #%44 2tk , % A
ERTEREIZ I MR, SRS 612 12 HLH
BEAT RIS, WUESE A TR ER AU ZR AR BB, =4
BRI E AN, R AR 50 2 S T A A
PERERI PPN 4R PR o
3.2 RHEgE

BRI SO E W . A BERT-Base £, &
A 12 /> Transformer JZ, 768 4EfRE)ZF 12 k2 Lk &
JINLE . e KT FIHK R 256, BILSTM [l = 4L h
128, dropout & 4 0.5, f#H Adam fRfbHIEP, Y14
F2]30.001, HALFESH 32, EARIKEL 100, dEITHE
% (Precision, P) + AFIZE (Recall, R) . F{H=118
PR R AT PR A5 0,
3.3 HRENH
3.3.1  RREIF RN AT

AL LL BILSTM-CRFZV A HEHERAL, SR Word2Vec
A BERT M Ah 0k NBEAT R EE SR, 45 R An3% 4 PR .
55T BERT Mg N5 Word2Vec 77 AHLG, BEALHEHf
Fikm L 55 M AT R, FHERE T 525 ME A e
KIL, Word2Vec 77 ICIEALBE ] 22 SRR, iR
FERAB R CARITAL) RS Sk “RTT4L”
WA 4 fos. “HRITL” N2 LIAR, EAFREEST,
AIFRIB AL (RTTLL) , Waf RN RPLEE “ R
74.” . BERT BIRA G, i#id % 2 Transformer il 5,
RERS 27 SIS Z I SURHIE, SRIFE B M FIHFIEE S, IE
W “ARTTAL” XK, ARG 2 S )

F4 RSN ESEEEEEST L
Table 4 Performance comparison of model with different
embedded vector

%
TR biRiiks FEEES Fi i
Model Precision Recall F score
Word2Vec-BiLSTM-CRF 88.01 88.76 88.38
BERT-BiLSTM-CRF 93.51 93.76 93.63

oMl R XA NSRBI R (RFL) - “FHA,
KBATE=, 2P, RT3, SCIRauE I, XA
G, AR R, IRl B gt
Mo - BA AT A R A125 % 188 1% J3 oo o e SR L
a. Word2 Veci}! jil 45 4t
a. Recognition result of Word2 Vec
o MEAT 0% T IXAAT AR BB R CROTE0) = “ARTTAL,
KRBT e, ZAFMA 0, BRI 58, SCRAUE [, XA
B, By R R AT, Rt 3 7 R
o - R4 5125551881 3 )b by st b pL -+
b. BERT 145 4
b. Recognition result of BERT
e TR CFHAT AR T AR 45 R
Note: The font “# ZZL” is the model recognition results of different embedding
methods.

B4 %303RR1 4R
Fig.4 Result of polysemy recognition
3.3.2 R A AT P AT b
%&F BERT-BiLSTM-CRF %, il AAS [A] 1] SLRFAE

TEAO U AT XS Bk, 455k 5 FoR.
Rl 7] BURFAE B AR 1 R AR T R, L vk 26 40 il
RET 024, 0.44. 0.3, 0.84. 133 NE . SEREH,
] BAREE RN AR IR T — AR AR AN, fE
BRANRITFINE G, $ETHEERL R U A o

BT N-gram RRAEAER 3 B SURFAE, BIARELE m h
8. 10, 12 W}, BERIIHERZ P 7358 93.75%- 93.95%-
93.81%; AR R 75N 92.86% 94.12%- 92.95%. M
RIS R B, &GRSR, A5 H Y ] SRR
TEAE BT, AR 10 I, AR eI B 5t
B AR B 3 0, 1A BUREAEAS B4R RO, IR
R, BRI I MR R BRI

AT N-gram RN, FET 0w i R VG AT LA
AU REAS Bk — D E- F, T ] S DT IC 25 R AT RRAE ik
NI R T Gis 5 . o, N-gram 5152
WS SR NI, AHERIRBE I A IR, R B PE BRI
TS X e KU T SR B AR AE RN 1 5 20K DL
fC&h RS AR 4E R M =R R, BRBEIRHUCE 2 Mg 1E (5
B, T GmD, BRAUERRIEE T 0.49 NE A,
FEIRET 091 NED A

RS TREHAHRFFAERE T REXS tE

Table 5 Performance comparison of model with different

dictionary feature %

it TR FEJEES Fiii

Model Precision Recall F score
BERT-BiLSTM-CRF 93.51 93.76 93.63
+N-gram feature(m=8) 93.75 92.86 93.30
+N-gram feature(m=10) 93.95 94.12 94.03
+N-gram feature(m=12) 93.81 92.95 93.38
+BDMM feature(one-hot) 94.35 93.89 94.12
+BDMM feature(embedding) 94.84 95.23 95.03

7:  “+” LABERT-BiLSTM-CRF J3EAEREAL, filt AN [ 75 s i) SRFAIE 5
m N N-gram B R

Note: “+” represents integrate different dictionary features taking BERT-
BiLSTM-CRF as the benchmark model; m is the number of N-gram templates.

