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Abstract: Incorporating entities of multiple modalities and their semantic relationships on the basis of traditional knowledge
graph, multimodal knowledge graph provides important information in the form of text, image and sound. It plays
an important role in eliminating ambiguity and supplementing visual knowledge. In recent years, under the back-
ground of the rapid development of agricultural informatization and intelligence, knowledge graph technology has
attracted extensive attention. In this article, the concepts of knowledge graph and multimodality are introduced in

detail. Meanwhile, technical methods such as multimodal representation learning are elaborated from the perspec-
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tive of graph construction. For the applications of multimodal knowledge graph in agriculture, we focus on the re-

search of agricultural intelligent question answering system, plant diseases and pests’ identification, agricultural

product recommendation and so on. At the same time, the challenges in construction and development of agricul-

tural multimodal knowledge graphs are prospected and analyzed.

Keywords: multi-model; knowledge graph; question answering; pest identification; agriculture informatization

1 3]

il

R 2O IR, < 0 R B AR S R
AT FE A M BRI AL T2 i) B B A, Al
PEZE MBI A S RHIR s B T 2T B
A A5 BAC RS, B B 1 & B R Al
B K R B AL oY o B R R R R A%
SR B R RBHE b TR SRR BRI
PAA AR VB F DR SR AR 55 D B AR AIE
HUEE v e 4 S N T B R S A S ]
I 3 SR BE A 5583 , (5 SAAA B Z A F 8B
GEURAE BN AL A ) P 32 BRI R AR L
FeA AR 5 9 S 2 1 IX A R A T A Al ATk
) AT 0 — A~ S8 BE 1Y L 5 TR R R 8, AR
P 14 ) B ek ok — I 8 ol o, o I K030 RE 6
FR IR A HIR T8 SR 2 T S Al AR 1 [a)
B AT R BORERESE RN o [ IR RTRAT S B ]
FUAV AU BENE 77 A AR A B B Z AR, SR 1

1
Fig.1

SFRRAIE, BERE S L SR M L B2 56, I i B A
b IR AT A R B A B R+l
A o ALGEAr AR IS R 2405 SCARME B, JIR
RIVE X TCB I —  JH e 5 A R, iR
IR FBCRA Rt Tt 5 2R E BMAAZ G IR
P 2 i P AU ) ol R 4, REAS T IR
AR IR E AR R R TR 9 R
T I T RS . IR, RS AR K
PRI R Ok S Je i o 2 [ B

2 BESHINEE

S A SR PR A R LT SO A B R
I P 2546 A 50808 TT DA Al £ = oo dl AR R AR B 1k
T AR RS R T AR R R RS AT 2 ki
PRI P T R A3 TR RT3 3 P A i e B S
AR R E G R B S )T, U0 Freebase!”,
YAGO™EE 40 a5 S0 i = B 1T i) 5 — o 40035

7K & &0 1R B i TR B
Example of Rice Knowledge Graph



128 Rl KHfEFR EIE 5T E

B4 FHE3W

5] 20 B2 27 R & % STDER™), Ha, 5% 413K (8] 1% IMDb!
A AT IR P TE A DR K Bl R Al A
TR AP T R A Sk i 5 1 .

B 3 1R P33 A T 1 45U A 7 R 8 A
i, AV AIFFE N B R B AT LUK AT R Ry #)
Al S, e sl A5 B & . BTN, Cheng!™!
EYN /e S R € D S R P S IR
BTSRRI G5 1) B gh A g At
FHEARME AT . Chen!™%5 A M # T 44 0 AgriKG 1)
A TR T, BE 6% MR E SCA Fh Rk SEARFIG
Z IR AR ARG B FRE v SE B T X
PR S AL R R R ) & ki A NG
iR AR T SR RS BEAS R R G, AU
B T AR B RS e Al b 4 S L 3 ) i
BT A A BKGRASHER L) B A DEFE ) 5L

PRI 2 — A A A 1) [ 2854 P o ST 46 i1
R, L= J0 (R — X 2 —R) B iR T
SRS SR Z AR RO FR i e R oy g R
SR, M FRR SR Z B YOG FR |, A 2 45 R A AR X
SHVPREAT SR, S A 2 ] 3 o G R AH B R A A
REVHIRZER . AN 1 FT 7 B A DK R B AR
T o R B R B B R AH ¢ = e, A py2neo
J B ARG A 0 LR 1 v TR R 7 TR L
R EGEAE H AR5 5 A BTN )z, I el
B B SRS R E O SR A T, B N TR
REL BN EZ ST .

