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Fig.2 Conceptual model of knowledge graph and example

1.2.2 iR 4pEUF 3

Rt — 25 58 R, IR AR TE S SR
mizsya) | i SEAb B R PyLTP X SCAS 58 45
), I ZALFRAGE] 2 092 S5 A IR RS K LR TR ] @t
B SCAE A . At B2, B Jieba s3inlgS il e
W — A SRR Sy, AR A7 o] AR 2 11
Byl “AmrT . CPERET L CUEDT AT X
SR SR S B, X S R A O A 6
B, R, gk [ A Y g Tieba ja] diLZE, ff
P75 Y Jieba 43 in) g 7E 43 iRl il FE rp AR B B e
RS

IR AT IR AT SR T AR K 23 FAL G iR
25207 R UAT 55 T 2Rk A7, (8 AL G 2 ) iF
A E UL B — 1 S S R R A T R A
(), P TR v BRI R AR 3 R K ) N I
B AT S TR 2 B R O X, B ek AT S A
WU 58 G 2R A2, SR 45 SR A9 1E 3% B 3 ok
TE A R T IR, X — A 2 1 AL
SRR R A K PAMT55 Z I )i 22 BRI 44
He 26 = U ARG BT L R S RS o X
DL, AR SCHE TR 2 20 O ik, R A Sl
SRl T R (T5) ™ X R A b A TR AR S AR i
W SEARRN S RUEATER B4R B, S E 80K )
RERI TR, TS 27 2 1Rl = AR, w] LAAE A3
ST SR SR 56 B A p 2 SR ZEY L [, TS AT
SR AR (AR U Ak LA K2 ST RE S (T — /)
ZHAT 55 AR O P I 2R B 4 X TS 647 S, 3l FH s L
5 RS A R KL A TR A s SUfE S, R
Y25 Gl R A5 B0+ (4508 15 80 i e s =X,

370+ KAl zmsi

AT DM T5 BA UM S AT a7 78 i 38R SR
MR MIRE ST o 23T 193 F AR B E L B 46 7
VBTN G R, RBGET TS LR EREA
i HUHE J2-WRERJE™", #& A HE 42 ULIAl 3. WRERIJE
R R A TR X AR B R [ E BER F A P, i R
A[RIR A
[P1:P2s s Pu] = PG ([x1, X2, -+, x,]) (D
A PG R JE T SO 43 SRR S PR 9 4 7 A= s
X=[x1, %0, x JHEATE AT [pr,pas--, pa] W AE T
I HERFH P B TS Mz s 7 41 rh ] B 4 B
AR S A RN 56 R, Ak BN S5 4 4k = oo 41 AR
(structured triplet knowledge, S,) 41" i% A= i 7%
CIES7)|
iy ] =JE((pi, P2y pal) (2)

1 JE N 3T Transformer A9 KB I 2518 5 A
BLTS, [y1,ya,- -y AL & 0K SEARFISC R 1Y Sy )7
Go Sy FEHEAATE A DL 3(T) .
1.2.3 &R AL

BT 1A A E A SR, DRk
W TR B A7 4 P () AR T 4 S R K BT T
T e RR A i S 5 BRI Sy Rt A A T AR KA R
e, RASE, )R 7K R 4503 0 1) Sck . KR i Rk
IS FEE T L3 S AR KOG REE AT RN TR . dh
B SRR ARG SRR . AR A A iR
BB PRV S S Ak A i 5, R OC R A AL
A5 BGRAL  AEAEXURS: SORBAS o AR s
FRLL=IJe I 3R E, a0 CRH0 A B, A7 XU,
2 A . (R A4, FEAE AU, Rl i ) 55, 78
R v DL S SRR SR, LA i AR R,



R, % REseyE AL TRURE LR ET

A 17 320 3 P AN T ST R A = Jn A R,
e LATEIBUE P Neodi™ Sy #8044 58 i = o4 vh 544

5K 28 B T3 rp 9 G A G 3R A SR, SEBL R AT
A

I

111

il AR

WEZZ STy FIUER =0l 7K 2R 22 P MR A ]
F—Z BB K.

