$49% 6 it & HL 2 i Vol. 49 No. 6
2026 4F 6 A CHINESE JOURNAL OF COMPUTERS Jun. 2026

ETXRESRENIZBIENERER
EEEHFIESR

hEy  #FH K I ox ET HAEA

VO A4 S s (P E R AR R S) BIE 230027)
CRBOCFI TR SEARSER A8 230039)

B E ARREERN 2 (knowledge graph completion. KGC) & 7E#E Wi #1311 & 1% (knowledge graph, KG) HHk 2k 14
g =Jod . BUA T RIEFHIA (large language model, LM (4 %013H 3% b4 B HE T 92 35 BRI 4 2l 2 46
A& H M o R ik PRSI S B et ORI e 3501 R 28 AR e b 5 220 32 T RGO T AU MU R0 o 200 T I 4 2
RCRAR R AN Token JHAERE R MY M it ASCHR L — b IR & FHEPHESE LHR-KGC , B 7E B R 4 b 1
TUEE MBI 5 LLM B B AMES 2 TN AR T @ U A AR B b a2 R . g SR T 25 R i 5 B
PRI A 3 B — AR G A XU B2 L T — AR A FHET AR S AS Rl A A PR R A B LM (9 % L 2
Beo EEXHEEPCR AT RS NS, BT T — e B 8 BB Tl A S5 A A B TRASAR B R LML B AT 552 00 1 A
HHF . IR REW L LHR-KGC RESTE 24~ TF B A A $2 T A i R P15 b2 A5 (0 HE 1 o s A4 ot )
PERE . FRTF A Wiki27K $cds 4 I, MRR AT Hits@1 845 A5 T 7 M 0 R B E R 258 2 5 T+ T 10.5 % Fl
13.1%6 s 7E FB15K-237-N&dla 4 b W20l $2 7+ 1 7.026 8.6 %0 Mehh il 18 24> LLM L AT 195286 ik — 20
ISUET LHR-KGC L6 A AR i 1R R b 2 A 780 T30 0 4% 53 T 1 2050 65 ek A P

KR HNRENE s MR E R 4 IR G R s KA S R R e
FEESES TPI1SI DOIS 10.11897/SP.J. 1016. 2026. 01442

A Lightweight Hybrid Re-Ranking Framework Based on Large
Language Models for Knowledge Graph Completion

CHEN Jian-Fang” SHAO Yu-Xuan” ZHANG Kai” LIU Qi” GAN Ao-Ran"”
V(State Key Laboratory of Cognitive Intelligence, University of Science and Technology of China, Hefei 230027)
?(School of Computer Science and Technology, Anhui University, Hefei 230039)

Abstract Knowledge graph completion (KGC) aims to infer missing factual triples in knowledge
graphs in order to improve their completeness and reliability for downstream knowledge-driven
applications. Existing KGC approaches can be broadly categorized according to their primary
sources of information into structure-based methods and text-based methods. Structure-based
models capture relational patterns through low-dimensional embeddings and demonstrate strong
capability in modeling graph structure, while text-based methods incorporate contextual semantic
information from textual descriptions to support reasoning. Despite their respective advantages,
both categories suffer from inherent limitations: structure-based approaches often face scalability

and generalization challenges due to computational complexity and uneven structural distributions,
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whereas text-based methods are highly dependent on the availability and quality of textual
descriptions and tend to exhibit unstable performance in sparse-relation or long-tail entity
scenarios. These limitations indicate that a single type of model is insufficient to fully address the
diverse reasoning requirements encountered in practical KGC tasks. Moreover, existing methods
commonly exhibit deficiencies in candidate entity ranking quality: although correct entities
frequently appear in candidate lists with sufficient coverage (e. g. , Top-10), they are often ranked
too low to be effectively utilized, resulting in poor accuracy at high-priority positions such as Top-1.
This mismatch between candidate coverage and ranking effectiveness significantly constrains the
practical utility of current KGC systems and motivates the exploration of post-processing
techniques for improving ranking quality. In recent years, large language models (LLLMs) have
demonstrated strong capabilities in semantic understanding, logical reasoning, and long-context
modeling, making them promising tools for enhancing candidate re-ranking. However, existing
LLM-based re-ranking approaches typically rely on fine-tuning or multi-turn interaction
strategies. Fine-tuning methods incur high training and deployment costs due to the large number
of model parameters, while multi-turn interaction methods avoid additional training overhead but
suffers from low inference efficiency and excessive token consumption, limiting its practicality.
To address these challenges, we propose a Lightweight Hybrid Re-ranking framework for
Knowledge Graph Completion (LHR-KGC), which is designed as a general, plug-and-play post-
processing module rather than a new KGC model. LHR-KGC leverages the complementary
strengths of local KGC models and LLI.LMs to optimize candidate entity ranking without additional
training. To enhance robustness and mitigate the risk of single-model failure, we introduce a
hybrid re-ranking strategy that dynamically fuses the ranking scores produced by local KGC
models and LILMs. In addition, to address efficiency and cost concerns, a lightweight interaction
interface is designed based on structured prompt templates, which enables effective re-ranking
through a single invocation of the LLLM and avoids the overhead associated with multi-round
interactions. Extensive experiments are conducted on multiple public benchmark datasets,
including Wiki27K and FB15K-237-N, to evaluate the effectiveness of the proposed framework.
The experimental results demonstrate that LHR-KGC consistently improves the ranking quality
and prediction performance of local KGC models across different evaluation metrics. Specifically,
on the Wiki27K dataset, the proposed framework improves the Mean Reciprocal Rank (MRR) and
Hits@]1 by 10. 5% and 13. 1%, respectively, compared with the corresponding local KGC model,
while on the FB15K-237-N dataset, improvements of 7.0% in MRR and 8.6% in Hits@1 are
achieved. Furthermore, experiments on multiple LLMs further verify the effectiveness,
robustness, and general applicability of LHR-KGC in optimizing the prediction results of local
KGC models.

