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Table 2 Research on agricultural services based on semantic matching

[Ny FEhr BARAFR IFIRIES ROR SCik
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AR, M 202 BERTY BILSTM- it sz pintal A U 2 S R B 85.63% [32]

Word vectors, neural networks CRF

W, AT R

Word vectors, sentence vectors 2018 Word2 Vee, LSTM

KFE FAQ % AGEE X IL
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)T REBLBE T SEAE R 2L B T 93.1% [33]

WA TR, R

Word2 Vec. rf E R B 5 B G R BILSTM-CNN A58 ] 5 25 SR BT A AR [R5 R
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CIRACTE N T2 EPIRRL )& R FAEAL SkbERE (ER2N 0.716, Lk DSSM Al ESIM
Sentence vectors and neural networks 2021 Bert+DSSM JER N SERTET 0.104 F110.050 8) [27]
a a1 ‘Qé é - N TR 4} BT %, 7 ,“: %
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2022 ML, %*ﬁfgﬁ
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P A S5 B Word2vee A1 LSTM #E 4715 S I HE #4 /K
FEFAQ B RS0, #EHIZIARIT 93.1%Y, xi|EEErY
TE A ELR B AE 1 6 0 4L X R 55 iz ] word2vee X 7K
T a) B) R W UG A A A) R AE, SR 5 M8 BILSTM K 5 1
PR WX 28 HE HOE I P REE, e UZ IR B —
Pl AL 18 S B B AR SR R EE B I ) A AL B AR 2 1 1Y)
AR

HINE

WL

= MNE R i =

Wt—1

Wi+l

Wt+2 CBOW# 7Y Skip-gram#7H Wt+2
W W1 NS EHA IR —ANA, W2 A4 TR RTRE AR, Wkl 2407
W JE AN, W2 4 ETR S PN, SUM 1T S0 B g il 1) &

RN, Wt 2 24 B3] A3 ) 2R R

Note: Wt-1 is the previous word of the current word, Wt-2 is the first two words
of the current word, Wt+1 is the last word of the current word, Wt+2 is the last
two words of the current word, SUM is the sum of all word vectors in the
context, and Wt is the word vector representation of the current word.

B 3 Word2vec HEA! 44
Fig.3 Word2vec model structure
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T x AEW (query) BTN XAMERR, y BXEY (document) B H AR
UARMER, fAE—IMENEE (ower) HHRHEN &, f A% A
T LG B T R HE ) i, sim(e,y) A x Iy Z TRNRDARADLEE

Note: x represents the query or input text representation, y represents the
document or target text representation, f; represents the feature vector in the first
neural network tower, f, represents the feature vector in the second neural
network tower, and sim (x, y) represents the similarity between x and y.

H 4 RIARR LA
Fig.4 Double tower model structure
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0 D, D D,
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P(D,|Q). P(D,Q)« P(D,|Q) WEEAW A Q %M, XK D+ D,v D, 1
BE A, BSOS PR A S P . R(Q.D)). R(QDy) R(O.D,) T
i Q 53 Dy Dyv D, Z AR RN 73 BOAR AL .

Note: x represents the query or input text representation, y represents the
document or target text representation;/, /,, and /; are hidden layers in the neural
network; Q is the set of query texts, D,, D,, and D, are the sets of documents, and
n represents the number of documents; P (D, | Q), P (D, | O), P (D, | Q) are the
probability distributions of documents D,, D,, and D, under the given query text
Q conditions, that is, the correlation probability between the document and the
query; R (O, D)), R (O, D), R (Q, D,) are the correlation scores or similarities
between query Q and documents D, D,, and D,.
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Fig.5 DSSM model structure
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25 82%, T DSSM. DSSM LSTM. Cosine. Jaccard.
BM25 £ 5 R Alsl,

3.3 ETHEME
i) [ B R 3 ) - ) B () VR AE — R R AT DL
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PR )T I8 XS B, AHEATEAR X b B SCA B
A e BN UE R, iR AR i b ot 4] - 5 A v
BN 9% 22 ARG ¢ R AL . 1] ) B 1098 UGS 7 v 22
W& 7R AEAS R BRSO 22 ORI SOV, TRk HE
WM N SGESR AR, A) 7 s AR
PR EHHESE T ARG B T IRR, kR E )
FHEE 2 B R A R ANE LG, 13 TR R 2%
(8 SCUCHC 7 vl I 5] N TR B 27 S A R 28 [ 2 25 44
CIRVSGiBVIEA =i 3= NN = W) | Niill NI £/ 20 2] LN B2
A 28GR AN EE B XE R A FZ R RR,
FaE ik vy B v 1R 22 ) SRR B S8, X AT I T
W 28 f 1 SCUCRCASE Y 7E JRAR T 2008 SOR R AR OUAR
AL 4R N SUE B AR, Hikirak
FET PR 22 00 28 1R T SCULTE RSCA B0 s AR 5 22 A T B