St Ak =T AR

QAT R, W =)

DGR, A, KA RS)

| OKRIZPIMBERI, SR, F—R A T H)
| CRRABTH, AFAER, B7K)

11 J t
. |
TS D=D=D= =D |
PR A (P, Py P}
Prompt > T T T T

Generator

E->E->E - ->E

l_’ Latent vector

&3 EmRimEUEZ:

Fig. 3 Knowledge extraction framework

1.3 A Thein@de) TRNEAS LIEF

T3 5B RS A S 0T By 4 i RURS: A4k iz W B Ay
BB S, AN & B AL — A B A
B I /NS A DU AT BB XU S A A
HHBA 5 L % A ol A ™ o AR Y 44, U] Y i 2
HE XU SE R T BB, W R TAE N G s BEE A
AR5 S HTER AL A O TR XU {5 B 77 25 38
Far N B3, 2 i Bk N Gt A T T A XURS: S G2 W o
1% G5 35 T I 1R) 2ok 30 00 27 TR AT HE VR T B 4 S
1 A k3 S W = [E1F 1 A B Y s
PR, BT 3T AR RS “PRBY B T RE XU
R T TR, W 2 AR ARG A S Ik B KU £
ATRRAREY, i B ARGE N B2 R A7 254 i XU 7™ AR

Wt Rt h—A W=7, b & miEs
SRR, Ay i A uE AR ATHE A, WL 1CTT) .
1T R AR WA 55 o A R ARG 3%, HET AR B AEXT
i e SRS R HE Y, ARG e AL R . ok
BRI F A SRR Mk A A A DT E B 5 5K
W 214 A7 S A ok T 1) 2 A ARG L P 3 v Y
PRSEAA, I AR e SR . ZEHEE AR %
1+ 7 —~LL BERT Bl 2B B4 R 5 T A g 22 4=
P HE SR, R T8 24 i i A SR 5 0 571) 3 P 52
PR, I MR 4l R 0L B (R R A T HE T , B AR AL
T e PR A% 18 S AR DL Ko 592 S AR SR B 19 T A XU 17
ST AR S B, DA T A B AR N B3 PR AT XU S5 2
21

13.1 R AR A K

T A 1B R A IS 2 (S AR D8 I A e 18 5 1A
FI e, HEA A AT PARRUZ B . BRI,
MR AT AT 55 vh 0 K i) T SRR B T — A
DA D FCRRAR ™, Hrp OGBS TR AL
U FROL KU Ao T HRAL” SR TR
DRI 5 L HE A7 AT 55 A0 T S, 7 A e B 52 14471 3
P “HRAL” MRS VEHC Y 32 SRR AL, JE T “FR AL
RN R AT D, LRGP RT3 A R
(2”2 BT A SR o A N B A S i B )
R B ER AL, K 2 H A A AT E S, i IR AT SS
PRy NS oS AN B B gt EX D TR SR A R NG LA o9
H5Rr S IEE R — ML SRR E=(ey, e, -,
e,) o H T IRAG A B3 AR Uk L ll R T A AR
ANTR], 23 W B AR [R) SR A R i 0d, S Buk i
RXARAAEREANGE— . NI, A7 R S al gEdFak
e, 4R, MR e, ARRLIFATHS o ] 20 5 iy
FATH S O AR R A R 1 A
ASE Ry “BRERTS" | “PRERTT T . BLR, AT
H1 S ANBE A% DL RC A R R th Sk . O T B
XANJRBR, i PRI DT RC A 7 ik, B 745 8 S A0
B SR AT RO DU IR, 75 21— R SR, B
o SRTIKR E.
132 Rk LT

SR SR A AT 55 Z 5, DA SR 8T
w21 5 24 TR AL AR VT C A — i 1 SRR E,
XAEEGEE U HFZ DT HEF RS2

KA TA2FR  » 371 ¢



2% F2 BMAAESARBEFE) 2024 5 4 A

XA SR AT HERF , LABA R M S A rp e 28 T LA
55 24T S IERR VI A SR, AT S B AR AT . H

R, 3T BERT Tl R4 R A4 25 A= W 2% FH
T S 5IEAR e AMUE, BARHELR WL E 4,

| R h S S
- IN i ! A [ 4 i i o i
! i ! |
i s —i—i—» BERTI — " p i i i
_J! [ |
! Lo = Py I RERE T
: : : e 4% (I {EP&S |
L)L = - P :
|
e —i—{—» BERT2 — ] ii i
P P |
L___1 e T _____—____ s ___
4 Bert ZR4 4EIELS
Fig. 4 Bert twin networking framework
AR 0 PN A F ——2PR 100% (6)
B Y AL SR S FIAE A E i — A 1= g X 100%

i e, fd1 J & T 45 %1 BERT #2 U S F1 e B FH1E , ¥t
BERT H' il CLS #ric (U B nl f Ak S Fil e 1]
FoR Vs 5 V,, CLS Fric B B ) 0l 3 AL 7
FE W SUE B, BRAS A R R FAF R R IE . B2
1 FH A s AR EEAE S AR AL EE LT v, i BE B 4
Mt ve 5 v, Z e e, ACh