Keywords knowledge graph; knowledge graph completion; hybrid re-ranking; large language

model; prompt learning
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You are provided with the following: Horpr, S KR FeF 2 A0 R 0 — 4, X B
- Head entity: “{head _entity}” Si TR A KGC A By 4 —4b 7085, FH Sivni s
- Relation: “{relation}” LI.M El/‘J Uﬂ*’p(ﬁj\ﬁ o ﬁ%é@%ﬁ%”ﬂ*{tj—(i& KGC
- Description of the head entity: TR BOR LM 2355y 2ﬂ% .
“{description_of_head _entity}” o worm norm
S inal — .S oca + 1 7 .S ]

- A list of candidate tail entities with ids and scores e ( fOZ? o (8
predicted by a local knowledge graph completion _[ TSz % ) IK J _
model: “{candidates with scores and ids}” /E\: EP X8 e[ 0,1 ]j\jzfiﬂﬁ KGC *j‘%ﬂ*ﬂiﬂgj ™ %g ’ M:fmxd‘
The score represents the probability that the candidate is A KGC A2 5 F 0 e Pk B 45 AR AR R 3R ik
correct. The higher the score, the higher the (B KGC R, SR)5 IR Sﬁ”a[ﬁﬁ:—]—} LA

Eazfk  likelihood. The local model’s performance is limited , E, =[ ¢, gl .. pfinad ] (9)
and the predif:ted ‘results rrilay not be entirely accurate. WA, LHIngGC $E;73é?,£’9; }ﬁ{aéiﬁl&% it 6
Use the provided information and your own knowledge - e e s o
to re-rank the candidate tail entities in descending order of X LLM #EA AR X B 30 , A T 3 o by
likelihood. N A o — R A5 F AR 2 Tl T LLM B R]
Return a JSON-formatted list of the candidate entity ids SR AR SR B HE AL . XA ZIE ATk T
in the new order. The list must be the same length PLR AR (D IR E@ﬁ/}ﬁﬂzlg . %R LM i

s th didate list and should onl in the ids. N I ey N e .
;SO; ee)(hcl:pl;ate ist and should only contain the ids B GPU YU i LHR-KGC HESLSZ 40 3h
lid 1,id 2, -] B Gad B, ol AT LR B PR32 BREFIF h k% 5 (2488
Do not include any additional text. RIGGE Y. BT AW A SECEH . LHR-KGC HE
You are provided with the following: ] A RO R 2R M B LLM . 7E GPT-4o-mini.
- Tail entity: “{tail_entity}” Qwen-plus. Qwen-max. DeepSeek-V 3 45 & I | ()
- Relarion: “felion)” S E T HIE AL ; (DB TR ). 45
- Deseripion ofthe tal ntity: il 4 73 TR R 6 WO LM 19 38 0 8L f
“{description_of _tail _entity}” P S ]
- A list of candidate head entities with ids and scores LHR-KGC ﬂiﬂt?{ﬁ%ﬁ? FIA IE]%J‘)E% i %ﬂ 1/\@15 I E
s < s and scores - . © e e e o

predicted by a local knowledge graph completion o WM R AT PR R e R s (DB . 5
model: “{candidates_with_scores_and _ids}” o LM P EHE T AR B BN A S5 AT
The score represents the probability that the candidate B R 22 , e e B ety s b R i e fafdtd: . 48
is correct. The higher the score, the higher the A, igﬁ”éfﬁ#%‘léﬁng LHR-KGC *Ej}é 25 —‘[E._}

S.szfk  likelihood. The local model's performance is limited ,

and the predicted results may not be entirely accurate.
Use the provided information and your own knowledge
to re-rank the candidate head entities in descending
order of likelihood.