AR, Lol AUsAE B2 M4 (convolutional
neural network, CNN). fEHHZE %% (recurrent neural
network, RNN) & Transformer Z5 R B &% S #E R, 530
KRN AERFE ) B, 8 I P 28 X 4% 1) i SR B
AR Z A UL 7 A Fe b %2, I HAE 2 B 2L 145
B B ARG T a7 2 BT

ERRTAROL R BE R B RIS RSHEDLAC A, SRAEHG . WANG
Z532 3T Attention DenseCNN FI/KFE SCA 425, XU )
I THRAE A B0 0 R0 22 060 B A5 R 20 I 28 AR ) 2 73 R S 4
A, SCARKFAESRBUAER ZRIEE] T 95% LL BP0, iy
%K BERT M TextCNN &5 4, ff pfl i ] &% 2,
Al i A 5328 FLAEIE 93.32%, #ESH# M, e
A B e 1) 2 7 R ET, SUKUMAR 5 [ 28 B 2 b 1R
M55, 8 EE T A 4 2 R ATHL Cmuti layer
perception, MLP) FIfEIHHZ ML (RNN) B HRES
ALBE (natural language processing, NLP) Hi ARG &L
WIRHLAR N, 35 B izt b X 35 A E B 9 42 N (1) 4 I B 4
7 EAE R PR, 5 SC UL D #E R 2R AT BLIA #)
97.83%*), MOHAMMAD %54 H — AN 3 T 3% 5 2 S 1)
T e AR T () B e A e I RE LS, IR A SRR R
A A AR DU 2 R AL R 2P0,

R 222 2 AR AR 2 N 2% B2, B 3
STRFRHURRIE, Ao THHE LREBUE SN 8 2= S b K&
T TR B A T SR RCRAR T 1) A8, AR M 387 FH IR
MZ M4 (Deep Neural Networks, DNN)D . #5FH #4125 %
#% (CNND . 3 52 ¥ 2% B Transformer 55 & 2% 2] #5
RUR KR & 7 AR ML AR 3K B0 i 55 H 1 SCTT G ) 28k 2 i
i
3.4 HEMREE

SR LS A ) 7 SRR ISt 5L, VR Rz
WX 28 A5 B AT NN HT ) B B 2, AR R IR 25 7 T R
FHEEFMH, BT A E R E TR E AR RS AR
AE SCHEE Ty B A MR R, BRI T B
SAAGUE L FIR B FEME L RRARR, e
FIRCAFA 2B SR Z (A2 IROR R B 1 29 RIS SR
106, B VA M A e S AR 2 R B SO R A B TR OB R

AT Hem L RO, A EE . M. FE. R
S 2 M a0 2 B 105 S B A B 4 T RN AE A )35 X
VLRSS, W SCRFSCARMOCERHERE . Ry EE . 2%
AR 3 A v A () HE B RO SCHERT, 5 T0IZRiE S A Ak
NI AE RN T8 e AR 4% 52 T HI R BAR P,

e 22 S ) R S e ] 6 B, 2T AR
TR RS EFIRSS 2N TR R T 5 R AR
AR, AT DLPRAE SRR, 2T SR A A AR S A
B, R PR S AU AR, R v DT RO AR R,
FRALAER I A MRS ST T R EEAER . IBM.
AR, HE. AR E Watson RGN NEL B
A 2R A LR N R B T 0 R B R A R R
s S T S R G R

ARRERE B RGWEAFEENAREL b, Z#
R AR RN, w7 AR Sl e, SR
E S @R, B RS, Bh5KER. TS
THEFA KRR, 8 TR, ZHE
A5 42 ST i) ) b B 0,

Hrp, s m @R TN =ZodHREE (—B), '
W B FEELZANME=JCAMZ (28 . flw, “dt
WA ER RN A7 B — RN 1 dbE s
PR LR AEY)” —— N HEZ RBRFIE &, 5
Ak, RE R EEREN 2 = HAE AT EAE, Wik
B RIFE. RN, it iES, UISRBE L.
i, RIS AR AR REEAIT b R B A A A A
S AN A i R,

