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Knowledge Graph Information Extraction for Rice Fertilization
Based on Improved CASREL

ZHOU Jun ZHENG Pengyuan YUAN Licun GE Weixi LIANG Jing
(College of Engineering, Nanjing Agricultural University, Nanjing 210031, China)

Abstract; In order to construct a rice fertilizer knowledge structure, based on the existing rice fertilizer
unstructured data information, a rice fertilizer knowledge graph entity and relationship knowledge
structure was proposed and designed, through which the existing rice fertilizer information in the network
was stored in the knowledge graph as structured data; in order to extract a large amount of information to
be stored in the knowledge graph, and at the same time, for the information extraction i. e., the
existence of the overlapping triad problem, a rice fertilizer information extraction model based on
RoBERTa — wwm coding + improved CASREL decoding was proposed, and the model was improved
according to the characteristics of rice fertilizer data, and relevant experimental comparisons were
conducted in coding and decoding, respectively. The results showed that the F1 value of this rice
fertilizer information extraction model reached 91.86% , which was a significant improvement in
extraction effect compared with the comparison model. Therefore, it can be concluded that the
information extraction model based on the improved RoBERTa — wwm — CASERL can effectively improve
the extraction effect of rice fertilizer information, which provided a basis for the next step of constructing
rice fertilizer knowledge map and rice fertilizer decision system.
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Fig. 1 Multivariate data structure of rice fertilization
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Tab.1 Example of dataset of rice fertilization information
GCIER Lk KFRRA YA
R 3908 *E HRKAE LA AR B B RS I Lo WK AL REHE 3908 FAl ALK A
BHEBAR A R L 38 FAE LR A 1 7L 75 R b XA BN 3908 GEEAMEMBIX  VLIRAEVRVL R S X
e
FIHE 5718 — LR IEAE % 18 ~20 kg, %Ml FILHE A &, 38 0wk BPALHI R, FERES718 it R LR
18 ~20 kg &£ F
BN BEAE ke 30%
H B 30% , 78 B i — YA FH -3 i — v - N
TR 30% ERR KR E PR A S AR R ORI A
RNLIEZ5  HEEENE: FEAE =822, FREENC: FEAE BEEEREACAC LY 8:2
+ 3% pH & 5.96
135 g 12.51 g/k
IR A BRI  pH {11 5.96 A HLUR A L 12,51 w/ke, 2K " ﬁﬂ@fj ¥k
Bt 0.89 g/kg, LB A 7. 95 mg/ kg, HAXH 4 92 me/kg L e 089 ¢/ke
e “ : +h AR 7.95 mg/kg
44 DG s 92 mg/kg
F2 KEEBMEELRLINE BRI IE 2 7R . BERT 2 91 5 AL AR 4%
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Fig.4 FI1 value training process of different gradient

descent algorithms
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Fig.5 Training results of different gradient descent algorithms
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Tab.3 Comparison results of different batch size models

HEIN KR/ % BEE/ %  Fl{H/% B17HHE/s
6 94.34 89. 51 91.86 940. 41
12 95. 40 84.91 89. 85 633. 66
24 98.22 70. 59 82. 14 567. 45

M 3 T LAE H, Yt R/ R 6 B RSk
] 94.34% ,F1 {Hi5F] 91. 86% , 3 MKy 89. 51% ;
Bl b 1 /N3 0, BB RY F L (BN T T B T B
[k, b K/ 6 N E| 24, F1 {EFEAK 9. 72
ANE 3 a5, R R0 372,96 s,

3.4.3 AR LA B
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Tab.4 Decoding model comparison results

A= W= BUIES RER d FI

s JuH Jod =gl R/ R/ 8/
JEARAY 391 346 332 95.95 84.91 90.09
M E R 391 371 350  94.34 89.51 91.86

f AL R I Y BREUZ | ERRIRCR B AT
3.4.4 AN g TR o B
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RoBERTa — wwm — ext 1578 73 5| 4 g 7K Ff i NE A5 &,
LAY G i A Y JEAT XS He, BERT — base — chinese
J& Google $EALAYILAN H SCHTYI 2R, BERT — wwm —
extfll RoOBERTa — wwm — ext /& Google J£F WWM 7E
2019 4F5 H 31 H & ATH)—IU BERT [ THEARAS , i
B EXT 88l . EXT %l 4f b e e m w HAl
FERLHE | R SR, EAREGE 54 42, BRI T R
L ZEH] ADAM B3 fiEm KN 6, &Il ZR45
W s P,