Return a JSON-formatted list of the candidate entity ids
in the new order. The list must be the same length as
the candidate list and should only contain the ids. For
example:

[id 1,id_2, ---]

Do not include any additional text.

TG I BRPE A3 1 RUBE 22 5, 43 0 A
KGCHERITEr S, FTLLM 343 S, F2JiE Min-Max
H—Ak:

Sl — min ( Socat )

max (S, )— min ( Stoeat)

norm —
local

(6)

B Ty R W B LI A e SR ERE AL B T 4 A
4.5 EZRMEB

LHR-KGC HEZRYE KGC AT 55 JR 30 H B4
SEERME  HAR R T RERE QT

(DIETHIMNZRA PSR BLRE T ARFEIE R 2]
{20, LHR-KGC HEZE ] DL 2 54T B AN KGC FY
A, SCHRED RS AR AR (b R e i A 5

(2) Bt 1 HE P 4l R 1 8 80% - S5 A A B 7R 1]
A A o HE 7 ik B B8 AE — R APT IR I b 58 B, 98
T A FRAC A ORI IEIR L AR T T RS
A= P 5

(D) IR A HEME ()RR EE 0N M R« M L 25
i KGC #1715 LLM /9 i 75 43 » LHR-KGC HE 42
REAE A2 AN [R5 A [ HEBR A5 00  ORrfee H—
A PERER 25 5
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(D ZWIERCRE S 50T M . LHR-KGC #E
PRV Ry 50 A TR, AU R AR, 1T [ B
FEBOA R A b KGC #2734 5 LM, LU Bl 2 F 19
155 50 .

5 SLIEE

5.1 #HiE&E

ARISCHEH T = A A TR R A THEREVEAL 3
W2 . Wiki27K™  FB15K-237-N""H1 Wikidata5M™” ,
BHR RN TEM G E B R 2R . 5 Wiki27K Al
FB15K-237-N #f Lt , Wikidata5M (i 22 K15 2 .
HLRR U, Wiki27K Bl 42k U5 T Wikidata, 275K
2. 7T HATARF 62 P FR . FBI5K-237-N %4
4672 M FBISK-237" H B bR 6 K A 19 I 56 R
JEASEN) AL R 1 3T AR 93 F e &R . M
b2 F . Wikidata5M £ 85 524 Wikidata HITH B 5
YL E RS AL B EE T U 500 7 AN SE AR R K 2
2000 A~ =J0d . X EHEAE Al A SE iR e R
ISR A 1) SCA R B R R Ho FB15K-237-N
1 Wiki27K $4 4 5k [ PKGC™, Wikidata5M %i &
£ HTKGTS,

R2 HEEFIHER

Btk SR ORFR NLE Birg g
FBI5SK-237-N 13,104 93 87,282 7,041 8.226
Wiki27K 27,122 62 74,793 10,121 10,122
Wikidata5M 4,594,485 822 20,614,279 5,163 5,133

5.2 EfHIER

R T AP HEAL AR, A SCR A T U AP R
B PEAT G bR - - X3 BCHE 45 (MRRO Fil Hits@k, H
ke{1,3,10 . MRR T & Ik = o4 iy 1R A 52

AT fig 3 0N ST A v HE 4% (818504 ST 244 it Hits@k
FERTEHT A5 5 i AL 1 6 W0 SER e, 7
A AR 7 1) 2 B, A b KGO R (4 F00 235 TR 2 i
I Y8 R S AR AR B AR TR SR LA AR T
SERMA R . EHIHEZ ISR LR R AE
BIHE 05 1 DLk o i S PR 45 SR . T e bR
FECTTPE R BRI % B HEP B R v
P T LA H PR SEAR Z AN A B DT DR IE A
SEIRLBMERYE . AN MR AT T AR SIS T
Sk S A I S AR TR 5 A 1) -S40
5.3 LA

