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Abstract: Aiming at the problems that the knowledge graph completion method based on Transformer
as the backbone network, included parameter redundancy in feed-forward networks, difficulties in
identifying tail entities under commonsense scenarios, and embedding biases in contrastive learning,
we proposed an adapter-enhanced knowledge graph completion algorithm that integrated large
language models with multi-positive sample contrastive learning. The algorithm reduced redundant
features by introducing multi-head adapters in feed-forward network, and utilized large language
models to enhance commonsense reasoning ability. At the same time, it corrected embedding biases
through multi-positive sample contrastive learning. Experimental results show that, compared to the
current state-of-the-art models, the algorithm improves MRR by 5.4% and 9.2% on WN18RR and
FB15k-237 datasets, respectively, and by 3.6% and 6.7% in transductive and inductive settings on
the more complex Wikidata5M dataset, respectively, and demonstrates superior generalization ability

under low-resource and complex scenarios.
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Fig. 1 Architecture of AdpKGC model
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2.1 HEEMITEONIER

A5 Bk 3 FB15k-237"1, WN18RR" 1 Wikidata5 M ™" i 4 4~ %5 4f 55 1 il 455 70 Y 4 6.
TLHHE T £ EIRENHE R, B4 FB16k-237 3k [ Freebase”, 4 & £ 15 000 M52k 1 237 4
FE, Mt 310 116 D=0, HiESE WNISRR M F WordNetP??, 2845 41 000 4~52& 0 11 2%
., 493 003 P =Iod. X WECE AR LB 1R AG B A FBISK A1 WINIS Hr ity aifi [n] 5C &, £dli 4R
Wikidata5M W) DL H KRB EFR, SRUEETHR R RMIHAMWFAKE, X2 RG R ZEREETYH
480 AR A 822 KR, BT 2 120 HA-=Judl. ¥ U0 B2 50X O A U8 i e 2, i A
ZALE R R 1 A2 ) WA, BRI AR B B SR s B A SR R b, W H g B R AR E )
BEIZ AL B R UL 3o ity 397 B 2 20, B2 0 0 5 i o 8 280 ) o 0 3 A 3 22 i 5 4 R L ot

1 BHEENER

Table 1 Information of each dataset

LS RS S KEK LEFS LgT S k5
WNI8RR 40 943 11 86 835 3 034 3134
FB15k-237 14 541 237 272 115 17 535 20 466

Wikidata5M-Trans 4594 485 822 20 614 279 5163 5133
Wikidata5M-Ind 4579 609 822 20 196 514 6 699 6 894

VAR A A AE A B R A A S P IR R AN SR AT 4 AT A FE AR, TR IR IR E T
HEAFMA, X S48 654045 MRR, Hit@1, Hit@3 1 Hit@10. MRR 2 IF i 52 (8 $0CHE 4 10 - 2918, 25
A W T SIS HE 44 B 1 Hit@ 1, Hit@ 3 f Hit@ 10 43 51 8 & SC ik BB rEmr 1 4.
i 3 44 FTAT 10 24 T 45 R A i L. 4% SCR F X BERT-base-uncased {F 4 4% #5 , 1] &4 Bk 768,
KK N 512, HMEH AdamW RALZRIEATUIZE, 222 RIEE R 5X107 ~1077, itk K/h R 1024,
TS % 0.05, Margin iy 0. 02, ¥ GPT-4o 58 K1k 5 B,

2.2 EFxIg

T AT AdpKGC BERITE 4 A FITR S b2 AT 55 % T i 83 22 WNI8RR, FB15k-237, Wikidata5M-
Trans il Wikidata5M-Ind L /) P 8 5 L 26 7 Wk dE A7 % e 2r . 3% 2 F0 M 7 OK [A) B 78 7 S04 46
WNI8RR #l FBI15k-237 RS ge45 . Mk 2 A DL, #dlE 4 WNISRR 3 B4 iR 18] 1 Z [A] ) J2 IR G
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R, R BARE T, BT SR IEERRIL TR T A MYk, 1 AdpKGC #E AU 7E BT A AL b P e i
f£. AdpKGC Bi#I7E MRR F#Eat THEA S =19 SImKGC B8 5. 4%, 7 Hit@1, Hit@3 F1 Hit@10
LA AR T 8.200,3. 200 2. 2040, BHEAE FBISk-237 (MR RGN, A ZBHEE T, ETEiH
1 RS . A AdpKGC BEALE R | i A R AL, £ MRR 155 7 9.2% . £ Hit@1, Hit@3
M Hit@10 EARE T 12.0%,7. 2%/ 1.5%. SEEZREN, AdpKGC BLRLA A58 £/ BT E
TEM e AR F YRR, MR IE T AdpKGC #7875 515 [ 35 kb 4T 45 v 1 o5 e 1 15 25 T

