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Survey on foundations and research progress of big data

knowledge fusion
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Abstract; In the era of big data intelligence, knowledge has become the fundamental driving force for technological development. Big data

knowledge fusion, which constructs a unified knowledge system by associating multi-source fragmented data, serves as a key support for enhancing

knowledge completeness and improving cognitive intelligence. Based on basic paradigms and classic methods, the research status of three key links,

knowledge representation learning, knowledge alignment matching, and knowledge conflict resolution, was systematically summarized. Meanwhile,

new progress in the context of big data was deeply explored, covering frontier directions such as temporal knowledge fusion, cross-modal knowledge

fusion, and large model knowledge fusion. Furthermore, future development trends were prospected, and potential research issues, including the

fusion of symbolic and parametric knowledge as well as cross-modal temporal knowledge fusion, were highlighted. Through a panoramic review of

basic links and emerging paradigms, important reference and guidance are provided for theoretical expansion and technological evolution in the field

of big data knowledge fusion.
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Tab.2 Basic methods for big data knowledge fusion

WA A% RFHET IE ik S P R R
IR 1 5 B BB SC 38 T DR 26 % M ,
TR k[ 28 - 32 KRR AL
" TER Skl ) o e, BRI RS Z R
2 TP 1 5 g 3 4 A0 4
e L T MNAE D e S E CR e P
W 22 ) £ ) L2 R o
Wz s A BREN LSS RTR
ST SEE T A (DL B 3 BT X 5 T o
[ 37 - 42 BEAT R R B A s
i e L D iRty ey o0 R
Xt 5F VT i 5ot 7
e TR , R BRI ol a2 WAL A A0 e 1
i k43 -46]  mAFARLSRE -
VA X 55 DG E -
TN o WSS T OB B B KR A
AR e BRI RS A R
g
Wi RTES o RTRUUERGH ER TR S TR TR, 1R
5] IR AR e e

1.1 FHRRZRES

HIRERIR ) BER A R AL S o AR 7
) H BB (5 B G — ) 5 KR, [H]
IFOR B S SCRN 25 40 85 OB B, O J5 SR 5F L
TiE 5 o A AR AE LA o 5 2 T O G R
FnaE 2 T 2R, e MR RS R s 2 T
B F BT HHET V55 T E 2 M %5 (graph
neural network , GNN) k2,

FET VR 7 B R R B R BT ) &

25 ] Sk SEAAEI R S B — R P A% AR Ty
ey TransE'™ 75 T [ 1R 4 B9 R 6 7R 2%
3ot MTransE ¥ 4S54 th I TransE 2251 451 70 2%
) SR F R BET T SR x5, HiAE TransE
SRR A b K S IR R0 LR 3 43 ) e B ) B
Fy i) A5t 2 ), P A b o TR ) e R A
e 5 2R A ST S [ [6] 45 24 i) 22 1) B e S5 06
TS [ 23 (8] v g i AR A3 AT b, AP 2 o o G
Hh R B SR I SR T I B4 2k BRI



AR, S5 B R R & Sy S Sk P25k * 299 -

O MiRFRES

GCN-Align®
MTransER®

T BootEARY I MuGNNE [
| 1 T 1 T

TransEdgel*”
KGistl*?

CEAFTF!#s] RInft7"
I RREAP IEASY[“O] I ICCD[%] T
1 T 1 T 1 T 1

@ HIAKNFEER @ AR

Sinkhorn*?!
SDEAF"
Knowformer'*®

2017 l 2018

TPTransER" KGTtmb

NAEAP

2019 i l 2020

SMat*?! Hungarian®?!  TKGCP4

2021 l 2022 l 2023
Dual AMNE?! NooE AR

FGWEAM
TEAR4

OpenEAP?!

B B AR R Rl 1 3 AR 7 ik it )l

Fig.1 Timeline of partial representative methods for big data knowledge graph fusion
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Fig.7 Example of NMMKG fusion task"'™’
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Fig.8 Schematic diagram of challenges in the NMMKG fusion task and solution approach"
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