JUAG A S R B LHR-KGC HESR AT D F 4%
A HE KGC B AN LLM {2 TS0 bR i S5 & B
e S 1k FHEL & s A FLRE 7 AR KGC Y, PR R
A v P BE B AR b KGC R4 $2 THVE I A B 1A
TP IE B . LRI LHR-KGC HE4Lfifi
FH KGC-ERC™E I A M KGC AL, iz A7 (1) 4
PAE TR A AU AL & ZF0 1T SUF B IF AR
SR ) HE R RE 7 L 76 Y H A SR LB A L HRAS T
FIPERER B . 7F LLM Mk $8 I, 28 A % i Al 4
SR DN 5055 2 TR &R Ak
GPT-40-mini"™ | DeepSeek-v3"" . Qwen-plus ' il
Qwen-max"™* PUEH H R, KGC-ERC B2 %L
WE S R SRR B, kR B
Ke{10,15,20 ). R EAMN{0.1,0.2,--+,0.7}
R AR 2B a M {0.0,0.1, -, 1.0 ik $.
7 S UE AR AT 4 T EL A0 AR I & 1
T —RIBSE R R B B 3R .
LLM 28035 i B 7 BOA & AR 1T 5l
$ L DU PR SE G B SR AT A2 B0 . R TR
FEFITAT S0 P R4 — 2, DU IE LHR-KGC ZEAS [
BEHRIZH A 1A S e

x3 REBSH

e Wiki27K FB15K-237-N Wikidata5M
A
a A K a A K a A K
LHR-KGC (GPT-40-mini) 0.5 0.3 20 0.6 0.3 20 0.8 0.4 20
LHR-KGC (Qwen-plus) 0.5 0.6 20 0.6 0.2 20 0.7 0.4 20
LHR-KGC (Qwen-max) 0.6 0.4 20 0.5 0.2 20 0.6 0.4 20
LHR-KGC (DeepSeek-v3) 0.4 0.4 20 0.5 0.3 20 0.7 0.4 20

6 EWHERSHH

6.1 FEEER
Xt T Wiki27K fl FB15K-237-N 5 e 4 , e 5

PUF JURp L LR BRI HE AT oA . (D L F S5 10 5 1%
£335 TransE.ConvE . TuckER #1 RotatE . (2) %&£+ 3¢
A By FE A, i1 KG-BERT. LP-RP-RR. PKGC.
VKGC FIKGC-ERC. Xf T Wikidata5M %4l 4 . %
25 DN LR LAY AT L3 . (D BT A5 1 7
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L
&

Eitd 2026 4F

% . 41 45 TransE. DistMult. SimplE . RotatE . QuatE
Al ComplEx. (2) 3T A M J7 %, f1 45 KEPLER.
KGT5. ReSKGC . KGT5-context, SImKGC . SKG-
KGC.KnowC Fl KGC-ERC, H:H KGT5.ReSKGC .
KGT5-context YA & KGC-ERC #4 LA A= 1l 2818 75 A
RIVE ]y HAZ OB, S BEILZR AT RINA 55 T AL S 3L
T A A Y 7 12 B dRoR 1Y AR il H AL, O LHR-
KGC 4t T —A> B A PR NE ) e 5L 1

6.2 FEHER

1£ Wiki27K \FB15K-237-N 1 Wikidata5M %3
£ LIRSS R R AR S Pin. LIS
TH I B LHR-KGC 78 T A i a2 i 5 45 145
Jie BRI O T e R B A M RE L B T A i Y
MRR . Hits@1 F1 Hits@3 , %} F A4 KGC A KGC-
ERC BB KHPERER T . 7EZ2 A LLM [y
IS AE AR T LHR-KGC B 30M: Fa e M DL &
i I

F 4 TEWIKi27TK FAFB15K-237-N B & _F I HRE L5 R

- Wiki27K FB15K-237-N
MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

ST S5 7
TransE™* 0.155 0.032 0.228 0.378 0.255 0.152 0.301 0.459
ConvE ™ 0.226 0.164 0.244 0. 354 0.273 0.192 0.305 0.429
TuckER* 0.249 0.185 0. 269 0. 385 0. 309 0. 227 0. 340 0. 474
RotatE" 0.216 0.123 0. 256 0. 394 0.279 0.177 0. 320 0. 481

BT SCAR I 1
KG-BERT™x 0.192 0.119 0.219 0. 352 0.203 0.139 0.201 0. 403
LP-RP-RR™ 0.217 0.138 0.235 0.379 0.248 0.155 0.256 0.436
PKGC™ 0. 285 0. 230 0. 305 0.409 0.332 0.261 0. 346 0.487
VKGCH 0.296 0.241 0. 320 0. 422 0.338 0. 266 0. 369 0. 489
KGC-ERCH 0. 305 0. 267 0.322 0.381 0.343 0. 280 0.375 0. 465
LHR-KGC (GPT-40-mini) 0.322 0.284 0.344 0.393 0. 362 0.301 0.395 0.475
LHR-KGC (Qwen-plus) 0.334 0.297 0. 357 0. 400 0. 367 0.303 0. 407 0. 484
LHR-KGC (Qwen-max) 0.333 0.296 0.354 0. 400 0. 367 0. 304 0.403 0. 484
LHR-KGC (DeepSeek-v3) 0.337 0. 302 0. 357 0.399 0.365 0.303 0. 400 0. 480

T PSR SR 25 SR 11 PRGC™, FUA A5 558 11 % 10 SCHR » e P 25 AL R L IR DR SR R4k s .