BE A FH 0 0 IR 55 I SRRk Ry, A% G 1 T B
S R P ) 2 (SRS A = Jn AR D N TR R,
ToVET R IX M R 2R TR oK, I8 T R R B ) e
FRR, HHATRE ARFMRE . KM = o4l
KR A R AN K RIS A R . IR Se R /ERE
Wk =oH R, W B HEEE, B, m A
W b E 5 2 1a) A, A DR K ) R T 1 R B A
M= o, HH TR, gt BHETFERAREGEZ M
Bl KB, 15 M BT AR B A 24P,

[ sttt
AP
el AN e [ RRAE !
= KRR T e L —
NEET aliacL AN A
P : ‘ L i
L IR T
' FF |
5 B A HIENT ; ]

B 6 HitEiERAM
Fig.6 Knowledge graph architecture
HAT, {5545 Freebase. Wikidata. Cyc. WordNet.
DBpedia. YAGO. XLORE. CN-DBpedia. Zhishi.me %
AT ER g R Ty, EA R ER R C A &
BUE, I ELAH S Jan iR B 3l 8 R 7 A 22 50, Rl 43
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FICHERE: AR ARIKEN AR 55 SR F B b S R 7

155 1] 8 01 7 PR ) R AR K 3 5 AR AT -5 I P SEAA R 1)
SAREERE. R RIS @R, B R S, K E
WK R TS B A W &, (EiB R,
TR . SCIERRIAZ AR . HLES 2 ST RNTR B 2 ST 25 50K
HEFE AR 7 W FAE B ET NG, Fash R WA BITEY &
WIS, BB HELZ.. 2R eSS
FEET, FA I A R S K T R A A (R A N
H B S0 I 5 SRR A i 2 )

SR B RELE RO R R 45 A F 50N 3 AR AR AS
S R ) AN R T T

AR ST T, A AR B 45 SR A ITRLRE /T,
A A PR A S R VT A S kR, B A ARE N GRS
HEWR . CHHETRI V% LUK ZONHEFE Xt %, 454 AR
PR FIVR BT 24 ), 3 R IE IR (B IR B 7 %, A Ui
T AE LA RBRYE. WANG 2571 i) F 0 8] 3 4
PEH A= 995 F B MEARFAE, i\ BILSTM-CNN 25 [ 25 i3F
IR, PERSE ST XGBoost A CNN. HE 247
FEF AR B R A REAC 3R R GE,  BRAL A Y it R
TR, EEEV B IR K S Bk S R R g, BT
TESUR AN AR SRR HE R, R BRI P .

SR PR A RO B R 1) 2 R G AR N R B R i 4
{5 B0 RF, M TR TE N B R ANIE R,
NIZAR %4 R F V9 4 (85 S0 8 M 2 7 1B B 3hidk 3%
TH, A BRI P AR 5 2R HaE AR A ik A0 A
M. LI A50SS5 5 KB SR B SRR i AR VR
KRR, 3T Pyqts HEZLSZELIEYD M B 0. Bl A
WERER AR, 2SS, ZHHERSHBARER
R R R BB, Ml 5] N BT R
JIF1 CNN %%, SRELZ RIS FITERRAE, 32 A HErf R .
25 K1) 5 07D T 3 AR R R N R AR HE B ) 22 B )
B, et KRR HE R AR R S

SR PR B 2 R g P DT SR AT R 2 R 4 AT
HIEILAER, RN ZIREA RS . XIE 27
Y LT S8 DR 720 AR o T R PRI () A 7 S HE A B
RS MLP 82 A S AE ) s AR PN R, S
P RN . ZOU %7 i ] RippleNet £5 1 #y 2 Fk
HrER R HES %, AR R A T SE I B I R PR v HE
7. LEIZM Gl 2 B 2@l in i, S&mm
T3 L P $E R 42 . WANG 25151 fib & 3% )% 14 1
SRR PR 308 e ] IR 4% R 3 TR 9 73 0 R % sk v i
B .