3.3.3 REAEA M AT

NEE BERT-Dic-BiLSTM-CRF #5 A 78 & L iE K} )
PUIERE, 2351 5 BiLSTM-CRF .CNN-BiLSTM-CRFPY,
BERT-BiLSTM-CRF %5 E iR AT 1 X bhikse, 58
SEHRNE 6 Fix. BILSTM-CRFE B HERf 24 88.01%.
Fy {7 88.38% . #H % + BIiLSTM-CRF #£ %Y,
CNN-BiLSTM-CRF # Ay j@E it CNN 2 3 B A 7 B 4AE
55, 5 Word2Vec YIZR13 I 7 M & PHEE N BILSTM
FEHN, BRI T 171 AN ES A FHEE
1 0.14 NE AL {H CNN-BILSTM-CRF TG 58 Ha sk
P ERSUE R, ANRERR 17 2 SR .

5| X\ BERT /2K BiLSTM-CRF #%4, i#it BERT i
WG 78 7 3R A R AT 51 B R SCRHIE S B, B
R AR AR MY SARTEAS RIE ST N 18 KR, $FETHEEALR
SIERE . AHEL T CNN-BiLSTM-CRF #5775 A ffy % 42
B 7 3.79 NE A AR SCHE H Y BERT-Dic-BiLSTM-CRF
PR SCR AL T oA 3 SR, U A 26 A ik B
94.84%. F,{tN 95.03%.
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Table 6 Performance comparison of different models %
oL WM A Fi
Model Precision Recall F1 score
BiLSTM-CRF 88.01 88.76 88.38
CNN-BiLSTM-CRF 89.72 87.35 88.52
BERT-BiLSTM-CRF 93.51 93.76 93.63
BERT-Dic-BiLSTM-CRF 94.84 95.23 95.03

3.3.4 I HAFFERTARAL M AL R0

DN UG RS 51N AR SURFIE W] 3 6 5 L R R S AR
VONMERS R, GEit IR b SR AE I 2R 4 Hh DL KL,
R SRR SRA D NARRISEAR . FILELAR, RSk, #HAT
XFEeikEs, IR RWNER 7 Fraw. H, RE1scik: M
AR PSR MR R IAE MR 5P s fd: PSR rh s
AR HBLRE D T 5 e SISk MR sk
AR MBS T 5 K

KT TREISEKIEEERS EE

Table 7 Performance comparison of different entity

ARSI Y 2 FEIEES Fifl
Entity type Model Precision/%  Recall/%  F)score/%

AR FSEAR BERT-A 73.85 74.19 74.02

Unknown entity ~ BERT-Dic-A 80.29 80.05 80.17

ESgTRy N BERT-A 85.61 85.75 85.68

Rare entity BERT-Dic-A 91.54 90.18 90.85

(= XN BERT-A 94.17 94.05 94.11

High-frequency entity BERT-Dic-A 96.82 96.05 96.43

7£: AN BILSTM-CRF #%%, BERT-A j BERT-BiLSTM-CRF #%!,
Note: A represents BILSTM-CRF model, BERT-Arepresents BERT-BiLSTM-
CRF model.

