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Research on Wheat Question Classification Model Based on Dual-Granularity
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Abstract : In response to the issues of noise,feature sparsity,and strong agricultural expertise in the question texts of the
current wheat Q&A community,a wheat question classification model based on dual-granularity features is proposed. To
effectively alleviate the problem of semantic feature sparsity in agricultural questions, a dual-branch architecture is
employed, extracting both character-level and word-level features in separate branches. An interactive attention
mechanism is introduced to capture the interaction between word-level and character-level features, ensuring the
consistency of semantic representation across different granularities. Finally, the model integrates character-level, word-
level ,and their interactive features to construct a robust classification framework. Additionally,an agricultural dictionary
and a stop words list are incorporated at the input layer to enhance word segmentation and character splitting, addressing
the challenges of high domain specificity and data noise in wheat community question texts. Compared to six existing
mainstream agricultural community question classification models , this model demonstrates superior overall classification
performance and improved comprehensive performance across various categories. This research contributes to enhancing
the performance of question-and-answer systems in wheat farming communities and actively promotes the advancement of
smart agriculture ,support rural revitalization efforts.

Key words: wheat community Q&A , multi-scale CNN, attention mechanism, question classification
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Fig.1 DGF-MsCNN model architecture diagram

21 BWAEMB|NE

N BT ASCAS P AT A0 A AL FE. i T /N 22 Bl 1) ) SCAR R 356 45 3k Y8 T 4 X ) 225 W)
ol , SCRMER R, it FER AJZREAT LR LAE - (1) Inade i B4R TR , i DB AwidR i 455 RRARAT 5 LA K
I8 H R 2 SCAR RS B AT FR S B A5 BV A5 B i), B2 R SCAR 5 B EE. (2) FILH jieba 4310 T
HLIT AT A, % S A AT SCA Rl A KT AR, 5 IAE BE RIS R i A Al 43 i i) i 2% fie
A SCAAFAE R T AR M Ll 31T A8 TR) R, 2 15 3] ) HE B 2

FEHRAJZ ] Word2Vee ™! 2014 18] 7 81 N RIS P 51 M3 Ak Sy 181 52 4K B R 4k B ) il i A RELRGE X =
(26,55, ,%, JFIFHRATERE C=[c,,c;, ¢, ], 2 n il m 535002 SCA P sl P 5 BE AP 91 B
22 XEHIFEAE

T iRl AR AR FRES B3R IE LAFTE 22 5, AR 3 PHE T RE £ iUS B k. i 1
RBE 5T 5 I A B IHLH, B FE SRR AR R X 55 AR C 18 Z T 1% 55, S8 B [A)RL
BEAR B R SOATE L — 8k, BARTHE SR .

X,....=Normalize(X) , (1)
C... =Normalize(C) , (2)
M = Xnm’m : C:ol'm ’ ( 3 )

— 102 —



RRH B, 45 < T OURLIE A /INAZ () ) o SR B 5

Caligncd = M : C ’ ( 4)
XalignedzM'X’ (5)
out= Xaligned @Caligned ’ ( 6 )

Horp X SRR AZERS | C ST AJEFE  Normalize () J2 804 0 —Akiz 8 M JE38 HIE = I AL E Cahgmd%
X TG B TFHERE X a7 R 555 BT, 2 PHEIRAE.
23 BERNE
N T P R BE RS RY SRR AT LA G < BRI D HLRDA AR 1 R AT A, A T
AL AT LIRS A7 51 v ARSI 1) BB A R, sh A R e A7 2R 0 TR TR
RTINS JCR 5 HAWIT A TR Z A AH G R4S AR N, (AR, B S, A TR TR, RS
TSR BALE X HAB TR 1Y ) EAT AR AL
24 ZREERE
LG P A 7)) 3 2SR T 6 B RS RS BRI SE IR A5 SR ACBERLR A B U U /N3 5
H91,2,3,4,5 5 CNN ORI TE FB AY4FAE [ 5. CNN fORZ 2 BUZ At AL 2 | e A T i 24 T R AR 0 )2
KSR (A5 M 45 RE 8 A R AL B BAT 25 R S5 A RO A AR, ATER 2 R05 i 0, IEAZ RIEBERZ )G
MR IRANT
(1) BRERAE
C.=relu(Conv,(0,)),i=1,2,3,4,5, (7)
Hurc,,c,,C,,C,,C, WEFUGHERIRMERE  relu “AFLTE PREL, Conv, , Conv, , Conv, , Conv, , Conv, 73l 327~
BRI/ R 1,2,3,4,5 B RURAE
(2) Ak
P,=max_poolld(C,,1),i=1,2,3,4,5, (8)
Herp P, P, P, P, WAL A3 BN A B , max_poolld Frn—4E i K fL .
(3) I} & P4
C.=P,®OP,OP,DP,DP;, (9)
[FE, 0, 2t BRZ S5 R C..
2.5 BHEEMEHE
PHEZ R AT SBIEIAFIE I B C, (C, VAR E IR E R out FEATHHE 1S B RZRHE C.
S 1 2 STl P 4 3 e R A B R 2 (] IS 3 R 2 s ), SRS A softmax RSO AR R 42 1%
FEIZ A R ) i L AR A, BIDRE L iR ST Rl — N T 0 A 1 Z WA, R PRIEFT A T
RZHH L.

