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Abstract: For the problem that emerging entities appear in the testing phase, and tail entity
structural neighborhoods are missing in inductive multimodal knowledge graph completion, an
inductive multimodal knowledge graph completion method based on knowledge graph
enhancement and retrieval re-ranking was proposed. First, a vision-language model was utilized
to combine tail entity text descriptions and image information to generate entity types, descriptive
mentions, and pseudo triples with the tail entity as the head entity, achieving tail entity
knowledge enhancement. Second, a query encoder and an entity encoder were designed, and
text-visual semantic alignment was achieved through unified cross-modal contrastive learning.
Third, a knowledge store and an entity store were established, and dual-path retrieval reasoning
was completed by combining global entity distribution and semantic neighbor distribution.
Finally, a large language model was introduced to filter candidate entity-related triples and make
re-ranking decisions. The constructed framework balances multimodal representation alignment,
prior knowledge memory, and evidence-driven re-ranking under unseen entity scenarios and
provides a feasible inductive reasoning path for multimodal knowledge graph completion.
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R K i (knowledge graph, KG) LA = o4
CGRAR OCFR RS ) Z i SR R R i
SCHE R RE [n) 24 FHE7E 2 40 4 0L o) o 2 0
Bt SR, B SE K G 32 44 g AR F IR 8h A8 A2 4k
SR S A7 E R 5 N S8 A TR) R TR A b
4> (knowledge graph completion, KGC) & 7F #& T
CL A = U ZH T sl ok 4 422 R AR T KG e 4 PERY
KA,

I KGC 3 2% 2 T ik A (embedding-
based) (77 15 , Ul TransE, RotatE 2554 X 2Ky ik
3 S AR 1) e 3RS SEARRIOC R, TR R 43 R 4R
T = O A B R [ SRR MELLIZ
fb 2 A 0L SRS R 4 W 4% (graph neural
network, GNN) J5 i3 it 3R & S8 (5 B S HF a9
AR AHAERR B A R EE T FEAEAR
BN BEARANERE R SR SRIR AN 384345 R

Z A A H K% 4 4 (multimodal
knowledge graph completion, MKGC) il & SC A |
EHG RS M5 B, AR SRR LR 2
RESAT B P TE S5 A0 76 0 548 e A J2 I 4 kb 58
& AHIA RN SO SR R BISES
ANFE ST S AN DL I R PRI S5 [ A
W, g2 2] I ) A AR, iR T 2
FEE SRR THE AN MK GC BE ) 1) A

AR, R ALIE 5 B (large language
model, LLM) F1 ¥ 5 i 5 #& & (vision-language
model, VLM) J&é 3t 0 1) i CERfi g 7 L
FIP SR RE ) A IGHERREE 77, T KG M 2 5 b
SRR T BT LR O A DG i Tl e AR TR
(Prompting ) 3 fl I >k A il A0 156 24 58 o — o4l .
] ERE, XoF b 27 2] RE A% 4 fm 2R 7R 2 TR 8 40 Sk
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I A1, StAR 38 i 45 14 1 58 SCAS 3ROR £ T
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AR R CMR G 3 X 2 > -1 124
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1.1 EEEYX

TE 3 90 £ 8 25 iR 3 #b 4 (Inductive
MKGCO) T4, 4552 1 AN FREE G={E, R, 7},
Hrh EMR 73 KR LR MERMNES, 7=
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55 M 4% (visual mapping network , VMN ) F5- AL 57 4%
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o {Te 7. frank(sim (.1, sL}. (13)

Hodr . b 2208 =04 o iE CFoR i, T
2) LLM PR . RT3 2 1) 32 55 = e ik JE
PPAR A5 58 SEAR B B 384T 5 B, T B B il 1Y
SR e,
b AR SR B B g LR .

e*:LLM(P ,,,,, k(q,{(e,?jﬁ“))}egc)). (14)
Hor: P B35 LLM AR SCA R = 04115 B

1 5 B R OS2 AA B B2 7R TR 5 g A D 0 A AR
B T R SR e i BB A B B 2 S AR = JudLE Y
CE R

2 ARSI

2.1 HBEESANNS

AR SCHE 2 AN B 22450285 T T i 4l 4
FB15k-237-ind il WN18RR-ind |- 5 il 452 %
fig . A T AL E SE Y U 40 #E P 37 5 (inductive
setting) , A% SCGEAFE i A FE B9 %053 0785, Ok
DA i SEARAE DN ZR B B2 AN 1T LY

