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Abstract; With the development of Internet and artificial intelligence technology, agricultural knowledge
intelligent services have gradually assumed the role of providing effective technical guidance for
agricultural production management, especially during the epidemic. The key technologies and
applications in the semantic understanding of agricultural knowledge service texts were reviewed. Firstly,
its progress in agriculture was introduced according to the semantic processing methods based on rules,
machine learning and deep learning in natural language processing. Then, the semantic analysis method
for the characteristics of agricultural knowledge was introduced, covering the storage, expression and
calculation of the main process of agricultural text analysis, including knowledge extraction, knowledge
fusion, knowledge representation and knowledge inference of agricultural knowledge graph. The
representation model of agricultural text such as TF — IDF, Word2Vec and BERT and classification
models such as CNN, RNN and Attention were presented. Then the common corpus was described. The
application of semantic understanding in agriculture from the aspects of agricultural intelligent question

answering, agricultural semantic retrieval and agricultural intelligent management decision as well were
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introduced. Finally, the research trend of agricultural text semantic understanding was prospected from

the aspects of standardization construction of agricultural corpus, complexity of semantic understanding

model, multi-modal semantic processing, multi-region and multi-language semantic understanding.

Key words: agricultural knowledge intelligent service; deep learning; natural language processing;

agricultral text; semantic analysis
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Fig. 1  Framework of agricultural text semantic major technology
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Fig.5 Demonstration of input text of BERT
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JOHNSON 45" 5 i T — B I 1 4 5 45 45 B 22
#% ( Deep pyramid convolutional neural network,
DPCNN) , % W 2% 41 SO0 58 17 511 2% CNN 3
X FfHE R fY) DPCNN 45 44) 8 % A 55 b 32 BOZE i 5 B
MFRRAE IR 2 2 R fE R . B, X R A —
AT B SCAR X I A2 22 8 S ] i A R A T
H R A BT AR ) R o B R OR R S AR

() B AR — AN PREE T 20 o AT TR R B S A i [
JE N 250 A4S N AZ RN E S 3 A4S o BT SR Y
Wo (x) + b F1 B £y Wl 555 1) PR BE 322 2 4 58 T 32 19 2% 1|
Yio TRMETTLUA M R R SCAR T E 2 0 2 55
o BRI FREML KR 2, ZT A
To W B i AN 5 SCAS IX Bl A, 28 1 SO Xk
A HHG BE 08D 1 I ZRE T .

SR, K ZHIET CNN (1) 77 Al 18 i 2 O
KN, B TG ¥ 48 3RS 8 1Y n-gram REAiE, WANG
AUV T — R A 22 RO HRAE Y B 4 4 NN,
PRHCATAZ n-gram FAE ] T UG, HAEERZ
T LABE S A LT Ui A5 B 2 ) )l e B s A2, 2 A
R A /N ROBE B R I 4 5 bR RS B AR AE, AT 7
A AR ) n-gram $RAE, EARIET CNN B 7 2 78 4
HUAT AR n-gram FEAEJ7 T A4 T AR KL H B EA]
RO B % 2210 )7 41, 1 2006 1 18 B i 22 s
IS B . A, CNN $2 B J5 #18 SORRIE L 2
G T HIUAMER B A, YAO 5 il T —Fh
FICAR G 2 1 3 7Y 8] 3 BU 2% ( Graph convolutional
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SRR RG] R R TR, RS
EREERE 2R KIRBENA HER, 2R5 5%
F Jm 78 T R R IR A T AR B Ak e K Y S A O SRR
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A . B ] DL Ef# RNN 3K B SR 7 41 5 6L it
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Fig.6  Framework of Q&A system based on knowledge base
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