TEFBA /N AE Wiki27K I FB15K-237-N
i, LHR-KGC B3 T B e T, BRim 5 .
1E Wiki27K £ 4E I, LHR-KGC (DeepSeek-v3) X
547 B i MRR (B 0. 337 Fl Hits@1 {15 0. 302, FH%%
T H KGC B KGC-ERC,MRR#£F+ T 10. 5%,
Hits@1#2£7} 7 13.1%. 7 FB15K-237-N&dis: |-,
LHR-KGC (Qwen-plus) fil LHR-KGC (Qwen-max)
PIHUS T B 9 MRR(H 0. 367, AHAL T A 1l KGC
REFRUAY 0. 343, $ETHIR AR 2] 7. 0% . Hits@1 F5 bR M
A KGC AR 0. 280 42 7+ % 0. 303 A1 0. 304, 4
THEC A 8. 206 F1 8. 6%, XL R K], LHR-
KGC HEZE 2 98 47 20 A FH LLM X 4% i KGC £ A4
FR) TR 2485 SR R A 10 A o AR 7 L) 0 ) 2 g e 52 A
AIHEF s AT EE T KGC PR

16 R IR 4 Wikidata5M 71, LHR-KGC #&
IH & 7 f2 o B b 89 % g % 3, LHR-KGC
(DeepSeek-v3) MU 1% T #% & 1Y MRR {H 0. 436 FI

Hits@1 A 0. 416, X245 K g — P 5 Uk T LHR-
KGC HESRAE KRB 4 F AR . (EAREE
1) 42 » LHR-KGC HE 42 7E 94~ AN [6] (1 LLM (GPT -
4o-mini Qwen-plus.Qwen-max Fl DeepSeek-v3) |-
BRI £, X SR AE AL H A R A 38 M AR
EPEL RS 5 NE Y LLM A 5045 4, 52 90 % 7 1
KGC RV FUm 45 R4k .

AR A, LHR-KGC HEARFE L fb A Hb KGC AR
TR 25 SR Ty 0 St R o P AR o X HE SR A B
LLM 58 K 0915 g 5 3% 584 B EE T, X A Hh
KGC BRI A Bl i) A 18 ARG SR AT EHET , A — 22
TR b B WO AR e S R DL
Wiki27K %4 45 J 1) . A KGC A KGC-ERC f)
MRR #1 Hits@1 4351 0. 305 1 0. 267, 22 LHR-KGC
A G 3R TF 22 0337 F10. 302, 32 THiE 24351134 10. 5%
13, 1% KR/ /R T LHR-KGCHEZE7E
Ak b KGC AR 45 5 1 11 58 K R
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%5 7 WikidataSM _EHERELL B B R

R MRR Hits@1 Hits@3 Hits@10
FET LR Ik
TransE* 0.253 0.170  0.311  0.392
DistMult* 0.253  0.209 0.278  0.344
SimplE* 0.296  0.252 0.317  0.377
RotatE* 0.290  0.234 0.322  0.390
QuatE* 0.276  0.227 0.301  0.359
ComplEx#+ 0.308 0.255 - 0.398
E S @ NUPIR7S
KEPLER 0.210  0.173  0.224  0.277
KGT5 0.300  0.267 0.318  0.365
ReSKGC 0.363 0.33¢ 0.38  0.416
SImKGC 0.358 0.313  0.376  0.441
SKG-KGC 0.366  0.323 0.382  0.446
KGT5-context 0.426  0.406  0.440  0.460
KnowC 0.426  0.373  0.447  0.525
KGC-ERC 0.433  0.412  0.448  0.467

LHR-KGC (GPT-4o-mini) 0.434  0.414  0.450  0.466
LHR-KGC (Qwen-plus) ~ 0.435  0.415 0.450  0.467
LHR-KGC (Qwen-max) ~ 0.434  0.413  0.452  0.468

LHR-KGC (DeepSeek-v3) 0.436  0.416 0.451  0.467

TE 5 R BRI S5 K 11 Graphvite™ R {3 (1) Jr CE BT A0 1
5 T S 45 0k B SCRRL46 ] HAB S Sk 1 %) BE SCRK .
FAARMMLIR  RARE RN T RIS .