SRS, AR Rl g — AR U T
B, AL AR . 45 S B ERE EROR, T A
R HIRIE L R 7, A S AR ) SR R B B 4 11k
TR, AR R AR B E LR A, B
—EM “BRAR” ThAE, WRIEARENERSE K. i
MW EE, RES5E RS S5 aiR,
PUATR R e IR s A P, OSSR X PR 2
R AT R B o R AR A S B, kiR
BREHRZ, ZHRESIRERRRS, KMERE =

TR HEAT SR I B IR e b . e R
SR AR B T 1 AR T R e PR A 2 I 4 T DAL B R O
IR B L PR Se R 2 TR 5 2 DL RGEAT HERE, T30
AT R S TE AR 1) 2 SR GURT 7 H R FE A T,

4 Al KIRBEE AR IR SUR R it R

Ak, BEE REEM o BRI kR, RS
SIRIFREE P 28 AE H ARG 5 ST s, DA I 2 2]
VAR, PL ChatGPT 28 AT BEARUAC R KX E R G H
BT EN T — N80 a0 2 5 B A (1)
TRAINZRAERY, I 5 2500 P 0 s Bt 2 e T il
%5, Rl AE 0 2 R 55 J7 TR A i 1) 5 42368
PN SCA K R K 18 5 R I8 Re 7155 ml, HRER
T T AR IR B AR AR BK Bl T E R R O A

FADANEE i 258 =R s NG NG S| iR
Transformer. [A] &5 5SS, H A Transformer /2 JiK 8 3
BRI, B TR ARG P& T, it fE
S, 38 A AFE RO AE PR A % o B AU, AR
(R NN R 55K 22 4B 2= N #1] Transformer 1544 .

4.1 RIETINGED

R R FUASE T S 28 m DL HE 2 B AWK S &
TS SRR LR B PR BE 2 IR, 3 JE e 7R AR A
PR BT B B B B B TN 2R R 3R A5 0 K B R IR
FORGT R E SR ST, TR K RIRGE, 2L DAREL
IR NFHE RS, e/ NEARBU R AL T &
N, [R) B IE BE S SIS A (1 OCHG, Bl TR AR )
A % 8 7 i)Y

XBBAE 2 ) KREM AT IR, R1E TiEFA
B, BROCE M. ML, SRS AR E S Z
Fhee 77, I HaEEER R AL E . IR S5
R, KB EE MR KIS, e
M3 F P Ao SR fE R iiE 5 B AE GGROREE T,
MBI 23 5 rb e Gt B2 N S 7 (1 % 1 2 S m] &L
R, R R I 25 A5 2 2 2 BRI 7 N R e A 1]
i, O N TR Be s AR N R, & M ATH R ) &
SRR 55 b T i R A AR B R R B 4 AR BT,
4.1.1 Transformer

MRETTHEALE AR B R AR B T W =Y,
VASWANI 2P 3 F 15 1 % /7 WL () Transformer 45 %!
3R i T REALR R iR .

Transformer A5 A4 18 it 72 S 2 JI L R S xS — 20
BEE T BLES, AMEUR T RNN 25 7 28 N 25 45 4,
CLAR R 7 HAE B I B 33 B ML R F i i 28 ) 2%
XHRFEEAT BRI AR, BB ANIHTIHHE
A1, JFEE—ERE MR TRHEE R KM E. i
SR BR PSR vk B IR 1) B (A I ORBR AR R, R R
BROC RR A ECALEE,  DAAE R S WA (7] 3] ) &2 1 2 2242
Bk 7 25 B AR ) B (P AMARRRAE, IR RS T R S AR
AAa] [ 2 (B8 R, DU & AT T SRR A PR AR B
ST, M SEEL AR AT AB A )1 450020,
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Transformer CL£2 %9 H SR TE 5 Ab BT A P 2844,
F& ¥ ChatGPT F8 4 JE TV E B IMLGIFEL 7 AN ThriF 3k
P RJZHAR, 7E ChatGPT 25 KA IE & 8 b
PyisAE HE M,

Transformer % £ (1 7] Il 25 1 A & 4% 69 ( position
encoding) J7vk. AT A RAC HA HEE 1L Cself-
attention) « A Hili3K 2 5 {5 B 2 SkiF B UHLE] (multi-
head attention) X 4FAiE HE AT FF 2 P e $6ie A R S 1) 7 45t