RS ulF
K2 A REBEEEE WNISRR 1 FB15k-237 LRI HE R
Table 2 Experimental results of different models on WN18RR and FB15k-237 datasets %
. " WNI18RR FB15k-237
Zha Riidat MRR Hit@1 Hit@3  Hit@10 MRR Hit@1 Hit@3  Hit@10
KT 4E R TranskE 24.3 4.3 44.1 53.2 27.9 19.8 37.6 44.1
ComplEX 44.9 40.9 46. 9 53.0 27.8 19.4 29.7 45.0
RotatE 47.6 42. 8 49.2 57.1 33.8 24.1 37.5 53.3
DistMult 44,4 41.2 47. 0 50. 4 28.1 19.9 30.1 44.6
SEPA 48.1 44.1 49.6 56. 2 33.2 24.3 36.3 50.9
HF R KG-BERT 21.6 4.1 30.2 52.4 — — — 42.0
MTL-KGC 33.1 20.3 38.3 59.7 26.7 17.2 29.8 15. 8
StAR 40.1 24.3 49.1 70.9 29.6 20.5 32.2 48. 2
GenKGC — 28.7 40. 3 53.5 19.2 35.5 43.9
SimKGC 66. 6 58.7 71.7 80.0 33.6 24.9 36.2 51.1
AdpKGC 70.2 63.5 74.0 81.8 36.9 27.9 40. 3 54.1

FE R4 Wikidata5M [ PIFR B T, AdpKGC B[R LGS T i e, 26 3 30 1 A [ 1 1
1EBE 4 Wikidata5M - Trans fl FB15k Wikidata5M Ind P SCEe45 5. ME 3 W W, EE SR E D,
AdpKGC BRI 7E MRR b i iF i B8 B0 3. 6%, 78 Hit@1, Hit@3 M Hit@10 F 4y J38 5 T
4.8%,3. 7% 0.9%. FEARTEARTIR &M PR E Y, AdpKGC BEAI7E MRR 855 7 6. 7%,
£ Hit@1, Hit@3 Fl Hit@10 FAH4Em T 9.9%,6. 2% F1 5. 6%. SLIZ5 R RER T AdpKGC B Y

Bz RE
xR 3 A EEBELHIELE WikidataSM-Trans 1 FB15k-WikidataSM-Ind F SR & R
Table 3 Experimental results of different models on WikidataSM-Trans and WikidataSM-Ind datasets %
- o 2 i 3 Wikidata5M-Trans Wikidata5M-Ind
MRR Hit@1 Hit@3  Hit@10 MRR Hit@1 Hit@3  Hit@10

P | TransE 25.3 17.0 31.1 39.2 — — — —

RotatE 29.0 23.4 32.2 39.0 — — — —
FF A DKPL 16.0 12.0 18.1 22.9 23.1 5.9 32.0 54.6
KEPLER 21.0 17.3 22.4 27.7 40. 2 22.2 51.4 73.0
BLP-ComplEX — — — — 48.9 26.2 66. 4 87.7
BLP-SimplW — — — — 49. 3 28.9 63.9 86. 6
SimKGC 35.8 31.3 37.6 44.1 71.4 60.9 78.5 78.5
AdpKGC 37.1 32.8 39.0 44.5 76.2 66.9 83.4 92.6

2.3 HEAXI

JBE AdpKGC BER) & B BTHlR . 28U 4R D HETT Il Se 80, 45 R TR 4 AR 4 0
W, Bfr MH @& Bids 2 9 80E MRR TR L 2 A4 MM EEEE HiY Hit@l 435 T % 0.8 A 4
ST AR R MH &R 5] AT SR TR PR RE 2 50 2, AR JCHE Dy 1 B A AT 55
2B, [RIEHAR B FEN s 325 0 SCRTR. BEAh, 40K MH IS B 25 19 07 B A0 ) 2% 2 08 9% &
R NII)ZN, BRI EEE R R, W2 T MH B A S FEN PMER E 2. A SCHE 3
PR RS ORI B R HE IR, FE B 4 WNISRR 7, MRR #1 Hit@1 BT FE 1 0.5 F4r . 7E
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Wi 4 FB15k-237 |, MRR A Hit@1 409 FFET 1.3 [4850R 1.5 {43 . F W B8 iy 40 & 19 2
BRI, 7R RUR U B R ELE b AR R T R R, AR T MPS ik, TEAUE4SE
WNI18RR 1, #7 ) MRR F1 Hit@1 433 F T 0.4 H A4y 5 F0 0.7 B 4% 5. T £ 5038 48 FB15k 237
i, MRR # Hit@1 235 R T 1.7 H 43 SR 0.9 H 43 . FB MPS Bl ek 536K B AR
25 2 2] [a] B, 42 B 2 W AR I 1% FB15k-237 = A= BB g YRR, b Ah, MPS 45 2 3 1) T 4% 1
RSP EE R RER, 5 PR RIS T LA E R, LA B F RS WL AR
VIR M ST
F4 OEMIBER

Table 4 Results of ablation experiment %
— WNI18RR FB15k237
MRR  Hit@l Hit@3 Hit@1lo MRR  Hit@l Hit@3 Hit@10
AdpKGC 70. 2 63.5 74.0 81.8 36.9 27.9 40. 3 54.1
B MH i B s i 69.0 62.7 72,7 80. 0 35.7 26. 8 39. 2 53.6
T I A 00 S B P AR e 69.7 63.0 73.2 81.8 35.6 26. 4 38.9 54,1
BB MPS & 69.8 62.8 74.0 81.6 35.2 27.0 38.3 50. 0
T MH & Fe 38 07 & 68.3 61.1 72.2 81.3 34.8 6.2 38.3 50. 3

3 o

3.1 MHiEEESH
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