3 BEREESHIREE

B % K H AR DR S5 0 Ak A 2548 AR TR A
W IR B, G AR i A0 A 2R S B T R 32 B Y
NI SEIE 2 O T L s N e
L RN IR T RS A U, M kR 208 2 i A
PUFSCRF 2R BRI ) A AR RS 2
ZRAAT, 20194, 2RISR S E R,
Richpedial "W Ay 15 A~ Z2 46 45 S0 R 1 3 3 1) 4
R SCAR SRS K 08 22 ) GO 1 2 A3
ARG . AT 2B R G 2 A A RS RN S
AR, Lint 8 A DR $2 10000 A S AR DE i 4
WIS SRR RGO R HE R . Wilcke! ™45 A4 i
—Fh AT BG4S AT L B S5 o 2E 4T
Uiy 1) 3522 >, 3 AT LA MR 22 BT s RRAE A rh it

v B sy >, Horh ) RS BEE LU ELE R IE
KRR, BB N BB R B OG5 B o Sun!™4§
NG5 48T B TR 18 5 s RS T SR i O vk ok
Xf Z RS R B RS AT R 2 o T RRIEM
PN Z RIS AT B R S Bl B RRAE AR 4 12 2
4 LA K SEAR A e A5 R A8 S =04, ) s > SR
AL RS SCA JEw M . B T SRy 5 PR ]
A A B AE 25 # AL L C R = oo, ik
FHIE

UHIT , BAR RS HRTEAR M RN R 3% o i oA DL
I AEL A S5 0 R E At 5 5 R R PR 3 1) 2 48
SIS A ARG 2 S E B R A T A A
AP HEREE B 2 0 — > RS A HR K 1Y
N e MR SORPIRMEASAE B, B b KR 52
& (entity) , BEAL 7 T K114 J@ P (has image) , X A1 5 5C
A J& % (has description) , [A] B} “ 7K A7 (entity ) F1“ 4345
i [X " (entity ) 2 [5] FH located in(relation ) & % K , ix
Je R THRRIE 09 7 2O R SO PR RS A BAE
R KRR SR 1 MR Al i 2 B RO IR B .
TN S AR R, RS T i b R IBOK R &
G UA S B3 RS, R i R e s hn =
TR

3.1 ZEEMIAEERNMEREXEREA

JRIR P A 2 T ik DRS00 ) N T A R i
PR H AT IBLER 2~ A5 S IBCR {5 BAR FAF HR
A Bhal [ S LA, o A RS SE R F) T
ZRZSGUR . G AR IR 4R 32 2R A i 1)
AR, A5 3 PR AR AR R AR AR
Al o SRS 3G B R R ) 5 2 I 2 RS R
PN A A AR QN 3 s . [ 2 A R A
TR e Z R OCHEEOR , fLA5 2SR B AR
ZRAFIR ) SRS AR S

3.2 RERT

ZRSTIR B v AR R Ml 3 0
Y, HA SOR PR BOB SR 13 S5 R, R >
BIFEIR X — ER D ST PR AR R Bk
IR N RS FOR MBSO, 2R 3R En]



PRERSE: SESMIREEER L PR R R 129

has description

KEZAXEEIREENZ -, H#N5%
ARG HELEA. SERE—FHA0
R ZEETM. SMERAASEN
BaFitigintbE. - -

=

age
7

KB R

2 ZRESR A FIREERE]
Fig.2 Example of Agricultural Multimodal Knowledge Graph
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