P 4% (feed forward network) ZH% (B 7), T4
6 ZMAL AN 6 2 MRAG AR I w28 — ARS8 S8 K S
FRAE$EHL, A\ Cinput embedding) 5| AL & 9w )5 ,
T 6 MDA Z A, 1R MIDRHIE, X ERFAELE
FERG AR A XOE B B b 5 H bR B W i AT B,
REEGANHir il 5RO EE. 17£ 6 MEIDHRZ
LA, It 5 K% A3 —4k (liner and softmax)
BAE, RIS IR e g5 P,

¢ Add & norm(RLN
Yahid (6)2 it (6))2
1 O)= | : Feed forward(FFN)
Encoder > Decoder
Encoder - Decoder Encoder (1 _Add & norm(RLN
feature
n Decod Cross attention
ST ) Encoder ecoder
(MHA) \ )
— Decoder G :
\ — N Multi-head attention
Encoder ecoder (MHA)
4 4
A7 B Hrifith
AN : (Positional
(Input embedding) encoding)

7 RLN AAEXAZ B 4D, FEN NRIHHEMN L, MHA A2 kiEZE L.

Note: RLN represents relative position encoding, FEN represents feedforward neural network, and MHA represents multi head attention mechanism.

B 7 Transformer M %45 #) 7 & B
Fig.7 Knowledge graph Architecture Transformer Network Structure Diagram

1 fArEgmiges

NIRRT T G458 )5 Transformer Jov28: HLIEFR L
A RS A BAS B, SRS AL E i — A
XERLF) AR, R IEZ . RZREGHAT RS, dx)F
Bl 2 (AL B 7 ARG HE, [ A2 R E R, Tk
RN TRFAIFIEEA 2@, #ATE BT ¢ R
BB AT HAT OB, A S B AR A R
7530 525 JE T,

2) ZLERSIHH

Transformer 5| N H 73 & I AL HUAR DA G 203 0 45
ik, mZBEERJIEBSIIT A4 R . SCHR [83]
R A AR R T, AR R RS, AR
FPER . AHEGE S ) B S IBE, EFK Vit A&,
e VIS AR R ARG WE 8 i, it
DB, BN x #ioh 3 A MAFEE: BifAE g,
Rk FERE v ST —dmANRE, BN g,
k, viEG Q, K, VAR i/ @, KRRt
HAF BN B FE Score; RIAEFERIAT RS HUIZIK, Al
FhEFRE, XF Score FR LA d; Score 4 B i H softmax IH
—Ab; FAF BN Score FEFELS v HIFEEAT i3k, 1931H
e W)= TankL L

B BiFERSIVE], Transformer 1AM 5 45517
ZIER 1, USRS 2 RIE ER . XHFEAFE
TP BB B ORI 2R, R — % 1 S 7 B 9 70,

e ————

/7 N

\
I Scaled dot-product |
! attention

MatMUL

Scaled dot-product
attention

' |
! |
! |
! |
! |
! |
! |
! |
! |
! |
! |
! |
! |
! |
! |
! |
! |
! I
\

b. Z kiR ML
b. Multi head attention

a. AR BN R B
b. Scaling dot product attention
mechanism mechanism

H: OV K. VoAERAE, BEEAMERE, ARk,
Note: Q, K, and V represent query vectors, key vectors, and value vectors, while
h represents attention head.

B 8 Transformer #97% % /) Ll
Fig.8 The Attention Mechanism of Transformer

ZERAINEE @ (HHmE) . K (&) .
Vv UERE) BEER S NZ A TR, R ARYES Hom
el TR, EEEANE. &, ER
A7 2 W EE R BIF S BCEIERE AR, 1925 A& W
EEAGER, EAEMESSHIRRT, HAEAREY
(] I SRTE RN 7 5 (0 2 A T3 T P9 A, 3l I P IR AN
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TV, $em BEREJIWLHI RS, {15 Transformer £
R E 2. F 8 WRE. B2 kdFEs s, &
RYOT DL I 2 4 o) AR A OGN A R 7 51
HROAN[E]FE L OB R, DA SR A M 4 i 22 > 08 R AN
INZER (B 8b) o IXFPHLMIBL A H G 38 7 B8 ¥ Rk B
77, FONBRYERAL T 5 = RHIER R

3) HAhScgREIR

Transformer H 6 M H A 9w 2 H tH 2k HEE
HLH A4 E B AT A NS A F 248, A T2
HA AR E B FR A Z . 6 AN A B A B 2 AR
A5 BEBE BV ETm A2 M2, thAMEW E 2 84
H—ANZkBERENIZE. % Transformer W25 7% 5 (1) 3
I, FHERBES TR R AR ER FIERER, N
T BRI e R HE— @ AEH,  RUEFRRE 2 A0 AR
EME, TELBEIEEHER ENES, FIksIA Tk
ZMEREAL (B 7 RLND, PABG IR EEAS R4S R R
GRSl A UM PN e S N