AR AR E LLMAE LHR-KGC HEZE R 1y Sz g 45
SREL SRS SERAE R LHR-KGC 7E

== [ HR-KGC(GPT-40-mini) == LHR-KGC(Qwen-plus)

MRR Performance

GPT-4o-mini, Qwen-plus. Qwen-max £l DeepSeek-v3
PUAS LLM _ESHUS T R Re , H4a X $5fE - 22
SR/ X R IIZAHEAIEAE R gk A — > LLM,
MRS 2R LLM A S G . #lin, 7F FB15K-
237-N %4 4 |, LHR-KGC (Qwen-plus) Hl LHR-
KGC(Qwen-max) ¥JHA5 T fz = 1 MRR { 0. 367,
M 2% ;M % 2 1 LHR-KGC (GPT-4o0-mini) {¥ 1%
0. 005, =& fF Hits@1 12557 5 45/NE 0. 003, X
FhiS e M e KRB B 48 WikidataS5M [l #E 2 3%
P 2 B ARG B — 2D 0k T HE AL A4 38 I S AR
FEME . 7E YA S R AR (MRR. Hits@1 , Hits@3 .
Hits@10) I, R [A] LLM BPERE 2 BLAE 7 42301 L iX 78
EULS B T IZHEA AN A LLM (3 2844

25 Lk, A THVEASG B SEge 5 R W R 1
LHR-KGC HE 4L 7E K 2 K0 vF Al 7 57 b 19 18 35 5%
PE o TCIR SR AE /D BUEHE 4R 0 2 R ARG 4R I
LHR-KGC HEZ2 ) REA 3% b A1) F LLM XA s KGC
ARETRY (0 R0 235 SR A T Ak 5 DA T S AT R ) M i 4
Tho MAMZHERAEARTF LLM FRYFE R H
FESERR N FH A Tz 8 R T O
6.3 BRAEEHFEAESH

SRR SENTIR A BT SR P Re AL A AT
T Wiki27K %5 9 5 X5 A b KGC #58 A (KGC-
ERC)5 LLM(GPT-40-mini) i Top-1 T 5 5 it

== LHR-KGC(Qwen-max) == [ HR-KGC(DeepSeek-v3)
Hits@]1 Performance

0.434 0.435 0.434 0.436

0.362 0367 0.367 0365
0.334 (3330337

Wiki27K FBI5K-237-N  WikidataSM

Hits@3 Performance

0414 0.4150.413 0416

0.2970.2960.302  0.3010.303 0.3040.303

Wiki27K FB15K-237-N  WikidataSM

Hits@10 Performance

0.4500.4500.452 0451
0.4070.403 ( 400

0.3570.354 0.357

Wiki27K

FB15K-237-N  WikidataSM

047504880383 0480 000467

L 0.393 0:4000.400 0399

Wiki27K

FBI15K-237-N  WikidataSM

K 2 LHR-KGC i A [E LLM B2 REXT L% i
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L
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Eitd 2026 4F

FrXF b Ak 3 o i i 45 BB Al AL i s
T PR T 53 AR

AT T R
A AT BT+
L AREA: 20,244
wAH AR R HER % s 26.72%

9 4971 701 WRERMERA: 28.12%
(2:17%)  (24.56%)  (3.56%)mifi5: 91.89% (HL[AIIEMyAHBIER)
AR A 3.56%
mAR MR AR 2.17%

K3 Wiki27KZdE 4 Top-1 TN E #2434
VE Lo T R = e 20 500 (20, 244) , 49 B Sk R SEAR TIAT
550 A KGC B TR 1E A 5410 51, 244 1E A 439 451 LLM F5 1F
1 5692 1 , AT 1A 721 491 5 5 3 S [ IE A 4971 1]

6.3.1 TIEA T

(DA # KGC #5785 LLM 3 [5] 3 0 1F 7 1)
= IC AL 4,971 B, AR M KGC 55 R 1E By 700 A
91.89%;

(2)LLM A7 i 1E 8 fi ) 721 5], s D4 1E 1
A KGC LAY 3. 56 % 1 T i 22 5

(3) 7 Hi KGC A5 78 b A7 A9 1 B 00 439 431 £
BT LLMistis 2. 17 % IEME %R,
6.3.2  HAMAENLT BT

RS AR T PR AT BE A TR A, X
— G AE ARG A Bridie . A SL g R
Tk S BT RS A M NEHLH B 5 2
ST AT ANLATE #A B2 R4 T 2L

(DA b KGC B AL 51 I R R 45
FAPEAR L TR 10 R L P 3 B A i iy A =
THHEae 7

(2)LLM HA B 5 1 H R & 518
FHAE ST TEACPEAT 1 SOOI T R A AR b KGC A5
BRI IE

PRt o VR HLHE T SRS A S g rh R AR L W]
REE T P AU AR [ BRI E A B AME . 7R %L
T8 PR IR R T T SR S I A HET i lE
FH A 1 S50 IR B
6.3.3 SO TTHLE