Ds,. = cos_similarity(V,, V.) = (V,=V.) [ (IV,l [+ Vel )
(3

KDy, HFRFR S H e ZMMIEE; Vi 5V,
Sl e BOAFAE [ B o K35 TARIE B D, il ad 2k
JZE B A5 2] — D ER(E P, P, = (Ds+ 1) /2, #E2%
MR R A PR AL . XTHES E b A
TS A AR DLE HE R AT HERY , RHADUME 3R d5 R 4
e e B 55 29 i S e DU IE Y SR, o 53 S8R
SRR BT A AU £ B AT PR (o] 25 380K N B, AT
i B A T KU S 2 T

2 KEERSW

2.1 ZeiRdd I R oM

W 1.2.2 5 ik, AR S ICHE 2 WRERJE %2
A v AL R RS AR SC R = o . g N
WA B SEAThR T, 4% BOE R #3052 v in
SCARTRRHEIR 8 « 1+ 1 A LLBIRI 43 I ZR4E | B
S5, X & Atk ) P & 2R OC R = H AT bR
T, SR PR ALFABAE S FE A EBURE 42 14
REPHb AR, S atnit A AR

P= Tr x 100% (4)
Ty + Fp

R= Tr x 100% (5
ptI'N

* 372« KA LAEFR

K (4)~(6) . T, AN A E A TIEREAS; Fp SRy Tl
HIEBIRGREAS; Fy IR SUFIRIIEREAS; P ks
(T Ay TE A5 %) TE A A 5 3000 A 1457 14 1 BR A AR
Bz b5 R A W (R >y 1451 0 IE AR AR 5 R

IEREARZ L) Fy o P AR TR . S2ahsh

S 3 7 32 N TR SRR 42 7 R 7K A IR T AR RS S 44
K FR =AM B 5 1, PL R AT F, {E 53 5158 3

87.80%. 89.00% H1 88.42%, W3¢ 1. HIHFhHL 4,

BB ER I, A IR — B T fE

* 1 BRB=JTAMBMLEER

Tab. 1 Extraction results of each type of triplet %
w48 i | P R F,
SR TR A5 84.51 84.63 84.57
AR il (- IRLT 87.06 91.16 89.05
WA Bt 91.84 92.89 92.36
AL RS A 83.50 87.54 85.47
SRS A1 ] 91.17 91.95 91.56
ARG - A it 89.12 85.86 87.51
T 87.80 89.00 88.42

2.2 Bk R oM

DA T 7K AL T2 AT B R A ) B A 37
R 7K AL TR e HE A 10 SR A SO A G R,
FF 1.2.2 15 WP IR Ty v R E R T SRS &R
e, Hrh AR B AL . TR A %
BBt A S AU 0 S SRR L B 2 A ik ]
GJEE, AR X R RO TG R B S TR
ZEIE “EHY R, TR S R AW = B i
“WET SRR, WA S A Z BB “4L B



R, % REseyE AL TRURE LR ET

K, TS XU FEE 22 18] ) “AEAE UGS e &, KL
S S S A B R ORE R BT
SEAR I R =B W 20 Ak, “RAERTE]T X
—JE M = oA HhBCECR M 14 022 4%

2 BEt=TAKELT

Tab. 2 Triplet count statistics

SRR KERER EXLS ) PS8 5
R HH TR A 3 680
TR ey WA 5779
Wit Y RARAL AL 8318
AL FEAE A IR = 14 160
IR A R b B 13 985

2.3 AR EAREE AR LS R AT

R T AP A SCHE B 36 F BERT il 5
T 25 A X 45 1153 SR AR ARLEE 1 1 i, B L S e —
BERT # %! | Word2Vec # % J f£ 45 Jaccard AL
AT LG, b BERT., B8 S8 5 254 W25 1Y
BT M4 SRR — 2, DI 325 A MK HESL (0
Pk & BERT $2 MU o SCRRAE I HERG I . ALY 32
BB SR epoch (VI ZREEHL) A 50, Max_len
(CRE B A KA ) My 128, Batch_size (B3I R
%)M 16, Learning_rate( #] #f 2% 2] %) g 5x10°,
Drop_rate( fii HL % 2% 3% ) 24 0.1, Optimizer(ff: 1k %% )
N Adam, T T ALE 2 536 X ARAL S A B AH
U AR, XF EE T 3 Fh AR AL 88 B4 A 1
B FAROR, 25 R 3,