Rt d ERMS SRR A REREZ E
AN T — AR PRI 2%, AN 28 1 A8 4 2 A
rH ) — AN L PO B B R T

TE AR D 2% 2 0 28 SOE = e (& 7 H 1) Cross
Attention) , f FHgmtS 28 ¥4 HAE N K, VHFES B
AN Q HFEFHATIHE, HLPERB{EANESS
JRRFAE 2 18] FRIE 7y 70

2493 HT, Transformer 7E ChatGPT LA J% ) ZFiX 24
A B4 DUR LA T R 30100,

1) )34, Transformer M1 B3 & AIHLH] (self-
Attention) SEIL 7 XTHIN T AR . B REWS AR 2T
IR ASFAL B 2 (B O &R, AT BE A Hh BR AR B R ORI
X o {E ChatGPT H, IXFf7 1 A5 1K) BE ) {E 151 2 et
PR P AONB)E BB, JEEROET . — BRI

2) EFX%itg: Transformer [ 2 % &% &5 7 H T ¥
WNTH] CA g 38D o mERoR . XM RN
TP EAN RN LTI UEE, IR H T A R
Moo X BN ST AT, ChatGPT REf% B MR J6 5 1Y
FE P ZS, NI AR SR S I 1

3) A RIE S Transformer 7£ ChatGPT # FH 1E
AAROE TS, did | RIEM T, BRRER AT —
AN B A, FE T R AR R N AR AT T S AT P
Transformer [ f#H5 28 38 73 75 B AN I [0] 280 8 A il — AN 8T 1
BT, (EARAYERE BBl 3 B AR IR o

4) ZJZEIRFEIR: Transformer ff FH 2 2 1) 9 i 25 A1
ffet s, & EERREE XS H N AT IR B4 SR A
XM 2 2 IR B R 7R B A P AN R 00 i s SCRI S5 R AE 12
{15 ChatGPT 7E A= 5 [01 & ik 2L A B 4 (1 18 SCHERf M AR
W

R, A2 /T FE T Word2vec 5l #ik A 7 2 &)
T SCHEARLRE UG HC ¥ &N 1 3K ) /7 =0 7, Transformer i
HUE SCEREE N R W, {5 B) Transformer, ChatGPT 1 J5
SN B SCRERABL, 7 A0 1) e A R0 AR R 5 AR A

ERBEATSS, FIRIKB AN 2. Transformer [ H ¥ &
JIHLH N 2 2 IR IR e 14815 ChatGPT e % 42 B H 48
BTG I, AR AR AR
4.2 GPT

BRIERUBLIY AL, SRR ) B A Bf RAIE 13 7
TAR AT ZER! (generative pre-training transformer,
GPT) , & OpenAl SZ %% % 7£ 2018 4F 42 th 1 £ T
Transformer 224 [ H Zh A2 B8, 5 BERT AU JA) 4 i B
ANE )2, GPT R R A H 7 [m) A5 I 5 ) g b 2, 80T
GPT3 M8 S5 i & 9 P, At b MR 4k mi S~
— A A RE IR A, RIS A W% . OpenAl 7
GPT B R B Sl N 744 2) . A W ERGH DL T
NER B R T ) FHA, fad 2 RERAH)E, T
2022 5 11 F 30 HHAEH 148 a3 208 N TR R L
H ChatGPT ( chat generative pre-trained transformer) ,
& AIGC N F BB R R, B\ 72 4 £ds e A4 2% 5
B JRIAH R AR F R AR A U,

Text Text
prediction classifier

/

+ —_—
i
{ Feed forward ]

12X —

Layer norm

Masked multi
self attention

Qi

—

[ Text & position embed ]

B9 GPT-3 MR
Fig.9 GPT-3 network structure diagram

4.3 KEBSHRH

BORT AR R B IR 55 5] SR B RS A L,
MIE SRR JENE B X IR . [ KB R 5
W, DL OpenAl. AHEEAFARKE T ZFEH A,
KR RAA WL MBZEY K. MR BT,
I 5 FEHEH T GPT1-4. Bert. GlaM. PaLM. LLaMa %%
KA, [ P ol AR B BT R R 3k, 0T 3 AEAH 4k 4
ST —F7 R EIET S K T A
R, B GE NS E AN . A AT N T T 4A R K TE
RS, XA AR RS R E T R IR N
AFICL Wk 3 B,
4.4 RERIEE