7 WAL s Ae IR 48 I IR B %
PR AT 22 3] B3 F F REIE{S S, BERT-BiLSTM-CRF
Fi AN BERT-Dic-BiLSTM-CRF #5 A iR A HERG 2 20 51 N
94.17%- 96.82%. X T AKNSLARFN G WLSLAA, SEARLE
R4 B UL AR MK, BERT-BILSTM-CRF #H7 [ & 2%
SIRe AR, BUNHERR R 58 73.85% 85.61%. Sl
] B4 (5 B BERT-Dic-BiLSTM-CRF %Y, @it 4k
TR R RE B AHB), AR RZ AR U1 B, A
T BERT-BiLSTM-CRF 84, JRAIHER R Al fe s 1
6.44 NHE L 593 NES M. FE— PR R HURE
fiE,  BEMEHE T AL AL} 27 LR AR S0 S A4 R R 1 Al 236

BRI 1] SRRSO AT (R 2, AN R D A0S ]
BENLIHEL 60%. 70%. 80%. 90%H)SiA it 4 A K/IA
[) {4 L A7 ks, RIS EE R 5 s

955

953

951

94.9]

94.7
945 +
943

94.1 +
93.9‘»

1k fiE Performance/%

—o— A%
93.7 - Precision Recall

—— [H] 5% P
F score

()3 5 1 1 1 J
60 70 80 90 100
1] YL RRAS fili Y LE 9 Dictionary size extraction ratio/%
B 5 3 AR AR M A8 4G R

Fig.5 The impact of the different dictionary size on model

performance

HIE 5 A, Bl A SO K, R 2 ) 3 Y
FHEEEEFE, BRI 2SRRI, #EmFiL
£ 94.84%.

4 % i

1) BF 6 Aol 813 Ay 4 58 R R BT 55, $R
BERT-Dic-BiLSTM-CRF #i%4, %A 7 25 A = [v) 5 Fl1 ] 4L
FIEREE A B —17] 22 IR, RS A 2% L Bl oA Jon sk
PRI HER 2, RRALHERRE Y 94.84% F) fH N 95.03%.
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Abstract: Agricultural named entity recognition is a fundamental task for information extraction in the agricultural domain.
Aiming at the problems of local context features. unable to solve the polysemy of the word. low recognition rate of rare entities
in the process of entity recognition, the model combined with character level features and dictionary feature was proposed to
automatically identify entities in the text, the character level features were obtained from the BERT(Bidirectional Encoder
Representations from Transformers)model. Firstly, the BERT pre-trained language model was used to integrate the left and
right contextual information to obtain the character level features, enhance the semantic representation of words, in order to
alleviate the problem of polysemy; Secondly, we built an agricultural dictionary and introduced external dictionary information
through the feature extraction strategy to improve the recognition accuracy of the model for rare or unknown entities. Among
them, two feature extraction strategies were designed to capture the dictionary features, included N-gram feature template
algorithm and bi-direction maximum matching algorithm. Then, the character level features and dictionary features were fused
as the input of the next neural network layer. Finally, the fused feature information were encoded by the BiLSTM
(Bi-directional Long-short Term Memory) neural network layer, obtained the sequence feature matrix, and the optimal text
label sequence was obtained by CRF (Conditional Random Field). Based on the knowledge of domain experts, a labeling
strategy of named entities in the agricultural field was proposed to solve the problem of fuzzy boundaries of agricultural named
entities, in order to ensure the integrity of the entities. The experiments were carried out on the corpus of agricultural, which
contained 5 295 labeled corpora and 5 categories of agricultural entities. The results showed that better overall performance
was achieved in the corpus, where the recognition precision, recall, and Fj-score were 94.84%, 95.23%, and 95.03%,
respectively. In terms of specific categories, due to the obvious boundary characteristics of crop diseases and pesticide, the
model achieved higher recognition precision than the remaining three entities of agricultural, such as machinery, pests, and
crop variety. Experimental comparison showed that for the effectiveness of the dictionary feature extraction strategy, the
performance of the model based on the bi-direction maximum matching algorithm was better than the N-gram feature template
algorithm. When the number of templates was 10, the performance of the model based on N-gram feature template was the
best with the recognition precision 0f93.95%and F'j-score of 94.03%. The bi-directional maximum matching algorithm using
feature embedding can obtain more potential information, which was better than one-hot encoding. The precision and F-score
of the model were improved by 0.49 and 0.91 percentage points, respectively. Compared with the models based on
BiLSTM-CRF, BERT-BiLSTM-CREF, the precision of the BERT-Dic-BiLSTM-CRF model proposed in this paper had obvious
performance advantages with the highest recognition precision of 94.84%. Compared with the BERT-BiLSTM-CRF model,
for the recognition performance of rare or unknown entities, the recognition precision of the BERT-Dic-BiLSTM-CRF model
was improved by 5.93 and 6.44 percentage points, respectively. Further verifying that the integration of dictionary features into
the model can improve the recognition accuracy of the model for such entities.

Keywords: agriculture; named entity recognition; text; BERT; dictionary feature; BiILSTM