&3 HANERAESER

Tab. 3 The similarity algorithm compares the results %
Ak P R F,
Jaccard 87.03 74.45 80.25
Word2Vec 85.24 71.86 77.98
Bert 82.00 80.90 81.43
BertZ5 A [ 24 85.34 86.67 86.00

753 45 R F WAL GE Jaccard B 3 Fil Word2Vec
FERIE F, M 80.25% F1 77.98%, 5 2 #H b BERT #5
AP AEIAE] T 81.43%, X %3 T BERT H i CLS
B i ) BRG] it A O g b 3R R AT R SUERE
5 Hi— BERT M tb, A SCiR T A FEF BERT il 25
BT (R 28 A I AE AR Fry 32T TR0 5 AN E 4008, X
B5IFE T BERT Z24E WIS HEZR (A7 5 . Bk,
BERT ZEA4: N 28 78 745 HR AR LB T HAAT 45 3R

TR RR, R SR HE R 25 R AT AR
24 IRNGIZEHEFLER

TRRAH S XU 15 B AS: A B 5 o7 24 i IR, 45
G LEK, ET 13 WO TR RS B
B, A R R I Y RS B M T IR,
P ARG e TR RT3 v 5 22 i A7 S AR D i 1) A S A
K SARSEIAR B AT AA IR (1], SEESCHR RS A

DL “HEpk i) el TR 577 SR 48], 5 FARORY D it A3
508 RN B e SR o e e L I AN 2 2 N L N L T I 5%
ALY, AT PR )T AR SRS R L
% {8 1] BERT 25 A= [0 28 HE 2245 “HE v il 1 1 TR 5
B AT R ) i 2% s 5 008 0 S AR 371 3 v 4 ik B S AR
BT AL, fe ZARALL R HE 44 5 — R A ik S
S HEDKTRIBRITT” o 432 SE AR S 59 S AR SR 1) Jr
A TARREEAE BT AR [, 25 50 WL 5. %347
TEAS [) B (i) B A7 XU S A TR R S
2107 5 1 AN ) T D 25 L AN/ R S - i N
PR 35000 JXURS: S5 1 B Ak i e 4 4w B RT A SR T
AN B TAERCR .,

3 &8

AR SO R K GV T ARE A T4 HIL R 2 () R
ROCA I B R HE A D S AR AT T RS0
B AL, 25 A TR MR AT 45 oK, Al T 384G
PR A B, I A8 e SRl b A PSR 56 R A
ol EUHE 20t B 5 M Ak = o4 R, DL AR
R, $2 8 T RS B A T

FIH BERT T 11 ZhA 20 F0 22 A ) 28 HE ZR 501
T BERT ZEA: W45, B AR R 1% 5 TR B 2% 2T HEAR A
SG T TR S B AHERE, B B XU S Rk
SEBGIRHIE BERT ZRAE W28 75 S A P45 3 AHLBE 154
155 BRI T 3R PR RE, 1538 SR HE P 25 S mT
A, MRS N B AT KU 2 W R AL T 22545 BOR
JRUBS A 5 2%, A R TR N B TARSCR

AW SR ELA SRR A, R
P A IR 2 2R DI B RE 7 vk AT Ry oA A ¢
U PR TRRE Y R T SR I S

A FER A ST SRR S0 P 3 A g A T AR
AU A5 B, AELATS A7 A3 43 Tl L, 3] 2 R L 5]
T B 2 4 R R R R () A, DL RS B A S A
Mg 7 g dfe 2 TR 4 T R 25 X UK R TR PR RE A R
M, 8~ —2 TAEH, St — PR MR S
B, R  CTERHISCAE T B 0 A B 4

KA LFEHR 2 373 ¢



2% F2 BMAAESARBEFE) 2024 5 4 A

AR TH R BOHE SR O VR RE, SC B AT 5 | B v 2%
0 R KL TR TR BB A 7 05, HEsh TR s 447

(aEsEsn0 ELIEE) CEEED

D OEED D EEED G EE

PO LA AL

[EEIT

o
=

b E AT (4)

b, Btk R

-» @D D

KHET](4)

Lk Obar s

AT G ...