A —FESFE BN RTRB R M B8R, 2K
A7t e A ) = A 2, R — PR AR R A T )
BERNEIE RS, AT ERS . HEETHE
AT A R . K 2 ) B R B M R R
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A FERA ERREILEL, RIEHERE I = AR
FE, HSEETT AT BB ANE . IR [ R R
3 X i s Kt I P S o P e R N B RIORZE B,
AL BB EL S N PR T DL TR AR
FORL BAAIRA . RRCIRIUERE B R k.

e 2 300 28 1) 2 I a2 T AR A0 17 2 A AL
FEX B db AT Pk, MERR R AU R AR, A58
LA A% Gt 75 103 TR Bl UG T BT 2 S v Sk 725 10 250 40

e, 12w LAASE FH fa) B 0 e AR FLaE el B R 3B
SRR AL B A O R E R, N 3% 5= K 3 AR TE
4 (natural language processing, NLP) . i1 EHIAL

(computer vision, CV) . ¥ R4 (recommendation
system, RS) I FLAth 75 225 B fi# A 4 U BT 11 40
SRUOT 3 T T AR A S A AT R R S5,
SRzl AT RS SE MG R bR, RS DA ali e A T S
VAWNEZ " FOW i ) 1K A=V @

xR3 FTEXESRE
Table 3 Main large language models

X R RATHLA RAT (8] SR A B
Region Model name Publishing agency Release time ~ Parameter scale ~ Characteristic Illustrate
GPT-1 OpenAl 2018 4F 6 H 1.171¢ LT T Transformer ) Decoder Z2#4!")
GPT-2 OpenAl 2019 2 A 1512 RS FT Transformer [¥) Decoder %2441
3§;id OpenAl 20204 5 H 1750 12, e JEF Transformer ff] Decoder 41
GPT-4 OpenAl 2023 4E 3 J i1tk 2.0 HAASHARAIF. FT Transformer ] Decoder 41411
Bert B 2018 4E 10 3412 RS H£F Transformer {10 [ 4 flAD 224412
Switch N e "
PN e EANTICHAEZ R, 1E transformer Z5H I N T — ARt R
- W . R , . o e
former i LA ek T PRAREIK FF I A T 9
el 4 2021 o R Gy R SR R B (S B, (R T R 2 2 T
Foreign  GLaM Bk : HEF 1200 12, R F P25 R ST ) 2K R F 1mxgl<][‘°7] (EE DN IE e R AT P RE S RN
RS = HLAE A Bard IEFAE ). BHEAMERIAE . 2022 24 AR
PLaM2 7k 2023 £ 6 H 3.6 Jife EZ255 ki
5400 1224 PLaM, ZET Transformer [#] decoder 2244
LLaMA2 Meta 202347 H 700 12 E2L0 $F Transformer [ decoder 4245, FFJ5\aT i fi" ™
SOt T e 2600 12 L JEF Y0 ERNIE (KT Transformer)
fr w0 Loss i L JEREZHIA Transformer §9 Decoder 42
i T iy B 2023 fF 4 H i@t 10 Jife E25 BORJEJEK B transformer
FAKY grgn oo Fs B TR T 6 5 AL 518 MindSpore
MOSS HHK% 202342 H 160 12 B H£F Tranformer 2244, JF
R $:T Transformer, /& H [EIH2 4% 78 ) GML (general language
ChatGLM A 2023 43 1 1300 12 A& model pre- training with autoregressive Blank In- filling) %24, FFi,
[Py Al R o
Domestic

ChatGLM2. 7812 (3LA 62 12/K

. - poe  OUKRIET GML M BB > KM T Swin Tranformer 484, JFE,
B WHEKFE 20234ES A 16}4;) EZoe Vi 2R R
B Wk 2023 45 H e 1%?()) ers EZ1 3T Transformer 4244
TR IG JRE T 2023 £ 6 H Jifl% E2LE SRR L2 217 & ARV ZRAES AngelPTM