TRA RN 11 S5 o S B AR 4L -

(1) 24 LLM 42 (58 38 SIEHa i s B o i R H:
5T

(2) 5 LLM 52 SCAR T T HEET . 325 o e+
A KGC B AR E 1

B S HLHE LHR-KGC 7882 2437 5 b 4
PR BRI 5, XY LLM Bl = Hr e TR E 3 i 45
S ATV 45 08 o P A i e s 4
6.4 HEALIS S

R TR A T A LB R T IR A g 1Y
B PIB , AR 7 30 3 91 i S 6 A 6 U A% 4 7 1) 5K
PRTTHR . MIGAIE LHR-KGC HESE rh 4% S 520 1R 1 b
BV BT Rl S50 L 2 R

(D Local Model Only : 24§ (W fiff A< b KGC 5
I KGC-ERC P17 S AT 5

(2)LLM Re-ranking : J& 4§ fifi Fl LLM P4 % A4
i KGC AL #0285 SR k17 FHHE P, R LALLM (1)
i AR R B 2

(3) Hybrid Re-ranking: J& f& 73 51| >k H A< #h
KGC BRI T 25 5 5 LLM SEHE P45 S TR A &
HEF .

S 25 RN 6 FrR N R AC E 7R A5 BE A
(125 AL T IE 7R THEZR & AP IPE R

xo6 HMIBER

Wiki27K FB15K-237-N  Wikidata5M
MRR Hits@l MRR Hits@l MRR Hits@1
0.305 0.267 0.343 0.280 0.433 0.412

[

Local Model Only
LLM Re-ranking

GPT-40-mini  0.321 0.281 0.360 0.298 0.427 0.401
Qwen-plus 0.333 0.296 0.357 0.289 0.431 0.408
Qwen-max 0.330 0.293 0.361 0.299 0.428 0.403
DeepSeck-v3  0.336 0.301 0.361 0.299 0.432 0.410
Hybrid Re-ranking
GPT-4o-mini  0.322 0.284 0.362 0.301 0.434 0.414
Qwen-plus 0.334 0.297 0.367 0.303 0.435 0.415
Qwen-max 0.333 0.296 0.367 0.304 0.434 0.413
DeepSeek-v3  0.337 0.302 0.365 0.303 0.436 0.416

 : 55— 41 Local Model Only 278 (U FH A b KGC By 25 5
%5 4 LLM Re-ranking 2/~ B3 F LLM 5 HE ¥ )5 19 245 21
%5 =4 Hybrid Re-ranking 75 i ]l LLM 574 s KGC # R145 & )5
HR G EHP AR . R R REE R RN

1E Wiki27K 1 FB15K-237-N 54 4E | . AL fi
FHZ L KGC BR300 H LLM B HEF . 5 2R
AEEFHEE . 2B BEYS. 7
FB15K-237-N 1, A& KGC BRI MRR 4 0. 343,
LLM & #E ¥ (Qwen-max) 42 7 2 0. 361, 1R & = 4k
¥ (Qwen-max) #F— 42 5 21 0. 367 ; Hits@1 #5453 M
A Hh KGC #AIAY 0. 280, 22 LLM # HEF (41 Qwen-
max) £ 7+ %) 0. 299, 1R & E| HF F (Qwen-max) ik F|
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0.304, 7 Wiki27K Zdli e b AR pEH . X —
MG R, 51 LLM 647 B HE 7 2 A 200, BRI 7
— B FO A KGC BRI 25 5. TR A &
HE 7 0 A e B b 2 — 2B BT AR L o R
I

£ Wikidata5M £i4 4 |, 52 30 580 6 508
SRR IS, E R LLM #5475 HE 7 A 45 51 5
BAMAM KGC A, Hrh R AR LLM 5k
J¥ (DeepSeek-v3) i) MRR A 0. 432, B % T 7
KGC A 0. 433 Hits@1 2k 0. 410, [F]FERE AL T4
i KGC BB 0. 412, SR . ok IR & & HE 5
Jo s A e bR B8 B me AR 4 R B IR A EHET
(DeepSeek-v3) ) MRR 4 0. 436, Hits@1 4 0. 416,
B TAR M KGC AL, 3 R W Bl LLM IR
—ERE AL A KGC AR A I . SR, 4R
FIRA EHET R, PR B SR T 383 T i
oK X —45 ™ i TR A EHE AR s (0 2
P, HORUREAS 254 A KGC AR A LLM B4 3,
T BEAT R AT B — B 78 2 0 UG B0 P A6 AN TR K
PELE DR RESR IS AR HAR S M RE