xRS5 AREBERILER

Tab.5 Comparison results of different encoding models

%
HE LES ElES F1 i
BERT — base — chinese 78.87 71.61 75.07
BERT — wwm — ext 94. 49 87.72 90. 98
RoBERTa — wwm — ext 94. 34 89. 51 91. 86
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Kt R N 94.34% , B [l Ry 89.51% , F1 {H K
91.86% ,#1X} T BERT — base — chinese 1571 &A%
P& 15,47 020 5, FHECT BERT — wwm — ext i
i AEHH R AR 0. 15 A 43 40 A% T BERT —
base — chinese Zif%5 BERT — wwm — ext 25 ,F1 {8
S B 16.79 0. 88 AN E p a5 H L AT L, T
WWM FJ BERT — wwm — ext Zith% , 76 1 30T 45 1 B
4R % SR 2 T BERT — base — chinese % 1%, 1M
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Ghh i T T 2 S RORA — 2848 7t
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Tab.6 Results of rice fertilization triad extraction

PSRN KRLEA B iA JRASTURRECE . Bl e R
Wy 0 oA 1l X sl el X R R S A AR sk
[ Szl el X i F - g AU H Sk A ARG Y Sk T A4
fant: AL &R 1.08% AU H R Sk 1E#f

+ 4 A 9.23 mg/kg EW E#

+4 B i 115 mg/kg 1EH 1EHf

itz SRS E 0. 066% ARG R T A ET#

+ 4 pH {# 8. 11 R R S 1EH

Y I M 46 EH 1EH

it 28 it ZA B 0.105 150,195 240 285 330,375 kg/hm> 1EH 1EA

A B SR HERHE B 1:0.3:0.3 AU H Sk A ARG Y Sk T A4
FLEEAR: fEAR FLEEACA L 8:2 TR Sk SR PUNAS R SE R
E- 9l Jifi AL s ] i J7 — YA H 2 i I R

N AL 5 L 30% 1EH EH

ST EENL AYBENE 5 L 20% EH ET#

ST BERL SYBEAR 5 L 30% T 1E#
SrEEAL it JES i i) 6 429 H EH EH
SEENE Jite AL s 1) 7H9H 1EHi 1EH

AR TEAE 5 b 20% E# ET#

e it SIS i i) 8 H6H E# E#

6349. 05 .8 817. 75 .9 460. 35 .9 751. 50 .9 770. 25 ,
FE FE EH iEH
10 213. 209 765. 75 9 349. 20 kg/hm?

R 46 SN KAK 194 KR VU R KRR
e KE 46 R R 14 AR R SR ARG H R Sk
M 46 | TR HUK A EAf 1Ef

FHE 46 Y E 690. 9 kg 1EHi E#

K 46 T FFAT X TTIRE T KRR IX E# E#

K 46 — T e 2 R 18 kg 247 E# ET#

R R, e fre D 14 2 A B 7 — i TR JEE

MER S . 454

ZIKRE It RS B A, 308 3 A o A

B AR AR AR R R B A
4 HRIF

P T R T2 RoBERTa — wwm — CASREL 45
AR K R it A B A O 7 . MR K ARG AE B s (5
B0 SUT KRB RE AR 2 B a 45/ - IR T K R it

PR FIE CASREL fA5 - 8 I 002 o Xib A5 50 it
ek, X H IR IR 25 SRR, ek 5 B RURG ff %  H
[R5 F1 90353 94. 34% 89. 51% F191. 86%
DT JEARETRY  le AR R T Lo/ R it B A 0k A 7
KR S, Ay 7K e it S 2 1 Pl 4 At T 4
P st

(1]

(2]

(3]

(4]

2 % x #

JPRE, sk, T, . ONRIGRIGEAC T O R I 245 K SOK RS e B [T ], 4Ol BREE R4l 2020,39(11)
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