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Classification Technology of Rice Questions in Question Answer System
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Abstract; In the QA community of Chinese Agricultural Technology Promotion APP, thousands of rice
text data questions are added every day, and the rapid and automatic classification of questions is a key
step to realize the intelligent QA system of rice. However, due to the high dimensional sparsity of text
data and the particularity of agricultural problems, the classification of rice questions faces difficult
challenges. In order to improve the classification performance of rice question text, a convolution text
classification method with dense connection was proposed. A dense connection between upstream and
downstream convolution blocks was established, which enabled the model to synthesize large-scale
features from small-scale features. Combined with the agricultural word segmentation dictionary, the text
data was segmented into 100-dimensional word vectors by Word2vec. Neural network model’ s parameters
for question classification in rice question answering system were obtained by training text data with dense
concatenated convolution model and attention mechanism. The experimental results showed that the text
classification model based on Attention_DenseCNN can optimize the text’ s representation and feature
extraction, and also it can automatically classify the rice question text with accuracy of 95.6% and F1
value of 94.9% . Compared with the other seven text classification methods, the classification
performance had obvious advantages.

Key words: rice question classification; natural language processing; dense connection convolution

neural network ; attention mechanism

WA H 1 2020 -09 - 19 &Ml H ). 2020 -10 -28

E£WMA: FHEEMAPLIR5E (2018YFD0300309 ) (V1.5 A 2% 4 Ml 26 £ 2% F 00 F AP 52 ol RO K 2% R 22 F 5 B 4 5L H (NMDYB18028 |
NMDYBI18026 ,NMDYB17138)

EHEB N TMAK988—) , 53 Wit NG R F I, N F R RERG S AR F BT, E-mail ; haorigin@ imun. edu. cn

BEMEE: FEP1967—) 5, 802, 1A 00, EZNF AL GE R G WSE, E-mail : yatongmu@ 163. com



238 &l #Hl

L

2021 4

0 3]

CHREAREET APPT 2 — DML IR T K
FRVE LR e L IR 55 &, P 4 K AE K e TR
BRI T 4%, H AT 3 B A N 0 28 R AR
FIRJZ 2 2 AR XS /K R 418 [ Bl A7 70 2R B,
TR B 1) BOHE 1) ey 48 R AR g v, O 2R RIOCR O
ASERAR B0 (T AR AR R 1 Bh e
M A7 A K R 1R) ) R AR O T T KRS 1A 3 2, 2 2
T 2 A R A o X [R] A AR G — PR 4 P TR
CFESNUION S E 8 [N IESE | 3 QK P
[7) A1) 53 2H J2 ) 25 22 96 1) O SRS e, HL g 26 o Al 17 %o
)25 72 45 & G E B PR, WP UK R IR A 1A T A 8l 3 2%
ST KR R ) 25 R 8 A G RSB T
AR R K

FTAER B AN T N B LA 2 Y
TR ) TR AT SCAR A 2K, IR B T R
RHOR . BB 28 28 78 BB T R AU AS T 5 1Y
ROR BTN 50K 25 R 28 I 2% 455 70 30 47 11 6 Bl
HE 0P ) 1] ik e S T HORE o 2 Y SCA B B
VR 24 A8 % 1)) 1 o, O A AR 22 R 2% 4R T Ty
KRR . SCHR[ 14 52 10 T SCAR 73 2R 10 B R B 7R
28 P 28 AT R SO Y 1 ] A R 1Y BT 5 A
B rh B T SR R 2R BOR HIF R JESUARE B
YRR SR AT R 2w . SCRRL 1S | iz FH 98 26
1 25 3] 25 #5580 ( Recurrent neural network , RNN) £} i}
AR R PSR BARTE T SCA 3 2R AOCR {3 RNN JE
T iff TR IR AR AT L KB RE T K Tl SRy e, B ST N
56 RNN RS- AT 1 ik Je etk 4t 1 R Ie
TCR 2% (LSTM ) I [] 4% 1 21 B T B 28 [0 2% AL 1Y
(GRU) , I FIR Atk SCA 43 26 I i, SCRIK[ 16 ] 32 i
Densenet [0 28 #5581, 75 4 BUZ Z [0 5R 1 T % 46 10 %
B R T BB R R AR, s T AR AR AR # , AR SOAR
rRAL S BRI R RPERE . TEMLER = W
A SCA G )5 A K-means 55357 Ah 3 D10ty
AR TR R S g LA R AR A U, T
D KRB R P B8 A0 B, A S BT SE TS Ak T A8 B
Bto BV BTG O R B 2 2 A Al SCA B HE 4y
FARME T2 Kol AT ARG . SR, A SUAR 7 26
A3 R T 5E T 19 45 AR R 2 IOSCARRAIE L ok
% R8O TR A Al SCA 73 2 v i) H B AR 2 2 5]
K 5] 25 0] ) 5040 R b 3 28 %) 30 T AL B A 0 %

ROV RS AR TR e N IS L €T DN
AR AL A SCHR ) — ol B 1 U 5 T ML Y AR i
GRBIRISCA Jp K T7 1k, 7E CNN B R E
[ EE ST T — 250 I FE AR, B 4 AR R AN [R] 98

il

JEE Y 2 BURZ R B OSC A R AL, 5 1 AR Y 3] i Xof SCAR
SO FEAT 23 1) M I ) e A g, RS A B A2 A9 IR
2R R L5 AL DT 0 265 1T LA Sl 4R BROK R
SCARKFAE, JF AT 40 28 BN — LU E B S AT A
Akt , LASEBUK R ) A0 B 826

1 XAFLERERGE

1.1 iEREHE

AR SR D9 N R A B HE )T AP JR] 2 A X
S B KR R ) B4l , A Python i 39 1E W) 3% 3k
X BT 3R A A SCAS B8l 18 47 1 0k A0 0, 25 BR
FHAR B, X KRR 48 1) B HE AT N AR T, BRA5 K i
HE HUEE R AT R R R
fla 3k 6 2851 12 000 2% $1 ) K o 7K A% 2 7] SCAS
Bk Nk 1 Fios .

