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Abstract With the widespread application of knowledge graphs, the majority of real-world knowledge graphs suffer from the
problem of incompleteness,which hinders their practical applications. As a result,it makes knowledge graph completion become a
hot topic in the field of knowledge graph. However,most existing methods focus on the design of scoring functions, with only a
few studies paying attention to negative sampling strategies. In the research of knowledge graph completion algorithms which
aims at improving negative sampling, the methods based on generative adversarial networks (GANs) have achieved significant
progress. Nonetheless, existing studies have not addressed the false negative issue.meaning that generated negative samples may
contain actual facts. To address this issue,this paper proposes a knowledge graph completion algorithm based on GAN and posi-
tive-unlabeled learning. In the proposed method, GANs are utilized to generate unlabeled samples, while positive unlabeled lear-
ning is employed to alleviate the false negative problem. Extensive experiments on benchmark datasets demonstrate the effective-

ness and accuracy of the proposed algorithm.

Keywords Knowledge graph completion,Generative adversarial network, Positive unlabeled learning . Negative sampling
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Table 2 Link prediction experimental results
WNI18RR FB15k-237
methods -
Hits@1 Hits@3  Hits@10 MR MRR Hits@1 Hits@3  Hits@10 MR MRR
TransE 0.279 - 0.495 3936 0. 206 0.217 - 0.497 209 0.310
DistMult 0.397 - 0.502 5913 0.433 0.224 - 0.490 199 0.313
ComplEx 0.409 0. 469 0.530 7882 0. 449 0.194 0.297 0. 450 546 0.278
RotatE 0.428 0.492 0.571 3340 0.476 0.241 0.375 0.533 177 0.388
ConvE 0.419 0.470 0.531 4464 0. 546 0.225 0. 341 0.497 245 0.312
ATTH 0. 443 0.482 0.573 - 0. 486 0.252 0.384 0. 540 - 0. 348
KBGAN - - 0.469 - 0.215 - - 0.458 - 0.277
NSCaChing - - 0.518 - 0.443 - - 0. 481 - 0.302
Our Method 0.435 0.498 0.594 3273 0.492 0.319 0.453 0.607 156 0.415
AR S B T HE T VR 5 A T BRE A R 1 SRR 1 R4 WK
A ARRE T BT TR, WA ML R I T v T A B R Table 4 Ablation experiment
1B 1931 A 4% 10 80, BF 5% N B A B3 e A R T 199 45 o 32 7k Hits@1  His@10  MRR
y N . . SN N T IE 2 T AR A B 0.276 0.490 0.374
R AU MR, A SR DT b R R, 33 43 A Our Method 0.319 0607 0.415

Az R T ) 46 AR B AR TR R G A A 4 A AR T A TG A
ZEREA I I 1 2R TO AR 2 2 2 X = Jr Al b AT HE R . SR a5 R
F B AR ST AT A A O BT R 2 B A R A 1Y
T5 i TR TR AR LIRAS T B
4.4 SEEERER

R SRR B AT XV 43 bR BCHEAT SO L TR R R
B AT YV 43 oA B, A SCE A T L AT BE B R R op iy
TransE F1 4% 4 \ B 28 1 A2 A DistMult /9 ¥ A R A%, IF 78
FBI5k-237 $Hi 4k Db AT 75000, SC A R N3k 3 fr ol 4
SRR AR SO AL B A A RO T SR E AR AL (1 MR R

3 T AFEIT 5 R 5 A
Table 3 Models based on different scoring functions
methods Hits@1 His@3  Hits@10  MRR
TransE 0.217 - 0.497 0.310
Our Method+ TransE 0.302 0.437 0.579 0. 396
DistMult 0.224 0.490 0.313
Our Method+ DistMult 0.319 0.453 0. 607 0.415

4.5 HEXE

ASCBE T T M Bl S APR ST AR S5 5 Hp A SR B 1R
ALY TR . AN 4 T 0 AR SCBTE T AR B (DN &
IE R TR 2 27 > BB T4 (0 T A i X 470 IR0 4% A B 9 =5
YR g SRR AR 5 (20 XA P IE 28 TE 4 48 2 > BB, N AL 3% 2R
SO0 0 285 A= 1 TE AR 28 = T8 4, Tl 3R 1 24 20 b AR 4k 15
PREFEA , I, A SCTE FB15k-237 846 4 bk A7 7 % b 52
B, SCIREURRN] L SR E ERTOARE = IR LE o b
FE =L o AR 2 = U4 I IE 2R TO bR 2 27 ST B i U5 1
TE BT AT 48 A LA BAT 0 3 X IR T A SCRY IE 28 T AR 2 % X
A58 L AT LAAT 20 22 it M1 R P o 2 1) A5 5 307 1 26 TG s 28 2
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