g5 L RTIR I Rl S A5 A M uE W] T LHR-
KGCHEZR &l (B . LM By i Tt
PEREFRAE T8 B ad A% L i TR A T HE P 2 —Fh
A SEFIA R 7k  HOAUAEPERE 0T 5
A KGC AR R 5 LM . i fi 0% 43 415 AS [5) 50305 45 11
B RIG A A KGC R LLM A9 35, S2 8
FoE I PERER IR . X —HEAR IR T ANGE T 2 5L
P AR L 0 i e PR — AR AR 52 = 55 1 Jm PR 42
HET AT T %
6.5 BEEHFRBHNSRESERLRSH

FE TR 5256 25 L 5 s B b AR SCE BIE T
LHR-KGC HEZLTE Z2 84 52 FAN 6] LLM L & T
PIREARA B . SR AU Z M REFR B 1 2 1A
B UAA T 2R A S HET SRR AE A R S5 N AT R
SFAE B HAE VI . ST, AT DAL 2 T X TR
A T HE T R AR SR L3 i 5 DA R R O
B e AT HE— 25400 LIS Jr vk W AE TAERL
il i L
6.5.1 @lAAE U BT

LHR-KGC R HIE A FEHETF KM, X A KGC
MERIAS > 5 LM S HE P45 R AT Al & . 15K
W A% O A T e AR S B 5 R A B 5 1 S
fIE 7 22 1) OSSP, DA T i 20 R £ 1 S0 HE 7 45
Ho IO T 5 mhas 5T LOW S S fil A A E

FEAEXTPE RS TH S LR s i, T2 A — 2 X | P 3R
B AR XA A3 25 R

24 Rl A A T o i 1) AR b KGC AR AU I, e 2k
JPah R FELZ MR T IR AR W 45 F R e T HELL A
O3 RAE LLM P 2% i AR ER AN 2 OG22 By T 11
e s MR » AR 3o B i 1) LML, B R3S 431
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Background

Knowledge graph completion (KGC) is a fundamental
research problem in the field of knowledge engineering and
artificial intelligence, aiming to infer missing factual triples in
incomplete knowledge graphs. Knowledge graphs provide
structured semantic representations of real-world entities and
relations, and have been widely adopted in a variety of
downstream  applications,  including intelligent  question
answering, recommendation systems, and semantic search.
However, due to limitations in data acquisition, integration, and
continuous updating, most real-world knowledge graphs
inevitably suffer from incompleteness, which significantly restricts
their practical utility. As a result, improving the quality and
reliability of knowledge graph completion remains an important
and challenging research topic.

Existing KGC approaches have achieved substantial progress
at the international level. Structure—based methods model entities
and relations through low—dimensional embeddings and effectively
capture graph structural patterns, while text-based methods
incorporate  contextual ~semantic information from  textual
descriptions to enhance reasoning capability. In recent years,
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semantic understanding and reasoning abilities, motivating
researchers to explore their potential for knowledge graph
completion and related tasks. Despite these advances, current
methods still face notable limitations. In particular, many models
exhibit insufficient ranking accuracy at top positions, where
correct entities are often present in candidate lists but fail to be
ranked highly enough to be effectively utilized. Moreover,
Existing LLM-based solutions frequently rely on model fine-
tuning or multi-step interactions, leading to high computational
cost, limited deployability, and reduced efficiency in practical
scenarios.

This work addresses the above challenges by focusing on the
post—processing stage of knowledge graph completion. Instead of
designing a new KGC model, the proposed research aims to
improve the prediction quality of existing models through a
lightweight hybrid re-ranking framework. By integrating the
complementary strengths of local KGC models and large language
models, the proposed approach enhances candidate ranking
without introducing additional training procedures or modifying
model parameters. As demonstrated in the experimental results,

this framework consistently improves ranking performance and
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robustness across multiple datasets and large language models,
while maintaining low computational overhead.

The research presented in this paper is conducted under
related

to

projects and

intelligent  knowledge processing
knowledge—driven artificial intelligence systems. These projects
aim to enhance the reliability, efficiency, and scalability of

knowledge—based technologies in real-world applications.

The significance of this work lies in providing a practical and
deployable solution for improving knowledge graph completion
systems. By offering a general, lightweight, and training—free re—
ranking framework, this study contributes to bridging the gap
between advanced language models and existing KGC systems,
facilitating their effective integration in large-scale and resource-

constrained application scenarios.