Kt LS.,

HAGESA...

kB,

LAV ETR:

El5s IERGEESHEFSER

Fig. 5 Project risk information recommendation results

S 3k

(1]

(2]

(3]

(4]

- 374 -

AARESR, IR, T ML A Shil A B S s RGeS
REA (0], NRARIT, 2022, 53(6): 235-241. DOL: 10.
16232/j.cnki.1001-4179.2022.06.036.

WU T, QI G, LI C, et al. A survey of techniques for
constructing Chinese knowledge graphs and their ap-
plications [J]. Sustainability, 2018, 10(9): 3245. DOI:
10.3390/su10093245.

WA R, SRR A, B, 45 R EE R AR 2Rk
O] AL TR S A, 2022, 58(9): 30-50. DOL: 10.
3778/j.issn.1002-8331.2111-0248.

CHEN Z, WANG Y, ZHAO B, et al. Knowledge
graph completion: A review [J]. IEEE Access, 2020, 8:
192435-192456 DOI:10.1109/ACCESS.2020.3030076.

KA T42 #F 7

WRBHSCTE, i, I, A5, TR 2 1 K SCHHRFSE
PERELEAR T - WP i M e B2 (0] /K AL 38 55 7K A
B (FPHE30), 2022, 20(5): 862-875. DOL: 10.13476/
j-.cnki.nsbdgk.2022.0087.

MR, SRR, AR TU . 6T IR A g K AL i vh 2k
KV A PR 22 E AR B S 3T (0] ma /KA
SKFRHE (B30, 2022, 20(6): 1179-1187. DOL:
10.13476/j.cnki.nsbdqk.2022.0116.

TANG S, ZHU Y, YUAN 8. Intelligent fault diagno-
sis of hydraulic piston pump based on deep learning
and Bayesian optimization [J]. ISA transactions, 2022,
129: 555-563. DOI: 10.1016/j.isatra.2022.01.013.
XA, o DURE, 2R, S5 ISR Sl i KR AR
S0 AR AE BT VR LA R K b rp 2k TR A 44


https://doi.org/10.16232/j.cnki.1001-4179.2022.06.036
https://doi.org/10.16232/j.cnki.1001-4179.2022.06.036
https://doi.org/10.16232/j.cnki.1001-4179.2022.06.036
https://doi.org/10.3390/su10093245
https://doi.org/10.3390/su10093245
https://doi.org/10.3778/j.issn.1002-8331.2111-0248
https://doi.org/10.3778/j.issn.1002-8331.2111-0248
https://doi.org/10.3778/j.issn.1002-8331.2111-0248
https://doi.org/10.1109/ACCESS.2020.3030076
https://doi.org/10.1109/ACCESS.2020.3030076
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0087
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0087
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0087
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0087
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0087
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0087
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0087
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0087
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0116
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0116
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0116
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0116
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0116
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0116
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0116
https://doi.org/10.1016/j.isatra.2022.01.013
https://doi.org/10.1016/j.isatra.2022.01.013

R, % REseyE AL TRURE LR ET

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

(7). K H27:41, 2023, 54(6): 666-676. DOL: 10.13243/
j-cnki.slxb.20220994.
XIA L, LIANG Y, LENG J, et al. Maintenance plan-
ning recommendation of complex industrial equip-
ment based on knowledge graph and graph neural net-
work [J]. Reliability Engineering & System Safety,
2023, 232: 109068. DOI: 10.1016/j.ress.2022.109068.
RASMUSSEN M H, LEFRANCOIS M, PAUWELS
P, et al. Managing interrelated project information in
AEC Knowledge Graphs[J]. Automation in Con-
struction, 2019, 108: 102956. DOI: 10.1016/j.autcon.
2019.102956.
SUN A Y, SCANLON B R. How can Big Data and
machine learning benefit environment and water
management: A survey of methods, applications, and
future directions[J]. Environmental Research Let-
ters, 2019, 14(7): 073001. DOI: 10.1088/1748-9326/
ab1b7d.
YAN J,LV T, YU Y. Construction and recommenda-
tion of a water affair knowledge graph[J]. Sustain-
ability, 2018, 10(10): 3429. DOI: 10.3390/
sul0103429.
HAO X, JI Z, LI X, et al. Construction and applica-
tion of a knowledge graph[J]. Remote Sensing, 2021,
13(13):2511. DOI: 10.3390/rs13132511.
VoG, TERAR, BRERER, 5. 25 T Neodj I8 E A T
F Pt P AT SR M BR (0. H D R 4 A Bk, 2022,
46(15): 104-111. DOL: 10.7500/AEPS20211031001.
TEHAR, X E 58, VR 2. BT 28 BT LA e 45l
IR A EERITSE L] 5 R, 2020, 38(6): 145-
150. DOLI: 10.13833/j.issn.1007-7634.2020.06.021.
DEVLIN J, CHANG M W, LEE K, et al. Bert: Pre-
training of deep bidirectional transformers for lan-

guage understanding [EB/OL]. http:/arxiv.org/abs/
1810.04805, 2019-05-24.