SR E, B AR IR A SR K a3 S 30 H
KBk B IR B BRI, HpKES
BEAE N YT R SO AR KR EEAE . KB FH
HY 1 H IR PR R A AT R IR 55 2R Gt e % B L 3 A
MARERIES, REFEER. 2HNER, HFA&T
SO OK S B B AR AN HERE R . R R I N A g —
AREE T AR B R S A a) B O R SR AR A
KL A SRR, ERREBhEE. BRER M. HIRARSS
G2 I T EORRE ST R . b, W
A B B ) FE T R 2 s SCBRARARE T AR
MR, EHBRKIESHEL X" SEREA L.
A AR M 2 5 e L T g A R A AU P,

EIXME AT, R &I a6 A P 2N K
RIS ERE 7 i 4], 355 B RO R A =) AR R Ik 4%
(farmers business network) #fE ! 7" Norm, wJifiit GPT-
3.5 RN MELBIRIERIUE B, R4~ 1%

R o7 =L BN EE AL IR TR T 54% I E K 5
I E RIS, H 2 — B 52 ERR S Al 15 it
SRR, R R AERA HLX, BT Kisan BE0Y o
O TE P25 0 3 FR R FR AN 5E A S IR, A58 T TR
FHREY BRI 2k B ARME S A, W& FET WhatsApp
IR ALES N RASA, T35 SCHILLEE UL FC 3R 2h J1iR 5
PRIV @, TR D K TS T B 1 T B
FRUY, BT B LW K& Y KissanGPT, # ] ChatGPT
AN A QAR R IERAAE SR, F5HE
YA SRR BT RE AR T 13 AR MR 5 AN 2 el R, FR A A A
TGRS, FEHBIAR SR R B w4 BB,
RER RN KRE, VRS ST THEE. &
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Agricultural knowledge driven service technology innovation:
Overview and frontiers

WANG Yuansheng'? , WU Huarui*? , ZHAO Chunjiang"**

(1. National Engineering Research Center for Information Technology In Agriculture, Beijing 100097, China; 2. Information Technology
Research Center, Beijing Academy of Agriculture and Forestry Sciences, Beijing 100097, China)

Abstract: Agricultural knowledge-driven service technology (AKDST) can enable to generate natural language using
promising artificial intelligence (AI). Various domains and formats of intelligent and personalized knowledge can be provided
from crop production to food processing in the agricultural industry. AKDST can serve as a promising knowledge service to
promote the quality and productivity in modern agriculture. This is also the main goal of current agriculture to fully meet the
essential requirements of modern society. As such, there is great potential and opportunities for AKDST in the frontier of
agricultural research. The whole process of technology development can be covered from the conception design,
implementation, evaluation, application, and dissemination. Meanwhile, it is urgently necessary to require sufficient and
efficient knowledge services in the agricultural industry at present. The current knowledge service can be improved to realize
the short waiting time with low cost, high coverage, and accuracy. AKDST can be expected to translate the great progress in
personalized and customized knowledge services. The most relevant and useful knowledge can also be found in the preferred
modalities and formats, according to the needs and preferences. Especially, the advanced ChatGPT has been released to provide
interactive and participatory knowledge services since November 2022. The large-scale pre-trained models can be potential for
agricultural knowledge-intelligent services. The existing knowledge can be easily accessed to share the innovative technology.
ChatGPT can serve as the prime example to generate fluent and coherent dialogues with technical support and feedback in the
AKDST advancement. This review aims to analyze the current status and trend of AKDST-related technologies, and then
prospect the potential of AKDST in the field of agriculture. Future research was also recommended to design and implement
the large-scale pre-trained models. The more powerful and versatile AKDST was achieved in the large model, performance,
and learning. In addition, the current mode of agricultural knowledge service was updated from the data retrieval, semantic
matching, and the passive and static knowledge bases. Furthermore, technical support was combined with the agricultural
machinery, information technology, agronomic practices, and communication channels for different components in the
agricultural information system. Multimodal service was integrated with the text, image, voice, and video. The human-machine
interaction was further enhanced suitable for human behaviors, habits, and cultures, considering human needs, preferences,
emotions, human values, rights, and dignity. Technical support was also provided in the intelligence of agriculture, leading to
the transformation from the agricultural knowledge service to the generative knowledge-driven mode. New knowledge was
created using existing knowledge. Novel and diverse knowledge was output, such as summaries, explanations, suggestions, and
evaluations.

Keywords: agricultural technology services; knowledge-driven; ChatGPT; large-scale pre-training model; new paradigm
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