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Abstract: To allow fast and automatic detection of the same semantic agriculture-related questions, a
method based on BERT — Attention — DenseGRU ( gated recurrent unit) was proposed. According to the
agriculture question characteristics, twelve layers of the Chinese BERT model method were applied to
process and analyze the text data and compare it with the Word2Vec, Glove, and TF — IDF methods,
effectively solving the problem of high dimension and sparse data in the agriculture-related text. Each
network layer employed the connection information of features and all previous recursive layers’ hidden
features. To alleviate the problem of feature vector size increasing due to dense splicing, an autoencoder
was used after dense concatenation. The experimental results showed that agriculture-related question
similarity matching based on BERT — Attention — DenseBiGRU can improve the utilization of text features,
reduce the loss of features, and achieve fast and accurate similarity matching of the agriculture-related
question dataset. The precision and F1 values of the proposed model were 97.2% and 97.6% .
Compared with six other kinds of question similarity matching models, a state-of-the-art method with the
agriculture-related question dataset was presented.
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PAF Y, BERT SCA 6] & 46 3R 78 7 vk 1 5 21 % b ik
KRR TR A R X R T Word2Vee U i)
AR R ITEZ MG T AR T 2 SR Y R) R K
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V5 AT DAAR S 3t igp o 3 1] 0, DA T 42 13 i) /6 AR 32
VT JC 90 B %%

%4 FREHEEZE BERT f1 Word2Vec X A& [ £ K =
F5 i T 18] A 48 10U B I BLAS A
Tab.4 Question similarity matching precision of different

models under BERT and Word2Vec text vectorization

representation methods %

e A Word2Vec BERT
BiLSTM 83.6 86.5
Selfattention — BiLSTM 87.5 91.2
TextCNN 82.1 87.4
ABCNN 87.5 90. 6
BiGRU 86.5 89.1
Attention — BiGRU 88.7 91.7
Attention — DenseBiGRU 94.3 97.2

H 3 5 ] 1, 5 BiLSTM . Selfattention — BiLSTM .
TextCNN . ABCNN .BiGRU . Attention — BiGRU 6 F 3¢
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25 A8 DL 55 A B AF L, Attention — DenseBiGRU 7F
W RLE Z e ORI A T B R
R Az TR Al 8 A S5 8 ARl 7]
CIPOE €/ M B E R a=a N UMY R SO AL
AARARL XS DCIE RS HE T 93. 7% , B AR BOR ] B
DT HABERL , LE 5 He B3 R A B 2 20K
0 B 5 A RO B b, AR SO Y A K ity 3 i B
99. 1% .98.7% , W] Wik = T H A 6 Fofp I8 £ 22 > A

X2 PR A T B 2 ) B AR AN W a2k AU 5 i e R
B R BRI RSO R E T S L
R Az R EE 3 A8 IR R D R AR
AR SCARE AL YRS Bl R o3 ) 38 B 97.3% | 96. 6% |
93.7% , B B w T H fth £ A&, 358 B Attention —
DenseBiGRU #5 A 7E 4040 &2 A 78 R 1 1G &0 T, A5 e %
A R UL SCAS I RR IR AT SCAS R AL BE 5, i
WY T i A IR O i & B
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Tab.5 Precision of different models in different categories of agricultural similar question data sets %
A2 mlRE  RREEH kR TSeE PN B b 3i(LY S Py P HoAb
BiLSTM 90. 1 93.7 82.5 89.7 79.7 87.5 79.1 89.7
Selfattention — BiLSTM 94.5 92.7 91.9 92.1 91.6 91.9 89.5 85.5
TextCNN 94.7 89.7 86.5 81.1 88.4 89.2 80.2 89.1
ABCNN 96. 6 96.9 95.3 92.6 90.3 95.3 89.2 92.6
BiGRU 92.3 91.5 87.7 88.7 87.7 87.7 85.2 92.3
Attention — BiGRU 93.3 92.0 89.9 93.3 89.9 89.9 92.0 93.3
Attention — DenseBiGRU 99.1 98.7 98. 1 97.3 97.1 96. 6 93.7 97.3
8 3 — 2H 3 56 S E B A SC AT 32 Y Attention — xRT ARAEBFTEREBENENLRBERE
DenseBiGRU #5585 NS BLH (19 A &t . & 580 Tab.7 Matching effect of model in each layer of
w459 25 (autoencoder) M G A B A 2, network under different conditions %
6T LIE B 2 BRI AR FL (S AR 1A ¥ Hom 2 3 4 s
FFHET 217 AT S, BIE T H i g I Attention — DenseBiGRU  92.1 93.8 94.9 96.2 97.2
BPEL A SR T DAME AR SCAC R GE AR AT 2 MR aoencoder L9 923 192,538 93,2
A E SRR AR miorU 2 D SR
|‘ETJ E@%%ﬁ?ﬁ*ﬂ&%ﬁ*ﬂ%ﬂ ’1§§u*ﬁﬂ 3 ‘4’ﬂu% 5 BiGRU + Attention 90.1 91.7 90.8 89.6 89.1
MR 3 4 RS BG R A R (S8R 1 AR L3 6 BiGRU 87.2 89.1 88.7 87.9 86.6