R, RAL, S, A —Fh kT CNN-Bi-
GRUZEAE [ 2% 1)l R S a2 B 5 vk (7). 4k sl 5 o
if7, 2023, 42(6): 166-171,211. DOI: 10.13465/j.cnki.
jvs.2023.06.020.

DORPINGHAUS I, STEFAN A, SCHULTZ B, et al.
Context mining and graph queries on giant biomedi-
cal knowledge graphs[J]. Knowledge and Informa-
tion Systems, 2022, 64(5): 1239-1262. DOI: 10.1007/
s10115-022-01668-7.

YANG Y, ZHU Y, JIAN P. Application of knowl-

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

edge graph in water conservancy education resource
organization under the background of Big Datal[J].
Electronics, 2022, 11(23): 3913. DOI: 10.3390/elec-
tronics11233913.

By, whEL, BALLA, 45, KRG AR K T A 2 T
FE 0], KA 2E 47, 2021, 52(8): 948-958. DOI: 10.
13243/j.cnki.slxb.20200924.

MA X. Knowledge graph construction and applica-
tion in geosciences: A review[J]. Computers & Geo-
sciences, 2022, 161: 105082. DOI: 10.1016/j.cageo.
2022.105082.

WU H, ZHONG B, LI H, et al. Combining computer
vision with semantic reasoning for on-site safety
management in construction[J]. Journal of Building
Engineering, 2021, 42: 103036. DOI: 10.1016/j.jobe.
2021.103036.

WANG X, EL-GOHARY N. Deep learning-based re-
lation extraction and knowledge graph-based repre-
sentation of construction safety requirements[J]. Au-
tomation in Construction, 2023, 147: 104696. DOI: 10.
1016/j.autcon.2022.104696.

LIN J, ZHAO Y, HUANG W, et al. Domain knowl-
edge graph-based research progress of knowledge
representation[J]. Neural Computing and Applica-
tions, 2021, 33: 681-690. DOI: 10.1007/s00521-020-
05057-5.

RAFFEL C, SHAZEER N, ROBERTS A, et al. Ex-
ploring the limits of transfer learning with a unified
text-to-text transfer transformer[J]. The Journal of
Machine Learning Research, 2020, 21(140): 1-67.

E Lk, WrlelE, PRIGEAH, 4%, LSTMA 22 R0 2% 1 24
Sy FTEAEIIE T X e O] ma kb
P 5 K AR (7R3 S0, 2022, 20(3): 590-599.
DOI: 10.13476/j.cnki.nsbdqk.2022.0060.

PETRONI F, ROCKTASCHEL T, LEWIS P, et al.
Language models as knowledge bases?[EB/OL].
https://doi. org/10.48550/arXiv.1909.01066, 2019-09-
04.

W BHES, AR, MR A Rla AR BE RS Y
ATFETE RS TR B AU B ep g 1 H (0. 7K A
2241, 2023, 54(9): 1122-1132. DOL: 10.13243/j.cnki.
slxb.20230188.