®1 KBRENXAHE
Tab.1 Example of rice question
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Tab.2 Text data before and after pretreatment

K4z 79Uk 2T B Ak 1R
KRR T Y G RE AR AT MRS 7 KRR/ /e AR

K RERAT B AT A BRG] Kk RE/ B BB R

A7 AVEIP
o 7 K RE R AR 2 R WD RE 7/ K RS A B/ TSR /R
TR 7 Jo3 i /it e

KT 5 3F ) 3 1 2 2
S % T L

7
KRR AR AL B AR B A BEEOR R R/ AR S /R B 4
et A A

1.3 #HEREL
TR 2 W& AR IRA] B AR IE T SCF, L, A



%7

T HAR 45 : 3T Attention_DenseCNN [ 7K K [n] 25 5 %t [n] 1] 43 2% 239

R H Word2vec! " 28] SKIP-Gram[mTﬁﬂﬂgﬂﬁiﬂ%
SF A ) ) i, BRI R G O BE S S, i ) B
HEHEBCE R 100, Y2047 B E oy 2, AR
B 25, Word2vec Il #5745 3 45 > 6] 1 1] [a] 5 fiff 47
)7 R KR B TR A v 0 A T B 8 0
8 1a] [ a5, B8040 R B ) ] S AR 1 TR . H
TR T A B RE A 2 5 4 — B, B 4R ) BoHE KR
WE N 100, £ B A 100 8, 76 )5 1 FH 0 4k 55, £
UE RS — 25 4 ) B 1) 4 B — 3, A R A 21k &
W2 b, SCAS A B AR QI 2 TR .

HER
[ 6.7097824e-83 7.4307896e-81 9.0316826e-01 1.9836181e-01
-4.3681994e-01 -7.0093483e-01 -1.2112090e-81 -6.3672201e-03
-2.3016904e-03 -9.0564877e-02 5.7134330e-82 8.2240224e-01
-1.9313449e-01 -5.5023742e-01 -5.1512951e-81 5.888341le-01
-7.5514615e-01 -3.1976292e-01 -3.4879699e-81 -3.3996466e-01
2.1893804e-01 -7.2627313e-02 -1.1370174e-01 4.5059466e-01
-6.7317314e-02 -5.6847054e-01 -6.0463142e-81 5.9052669e-02
-1.3077798e-01 -1.6596270e-01 1.5853813e-81 6.5095556e-01
6.4878941e-01 4.6016011e-81 7.5711823e-01 7.4668027e-02
-1.8575861e-01 -7.3934114e-01 5.8915299e-81 1.2221171e+00@
1.1865857e+00 7.4959886e-01 -3.7220433e-02 5.1921362e-01
3.1730467e-01 2.9835048e-81 1.9465286e-01 1.9594765e-01
9.5289820e-01 8.8047618e-81 -1.8942514e-01 -1.9654460e-01
-8.4836704e-01 6.5927351e-01 5.6682754e-81 -2.7341539e-01
-3.4894038e-02 -2.94085308e-01 -2.13108528e-81 -1.10729085e+00
-4.5399415e-01 -7.6834880e-02 -5.2894652e-01 7.3055312e-02
7.4490570e-02 -5.8068454e-01 2.6303527e-01 2.6208683e-01
8.2010448e-02 7.0894462e-81 -7.1187280e-02 -1.5448423e-01
2.3968425e-01 2.4929245e-01 -1.5444218e-01 1.7619039%e-01
5.4907012e-01 -9.4590086e-01 -5.8262902e-01 -2.6189119e-01
3.7055925e-02 -2.7945346e-81 4.1587450e-01 -2.7782950e-01
-9.5942402e-01 -1.9637915e-01 -4.5042351e-81 3.6467716e-01
-5.1423943e-01 4.398112@e-81 -2.1299433e-82 -9.5975882e-01
9.5942760e-01 -3.9937019e-81 2.7054337e-01 7.6532632e-01
-1.6501517e-84 -5.5885637e-01 -1.7992486e-81 8.8758342e-02]

P AR RL 3R] 1]
Fig. 1 Word vector of rice blast
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Fig.2  Flow chart of text preprocessing
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Tab.3 Distribution of rice problems
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Tab.4 Classification effect of models with different

convolution kernel widths
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Tab.5 Comparison of five neural network models
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Tab.6 Comparison of question classification between

different models %

LR LS A [l & FI {H
TextCNN 92.7 89.6 91. 1
Attention — TextCNN 93.6 90. 6 92.1
DenseCNN 93.7 92.4 93.0
Attention_DenseCNN 95.6 94.3 94.9
LSTM 89.3 87.7 88.5
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BiGRU 91.6 88.6 90. 1
Attention — BiGRU 92.3 90. 6 91.4
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