BT 2.92.9 MESM2. 1 1.8 NEH, £W
BiGRU 2 [u] 1) % 48 % 2 LU Y 5] 8 32 1 AL ) O e 4
oY BN S RTINS 3P S e = W K vl D
5 )23 38 % $% BiGRU BLRY AU HA 78 S HLHI 5
J2 % 3% # BIGRU #5403 6 o] LLE i Sl
il AT AR e A ) AR 3R R Sy A T ML R LA
588 b 5 B 1] 7 ) 4] R LB DG JC v 9 AR, 3 T SCAR
DC T 6 R
F6 TEBEEREABEE FHRR

Tab.6 Effects of different models on agricultural

question data sets %

B 55 LR 2 B W HiE  Fl{
1 Attention — DenseBiGRU 97.2 98.1 97.6

2 1 B4 autoencoder 95.2 96.7 95.9

3 MR Dense( Att) 94.3 95. 1 94.7

4 MM Dense( Rec) 95.1 96.5 95.8

5 BiGRU + Attention 91.7 92.9 92.3

6 BiGRU 89.1 91.7 90. 4

FTIERTHEA L ~6 1EA[FJZ % BiGRU B4
b ) A O £ B 2O 26 7 AT, Attention —

DenseBiGRU 7£ 5 )2 BiGRU I ¥4 i K ik 3] & = 1)
97. 2% ,3X 2 1 T3 ik J2 O 1 RN o A i, T L)
A R R SCA R Y $2 300, T80 RRAE B2 B8 SO
VERCRL A . B S 6 155 2 JZ MRS il Rk 2l vy
ZIEIF AR T R o X T R A Sy A i o R i
F 0 BiGRU 7E 48 PURF AR I 2 R BORRAE £ 2K 0 iE—
AR T A R 2 Y Bl 28 I 2% ] LAAT RO ROCAR
FRIE B 2 , A F) T 42 TH SCA AR BLBE VT FCROR .

% 8 IR T AT Attention [ 4 FhiR B 2% > B 7Y
7 1700 X 4 b [0 ) %of 0 3 B b 14 52 7 B[] 700 45
A, ABCNN 3 B e PR, 3 /2t T ABCNN 5 A 5 22
SR JH A BURH 22 I 26 1 O By, B AL 45 1 7 20, S 008
o ARSCEEH Y Attention — DenseBiGRU ##Y 7 s Af
PLSERE 1700 X 4l 7] /5 AH B4 o ) 18, G ) <
KB B 1 94. 7% W /2 1 X8 AR b [ A Xof 18 SCAH B
JEE PR R A DT 50 1 2R, 78 B N T 42 3T 14 15 10
T, Attention — DenseBiGRU #% #4 75 SC A {E S AH LB
VRO R IS T e I ROCR o
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Tab.8 Response time and precision of four deep

learning models

W a5 7Y S B[] /s K2/ %
ABCNN 6 92.8
Selfattention — BiLSTM 11 91.7
Attention — BiGRU 9 90.9
Attention — DenseBiGRU 7 94.7

i 3 % AR % H: BIGRU [ 4% 1 TE 2 J1 L 75 3
Al o e R L2 IS B 0 2K R )R
{4 R 0 0 52 W 458 5% ek R, O AT IR M B e T
PR , A SO 3 75 AL R e Rl b £ Ok i
B RER . R ABEA T T A AT X 55 B
15 B, [ I g A~ 2 B b B R A o7 807 2 28 poi2

HEZEM . B4 JER T AR SCER AR T A A [R]
JZ IR B A BT TR ) ) )L DR T R
T A0 R AT A7 Tl A 20 R 1 2R T 0 AR 2
fra BT BRBERG AR IE RSN, A 1 AR A 2
R o ) [F] I A7 A AR5 1R MR AR A
Hh A R A (] SR AR 3R] B4 X R B . (HLE
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TEAN WO o TR 2 S8 5 0 SR8 o B 9K # J2  H
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Fig.4  Visualizations of similarity and attention weight of agricultural questions
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