QIU X, SUN T, XU Y, et al. Pre-trained models for

natural language processing: A survey[J]. Science

KA LEHR 2 375


https://doi.org/10.13243/j.cnki.slxb.20220994
https://doi.org/10.13243/j.cnki.slxb.20220994
https://doi.org/10.13243/j.cnki.slxb.20220994
https://doi.org/10.1016/j.ress.2022.109068
https://doi.org/10.1016/j.ress.2022.109068
https://doi.org/10.1016/j.autcon.2019.102956
https://doi.org/10.1016/j.autcon.2019.102956
https://doi.org/10.1016/j.autcon.2019.102956
https://doi.org/10.1016/j.autcon.2019.102956
https://doi.org/10.1016/j.autcon.2019.102956
https://doi.org/10.1088/1748-9326/ab1b7d
https://doi.org/10.1088/1748-9326/ab1b7d
https://doi.org/10.1088/1748-9326/ab1b7d
https://doi.org/10.1088/1748-9326/ab1b7d
https://doi.org/10.1088/1748-9326/ab1b7d
https://doi.org/10.3390/su10103429
https://doi.org/10.3390/su10103429
https://doi.org/10.3390/su10103429
https://doi.org/10.3390/su10103429
https://doi.org/10.3390/rs13132511
https://doi.org/10.3390/rs13132511
https://doi.org/10.7500/AEPS20211031001
https://doi.org/10.7500/AEPS20211031001
https://doi.org/10.13833/j.issn.1007-7634.2020.06.021
https://doi.org/10.13833/j.issn.1007-7634.2020.06.021
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1810.04805
https://doi.org/10.13465/j.cnki.jvs.2023.06.020
https://doi.org/10.13465/j.cnki.jvs.2023.06.020
https://doi.org/10.13465/j.cnki.jvs.2023.06.020
https://doi.org/10.13465/j.cnki.jvs.2023.06.020
https://doi.org/10.1007/s10115-022-01668-7
https://doi.org/10.1007/s10115-022-01668-7
https://doi.org/10.1007/s10115-022-01668-7
https://doi.org/10.1007/s10115-022-01668-7
https://doi.org/10.1007/s10115-022-01668-7
https://doi.org/10.3390/electronics11233913
https://doi.org/10.3390/electronics11233913
https://doi.org/10.3390/electronics11233913
https://doi.org/10.3390/electronics11233913
https://doi.org/10.13243/j.cnki.slxb.20200924
https://doi.org/10.13243/j.cnki.slxb.20200924
https://doi.org/10.13243/j.cnki.slxb.20200924
https://doi.org/10.1016/j.cageo.2022.105082
https://doi.org/10.1016/j.cageo.2022.105082
https://doi.org/10.1016/j.cageo.2022.105082
https://doi.org/10.1016/j.cageo.2022.105082
https://doi.org/10.1016/j.cageo.2022.105082
https://doi.org/10.1016/j.jobe.2021.103036
https://doi.org/10.1016/j.jobe.2021.103036
https://doi.org/10.1016/j.jobe.2021.103036
https://doi.org/10.1016/j.jobe.2021.103036
https://doi.org/10.1016/j.autcon.2022.104696
https://doi.org/10.1016/j.autcon.2022.104696
https://doi.org/10.1016/j.autcon.2022.104696
https://doi.org/10.1016/j.autcon.2022.104696
https://doi.org/10.1007/s00521-020-05057-5
https://doi.org/10.1007/s00521-020-05057-5
https://doi.org/10.1007/s00521-020-05057-5
https://doi.org/10.1007/s00521-020-05057-5
https://doi.org/10.1007/s00521-020-05057-5
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0060
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0060
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0060
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0060
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0060
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0060
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0060
https://doi. org/10.48550/arXiv.1909.01066
https://doi.org/10.13243/j.cnki.slxb.20230188
https://doi.org/10.13243/j.cnki.slxb.20230188
https://doi.org/10.13243/j.cnki.slxb.20230188
https://doi.org/10.13243/j.cnki.slxb.20230188
https://doi.org/10.1007/s11431-020-1647-3

2% F2 BMAAESARBEFE) 2024 5 4 A

China Technological Sciences, 2020, 63(10): 1872- 617: 128970. DOI: 10.1016/j.jhydrol.2022.128970.
1897. DOLI: 10.1007/s11431-020-1647-3. [35] AMADOR E, SERRANO E, MANRIQUE D, et al.

[30] YANG Y, ZHU Y, CHEN S, et al. API comparison Prediction and decision-making in intelligent envi-
knowledge extraction via prompt-tuned language ronments supported by knowledge graphs, a system-
model [J]. Journal of Computer Languages, 2023, 75: atic review [J]. Sensors, 2019, 19(8): 1774. DOL: 10.
101200. DOI: 10.1016/j.c0la.2023.101200. 3390/s19081774.

[31] MHBHEE, R, XITHg, S5 KR TSR PR [36] TK%T, 250 0. Al X 1 SO BLE IR & D A
SRR R R SHT 5 B LT ]. R4, 2023, SELUEHERE S (1) S HEHL TR 51431, 2023, 44(9):
54(7):818-828. DOI: 10.13243/j.cnki.slxb.20220992. 2671-2678. DOL: 10.16208/j.issn1000-7024.2023.09.