3 EERSER S

DR E T i Y A AR TR Ak B S R DR 4 A S B ) R B A Ml B B B ) SR B, /N PR A X
IF) A 5l B RIRCA T Al e SCAS BRI 4R 5 LR A Y R SCAS 3 D7 TR AT T R AR HE S
31 XWIRE

TES AT 5V 0 AT A St 1 | 368 3 M€t B AR A rp Al B 15 R AL B 1 2% 43 = 45
Pt AR IR , TR S A A 1 7 AN /INAE R R R R SO TR, Bk 1 R,

F1 @A
Table 1 Question category distribution
AP A R AR AR AP AL B Jog HURE AT B HoAt
12 448 1 966 2 198 452 12 068 605

S| %
fm| &
(3]
D

LR A S8 Al 18] ) SO i die KK BE R E A 32, A1) i )l [ 2 B 34 Ry 300, 7 1 it 22 K0
Yk B rR B 2 R AR/NN 0.000 1, BB ZREE %N 40, batch_size K/INKZH 256, dropout 4 0.5, IF:
e 2250 528 SRR sRBGH S R . Ry B0 UE AR ABE R AE /N2 Rk Ak DX [R) ) 3 AT 55 vh A Rk, e R0

— 103 —



B IR 2 ( HAARBL AR 55 48 1 (2025 4F)

AEAR D S SCAR 43 2 400 N 4 R T2 1 6 Bh B A R AE L #R, 43 i A FastText''® | TextCNN'')
BiLSTM''™®'  BiLSTM-CNN""*) | BiLSTM _ Att'*’ I Transformer'®. [&] B, LA 1F i % ( Accuracy ) . 45 i %
(Precision) . 9% ( Recall ) #1 F1 {EA1E NYERETEM 5152 .
3.2 XXt

Ry G T VPAR A5 AR A 78 /N () ) BCE A L APk BE e B, AR IR AR 764 ) 8 (R P B R 45 2 i) Pk BB A 7 %

LT

3.2.1  EARM AT L AT
FEAN G A5 I 25 S I B0, DA RS (4 )11 25 33 251 — DGF-MsCNN

IR FNBRIDRG 1 ) 450 8 B PR vk R R A7 0 L A A, 7 2 — = TextCNN

WRT 7B AR 2 S g 2O v

53 s AR BRI Zkd 2% . . sk - FB;I;STZ)I(\;I_CNN
A 2 AR DGF-MsCNN FIAIPRAERAE 10 4 = ;) - Transformer

WG T, Bk AR, R RIREE, £ L1

HISUT DGF-MsCNN 51 5 {H /N T HAth 6 Fefell 2 3¢

ARAPZEARHL . 7 A HL  FastText #5826 M 22, i 2=

W Bl BE R H A5 R (AR E 7E 0.4 B3l ; DGF-MsCNN 5%

TR IS, U U B B /N R (R 7E 0.12 /2

. SIS R B R T DGF-MsCNN BB 7E I 25t i rh 5

FAE , BEAS TP i UAC S35 B¢ /0N 1 45 2 AL, I EL I sh E2 SERIGREEE

N BT ARSI I R A 7 1 TR Fig.2 Comparison graph of training loss
F2 JBIRT T AR BT AR ) /N 22 oA 1] ) $ among different models

Pi4E I Accuracy | Precision , Recall | F1 ZU{E L HEE B , Hed mopL ) 85008 A %80 B RAE. 38 2 vl 1, FEAR IR
XTI, DGF-MsCNN AEAUAH LT HoA 6 A0l Ji SCA 53 B8 Accuracy | Precision  Recall \F1 B4
[ FEE 4R 5, 20 BIA H] 96.76% .95.76% .96.46% .95.95%. iX &= i T DGF-MsCNN # AR f] T 3 F 7 Ml
TAVRURE B 1 XU SC 45, BETEAT PR A A M J SCAS U mT BB 22 B S8 OCAS RRAE 80 R R4 2% A R T 00 28
PEREAYHE . HAACK UL, DGF-MsCNN #EAU7E 73 A1 58 75 T FR B2 ), 8 o 4 s y-Uil) 0 52 TE A1), YR 7 A
AP L RERI A, 255 PERERRE ; DGF-MsCNN SRR 1E i 07 T W HUAS T B4 3, Al [n) A)
IS B TRl SE AR T . BRI, T PAIA K DGF-MsCNN A5 AU J& — i 20 EHL AT 5 (4l [) A7) 43 2 A
AU AR = 0 N R R SR (A
x2 AEEBEIEEISIRITEE

Table 2 Comparison of evaluation metrics for different models %
Models Accuracy Precision Recall F1
DGF-MsCNN 0.967 6 0.957 6 0.964 6 0.959 5
TextCNN 0.942 6 0.8715 0.897 1 0.8829
BiLSTM 0.866 8 0.637 0 0.643 0 0.638 3
BiLSTM-CNN 0.935 6 0.8955 0.837 3 0.842 4
BiLSTM_Att 0.900 8 0.847 6 0.766 1 0.740 7
FastText 0.786 3 0.687 8 0.570 8 0.622 6
Transformer 0.848 6 0.698 0 0.701 5 0.698 7
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Fig.5 Comparison graph of F1 across six categories among different models
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Table 3 Statistical analysis of performance across various category models
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Fig. 6 Performance comparison of various models on the agriculture dataset
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