FB15k-237 (Inductive) : Ji [ Freebase, {1 1%
T IS B SRR L IH Y RRAS E o B R
YRR bt A S A A A T 1AM 7 R L 5
A R LRI = o g IR X B R 4 2 A
i B U RE T ER M

WN18RR (Inductive) : J 1 WordNet, 34

T ZYORNIR) O Z (A | i) T SR A A E
T FB15k-237, H G R I A /D (HIE LA
L, FEVA AN 5 T SRR VLM A i iR
=T R TR MR R 1Y R R E5A

2.2 ELER

SRARAERT HE B2 AR Sk i 3 b 5L T il
YIERTE 75 B8 0 HIR B AN 4 5 AR 32, 41
B4 StAR™!, KNN-KGE"™' fl StATIK . H o,
StAR 3 12 45 14 14 58 SCAR 27 52 90 e 28U R TS
#h 4> s KNN-KGE 3 i3 55 37 4B 10 12 38 5 A5 780 X6 3
LSRG HERRAE 7 5 SATIK @il 5 SCOARTE YE RS
K45k (5 B, AR THR 903 50 F i #h 23508 . it
A AR SCHE— 5] A CMR (Base ) 4 Ry i xf e
% , H v query encoder I entity encoder 3 >k
BERT _base fit & .

2.3 FMrigtR

A SR B B 000 A 55 Hh AR AEPPAN FE B«

1) MRR (mean reciprocal rank ) , 1F i SZ A (1
I EVEHE A

2) Hits@N N=1,3, 10, IE 6 SSARHEZE Y N 44
1) )

A SE R 45 RS TE Filtered B2 & T EAT, BI7E
HEF B 50 B B H bR = o2l 4 CAFAE TR IR E
MERE =02 , DABR LR PTA R 2 O
2.4 KBWHEREHH

R T AT A TR O R AT RO Sz he
71, AR 3CHE FB15k-237-ind 55 WN18RR-ind W >
B ERMEM R 4R LT 17X LSS 3%
JETE T A PE e bs AR 1T B 405k, R )
SETEN B A g S LRI T ARAR
THEERAY CMR B R A M BRI 45, 780 50
UE T Z2 B8 FRTE A R AL 5 HEAIL ] 7 b 2
32 2R S A 55 v A PR [R50

M VAT LU, e D7 7 A PR 46 A
IR E] T H Ak (state of the art, SOTA)PERE .

£1 EXBAR
Table 1 Main experimental results
o FB15k-237-ind WNI18RR-ind
MRR Hits@1 Hits@3  Hits@10 MRR Hits@1 Hits@3  Hits@10

StAR 0.163 0.092 0.176 0.309 0.321 0.192 0. 381 0.576
kNN-KGE 0.198 0. 146 0.214 0.293 0.294 0.223 0.320 0.431
StATIK 0.224 0.143 0. 248 0. 381 0.516 0. 425 0.558 0. 690
CMR (Base) 0.371 0.269 0.418 0.567 0. 631 0.577 0. 644 0. 788
Ours 0. 384 0.303 0. 425 0.590 0. 648 0. 612 0. 658 0. 805

T A FOR G R
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£ FB15k-237-ind £ 4546 [, A b 5 SE
B CMR, A SCJ7 36 5230 T 4 1 Y M g 4 T
MRR M 0.371 35K % 0.384, Hits@10 M 0.567 34
K 2 0.590. X Fl g E 0y ek i ELIHY) T LLR
P

ZRSARAN 2 R AEIH N 5T,
KA UL R SR i T = S 42 AL A
RV Ty 7 HE G AR SOy vkl e g | A o 5 A
AL (VLM) (1) Z2 B RO p O = e gl E 17 44
9B, G SCTR AN T A5 BLR F Hits@3 M 0.418 42
TF20.425.