[32] LUY, LIU Q, DAI D, et al. Unified structure genera- 015.
tion for universal information extraction[EB/OL]. [37] LIU X, LU H, LI H. Intelligent generation method of
https:// doi.org/10.48550/arXiv.2203.12277, 2022-03- emergency plan for hydraulic engineering based on
23. knowledge graph: take the South-to-North Water

[33] SARWAR B M. Sparsity, scalability, and distribu- Transfers Project as an example[J]. LHB: Hydro-
tion in recommender systems[M]. Minnesota: Uni- science Journal, 2022, 108(1): 2153629. DOIL: 10.
versity of Minnesota, 2001. 1080/27678490.2022.2153629.

[34] HE L, YEW, WANG Y X, et al. Using knowledge [38] ARTSTEIN R, POESIO M. Inter-coder agreement
graph and RippleNet algorithms to fulfill smart rec- for computational linguistics[J]. Computational Lin-
ommendation of water use policies during shale re- guistics, 2008, 34(4): 555-596. DOI: 10.1162/coli.07-
sources development[J]. Journal of Hydrology, 2023, 034-R2.

Knowledge-driven recommended method for inspection information
of South-to-North Water Transfers Project

YANG Yangrui', ZHU Yaping', LIU Xuemei"?, CHEN Sisi', LI Huimin’
(1. School of Information Engineering, North China University of Water Resources and Electric Power, Zhengzhou 450000, China;
2. Collaborative Innovation Center for Efficient Utilization of Water Resources, Zhengzhou 450000 China; 3. School of Water Conservancy, North

China University of Water Resources and Electric Power, Zhengzhou 450000, China )

Abstract: There are many risks in the operation of the South-to-North Water Transfers Project, and the inspection
work of the South-to-North Water Transfers Project is of great significance to ensure the safety and stability of the
project. Traditional project inspection methods mainly rely on manual experience and have a low degree of
digitalization. Due to the uneven professional level of inspection personnel, it is difficult to form a unified record
standard, which in turn leads to redundant inspection special report information, among which the accessibility of
effective information is poor, making the traditional project inspection method inefficient.

As a new generation of information technology, knowledge graph is a powerful tool for knowledge organization
and management. In order to alleviate the limitations of traditional project inspection methods and improve the
efficiency of project inspection, knowledge graph with deep learning technology was combined, and using
knowledge graph to empower intelligent inspection of the South-to-North Water Transfers Project was proposed.
Specifically, the inspection knowledge graph was constructed based on the project inspection text, and an project
risk information recommendation method was designed based on the inspection knowledge graph. In the process of
building the inspection knowledge graph, the conceptual model of the inspection knowledge graph is defined based
on expert experience, and on this basis, the entity relationship joint extraction framework is used to extract the
structured triplet knowledge from the unstructured project inspection text, and the knowledge visualization is carried
out with the Neo4j graph database as the carrier. The inspection knowledge graph clearly presents inspection

information such as engineering sites, parts, risk events, and disposal measures in the form of entity-relationship-
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entity triples, and supports knowledge visualization and knowledge retrieval, which alleviates the limitation of poor
accessibility of effective information in inspection reports. In the project risk information recommendation method,
the Bert pre-training model and twin network framework were used to design the Bert twin network, and
recommends the project risk information of the entities and entities associated with the current part in the inspection
knowledge graph to the inspectors by calculating the string similarity of the part entities, and assists the inspectors in
the project risk level diagnosis.

The quality of the knowledge graph and the effectiveness of the method are evaluated experimentally. The
experimental results show that the average F, value of various relational triples extracted is 88.42%, and the
knowledge extraction results have high accuracy, and the quality of the knowledge graph is considered to be
reliable. The F, value of the candidate entity ranking model designed reaches 86%, which is higher than that of the
traditional Jaccard algorithm and Word2Vec model.

In general, the Bert twin network designed shows good performance in the string similarity calculation task, and
the project risk information recommendation results based on patrol inspection knowledge graph are basically
reliable. Knowledge graph and deep learning technology were introduced into the intelligent application of project
inspection, which realizes the deep correlation and effective use of inspection knowledge, which can provide
reference significance for improving the operation and maintenance efficiency of the South-to-North Water

Transfers Project and strengthening the risk management capability of the project.

Key words: knowledge graph; South-to-North Water Transfers Project; recommended engineering inspection

information; project risk level diagnosis
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