2026 4E 4 A JOURNALOF(HHNESEINFORMATHH@PROCESMNG Apr., 2026
X EHS: 1003-0077(2026)04-0001-25

% JC #0118 B i 5% 2 T o 3R 4R A

PRAKTE'"?, B SR, Wi /NIg, S5 R, AR
CLo A E BB A RS T B e Rk 22 FE S LR E, JLE 1001905

2. R B R TR LR

# E. %74 B (N-ary Knowledge Graph, NKG) & — F 4 2k 64 422 B 3%,

HHE AR, LA 1001900

ER:R I E R E N P

r2FELR, SRGEGHREERRA,NKGAF - NAFZAALHMA LN ER, MHRSAFEL, NKGEETRAMNZEAT

T NKG ¥ F 5wy sk Tk, X b T 44 NKG feit — F 8 5

MR AR S W RE,

THEMNERN P T O ERTHR a5,
Fik XA E P ERSER, BE,

R T

KR, AT
hESES: TP391

%At Bk $UF R
XEKARIRAS: A

%L H R A NKG 48 BTN AR HT T &% e R
GESHIA T R T TR A TEREMG T E LA TKE
ey ek b3k —
BLETNKGEAMES AREFRAAFHABROLAER, EFTHL 28
FERMAL, &5, 7T NKG 4% 4T 69 R R B &7 1,

THERAEFUHARE(A TSR, RE, X—MARTI
, B h T NKG 4 2T AE 409 2 L, FF 3T
?ﬁ%é‘]?f;ﬁ:ﬂ&f&?‘%‘?, M &6 ik, KRG, AT
TR T AR EHIESE, a’rﬁrb?;wtk

Link Prediction over N-ary Knowledge Graphs: A Survey

WEI Jiyao'?, GUAN Saiping'?, JIN Xiaolong'?, GUO Jiafeng'?, CHENG Xueqi"’
(1. State Key Laboratory of Al Safety, Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China;

2. School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100190, China)

Abstract: N-ary Knowledge Graphs (NKGs) are a special type of knowledge graph designed to store complex real-world facts,

allowing n-ary facts involving more than two entities. NKG link prediction aims to predict missing elements in n-ary facts, which

is crucial for improving NKGs for downstream applications. This paper presents a systematic review of NKG link prediction

research. We first define the NKG link prediction task and categorize existing approaches into three types:

space structure-based

methods, tensor decomposition-based methods, and neural network-based methods. Then, we analyze the modeling strategies,

strengths, and limitations of methods in each category. We also summarize commonly used benchmark datasets with their

construction and characteristics, and compare the performance of state-of-the-art models on these datasets. We fianlly highlight

representative applications of NKGs in domains such as biomedical research and product recommendation systems, illustrating

their practical value. We conclude by discussing future directions for NKG link prediction research.
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StarE*) 0.265 0.233 0.215 0.102 0.057 0.177
GRANMI 0.253 0.199 0.221 0.126 0.077 0.222

FSRLU¢ 0.236 0.201 0.230 — — —
FAANU? 0.270 0.225 0.246 0.116 0.059 0.226
MetaR[®] — — — 0.108 0.064 0.183
HANCL! 0.318 0.288 0.258 — — —
MetaRHP4 — — — 0.192 0.109 0.340

1:: WikiAnimals, F-WDS0KXHE AR A5 R 5351k B SCHR[12,54]
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WO R k. R 12 JBR T EATTHE WD20K(100)

V1. WD20K(100) V2 FI WD-Ext $ 4l £ |- Y 52 56 4%
Jo BLPMHUEAL S8 KG STk AR 21 110 051 40 =X B 42 Tt
J5 s, B i G A SO AR A R WL SR I A T
StarEHI CompGCNEOWI 35 - H #L1&] 1 1) 25 A 8 AR
A WL SLR A A . BLP Fl CompGCN Zg | £t
SR B E M R -(E R R . LR A5 R R,
QBLP, StarE 1 MetaNIR J7 i HUfS T 8047 #4556
UE T FFH 2 o0 55 52 b iy B e 4 A - (B 0HE B8
4450 NKG 85 B2 AT 55 2 b 22 . L4, 78 WD20K
(100) V1 %354 b, StarE EFE T QBLP, ififE WD20K
(100) V2 5 #i 4 I, QBLP ML T StarE, X F W, 78
DI GR BT 2 35 AR, 356 T e B ) A i oA DL S Pk s o
FLA R, i e Y 2R B0 BN DL, AR S AR
IR 07 A AL

£12 PIHRIFEE NKG $EETNLBRER

i WD20K(100) V1 WD20K(100) V2 WD-Ext
ik MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10
BLP!™ 0.057 0.019 0.123 0.039 0.014 0.092 — — —
CompGCNBY 0.104 0.057 0.183 0.025 0.007 0.053 — — —
StarEls! 0.112 0.061 0.212 0.049 0.019 0.110 0.079 0.021 0.131
QBLPI 0.107 0.039 0.245 0.066 0.034 0.120 — — —
MetaNIRISS) - - — — — — 0.582 0.433 0.901

F: WD20K(100) V1, WD20K(100) V2B A4E F36 H SCHR[13], WD-ExtSR4E45 ok i SClik[13].
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