LLM K 4 Ak F HEXTHTiE SO X ) 3 B
Bt 5y 52 52 2% SCT LR Il R, A SO R LLM

HEATEHE . OB OR AR T T RO 7 R A
fdi15 Hits@1 E4%H 0.269 BRTH 2 0.303, JE L T 1%
SHR P14 31 4 2 e

7E WN18RR-ind H4ln £E I, A 305 1 [l A Jre
BT Radfd iz fLBE S MRR M 0.631 42 T &
0.648 , Hits@1 M| 1 0.577 i &1 & 0.612. X — 45
SRk — 2L Bk T ARG A B 0 2R R S
L HEAE ZR 7 AS [R) 45058 1R AT 45 v ) 3 3
SR
2.5 HRLLIE

R T IRARG AL A% A BAR DT, A
SCTE FB15k-237-ind 4l 46 b HEAT 1 TEAH 099 ml
SEH, SR AR AN 2 i

R2 HMLBER
Table 2 Ablation experiment results

FB15k-237-ind

AR AT : ) ;
MRR Hits@1 Hits@3 Hits@10

Ours(FE#E 17 0. 384 0.303 0. 425 0. 590

w/o VLM knowledge(F4Bk VLM HITH 45 ) 0.372 0.278 0. 402 0. 569

w/o LLM reranking(F [k LLM HHER L) 0.375 0.272 0. 408 0. 584

w/o KS retrieval({Xfifi FH ES 4 Jai ki %) 0.378 0.291 0.415 0.576

wi/o triple filtering(F 5% T HERT B9 = o4l id 1%) 0. 380 0.289 0. 420 0.588
SRR 2 AT AR H DL 2548 W ) A B3 SR R R A AR B2 T 4 B

VLM 34 58 i A %M (w/o VLM knowledge).  JFite.

AR VLM A= i 8 SEAR g5 i ik = e 2
SRS, MRR M 0.384 1 [% % 0.372, Hits@
10 130T A W I 1 K 7% (B 22 0.569). 3 5 £ b
HEBH T % 4 R ARSI AAR, R R B 1 75 A
TR HEA TR S AU ERD 702 2 T2 . VLM
il Z A FNEE R AR S T OGRS 5
R I BRI L2 2] B T RS R SE A

i R EHE A 2 (w/o LLM reranking). £%
Bk K E 5 A A R B (R IR Ak R 4l KNN A &R
HLHI ) 5 3% Hits@!1 48 #r B 0.303 & 3% T FE &
0.272. 3X 136 A R A e 4 18 SR AT R O T
B AR AT ) 5 S ] B LA S TR R v R £
J¥ i LLM S5 A5 58 i B SCHERERE ) L Ak
A RN B 13 SOORIR , 2] IE K2 B B ok 1
P25 , DI O 1 o7 T %) oA 1

= I E A A EPE (w/o triple filtering ). 52
o MELH], ISR AEDE A LLM 2Z R A 5 = Jodd
PEATAE S U8 |, Hits@3 P fE 4 H B/ T
(H1 0.425 [ %2 0.420). X UE B T 3 22 9 J6 G 1A
SRR B SO AT LLM 9 5] B 2
B ZE AR EIE T ARG R e g R

TR AF B 2% 1 A7 20PE (w/o KS retrieval). #
B KS Ji s A ke 2R e AR AR 2 T X i AR TR
2B I8 12 7 BE S , MRR B £ 0.378. PERE MY 4> T
R B EIE T R 4 50K R (KS) 5 2 5 #oR
i 2R (ES ) WU o W 0 1E A PR IE B T Dy s 256 X
A IR Fe A ) HA A AT A SR

3 4% w

ASCHR T 1R g5 A e R AL (VLM)
R A 5 RIE F AR B HER A g 2 A
A0 H S kb 42 HE 42 . FE FB15k-237-ind FlI
WNI18RR-ind i 4f £ |- Ay 5256 25 2 I I HESR
45 %] T SOTA PEfE . 78 FB15k-237-ind 1T: 55
o TR DT 0K MRR M 0.371 $2 7 % 0.384 ($2 7
3.5%) ,Hits@]1 5421 0.269 #2014 K % 0.303,
SEILT 12.6% MY PEREER T, B0k 1 AR A AR
7 THT Y LA RE T Rl S e i — 2D AIESE, VLM R
TR G o D A STAR B G5, AR TR
K& (Hits@10 #2 T+ 3.7% % 0.590) ; Ifii 47 A Aij &
1F U8 A LLM FHEAL ], 038 2 21 1 KNN KR Y
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