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Abstract As an extension of the knowledge graph, the knowledge hypergraph has a strong ability to
express n-ary relational facts. Using the knowledge hypergraph to model known facts in the real world
and discover unknown facts through link prediction has become a current research hotspot. Among
existing knowledge hypergraph (or knowledge graph) link prediction methods, constructing the loss
function using true labels of samples and their predicted labels is a key step, where negative samples
have a great influence on the training of the link prediction model. However, when applying the
negative sampling methods for knowledge graph link prediction (e. g., the uniformly random
sampling) to the knowledge hypergraph, we may face problems such as low quality of negative
samples and high complexity of models. As a result, we design a generative adversarial negative
sampling method, named HyperGAN, for knowledge hypergraph link prediction, which generates
high-quality negative samples through adversarial training to solve the zero loss problem, thereby
improving the accuracy of the link prediction model. Besides, HyperGAN does not require pre-
training, which makes it more efficient than previous negative sampling methods in assisting the
training of link prediction models. Comparative experiments on multiple real-world datasets show that
HyperGAN outperforms the baselines in terms of performance and efficiency. In addition, the case
study and quantitative analysis further validate our method in improving the quality of negative

samples.
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An example of negative sampling in knowledge hypergraph
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©) end for
) end for
@  endif
@  for Fium of F do
® for f € Fiua do
@ A AR V() 5
® Wik D AR AARE
[ %3 (3) =/
@® end for
@ TR L5 [ * K4 =/
® i3 B ) A A R e o
©®  end for
@0 end for
4 = ¥

ARFREIE HyperGAN J7 B 75 H1 R 48 B 4%
WAL 55 109 8tk B T 4 U2 DAE 5 A
TR S L 22 A S0 U TR e 10 R R N
HyperGAN iR FE 5 1%, Jf6 JL 55 35 57 Bl B R A N
H X HT FORAE TR T X LLPEAl HyperGAN 5
A R 5 2) 38 5 R0 S 0 %k AN [R) 97 R A O
Xt 4 U ASS N S35 2R 1) 5 ) 3) 3 3k S 5 MU M S
50 43 AT AR TR S HMONT S 50 1 6 R S D 5 4) T o 97 R
ARG 43 BT S 52 B4y AT R UE HyperGAN J5 35 4 A%
TR A RORE AR DL B SR Y 3L T PyTorch™™
1.6.0,CUDA 11.0 1 Python 3.6.6 f4SZ 56 3 55, 78
fifi FH RTX3090 iR B MR 55 #% b 04T 46 1 40 1 I X
S SIS 2 H L B SE A 8 S0 R B BE 2 P 4R
e Rk LR B AL AN L 0GR
4.1 HIEHE

A SO 5 AN R B2 R TR R R R AR
X HyperGAN J7 3k i A7 PP A% Ho bk 4 42 3115 B n
F 1 R B 4 1 T B A

1) JF17K-3%) 2 5 T Freebase® 3 JE15 2] 1Y =
TC X BB 1 S5 ¥ Freebase H iy 30 YO8 /0 1
S AR i X o7 ) S S B3 A NI e B 0 AT S R
Bz M F 9 2 Ja , WREAS 29056 R R AL
tH 10 000 A>FE52 7 — 25 M BR B B> T 5 1)
SR T XoF o7 ) S5 AR S R SOk 18 v 3 1) Ak
T A B oA s d e L B T ECh 3 1 £ T dl ki

D http://www.frecbase.com/

@ https://www.wikidata.org/

2) JF17K-4%7 23T Freebase K ZELL 1)
U R A A P T G R RO 4

3) WikiPeople-3"° J& 5 F Wikidata® i 15 3|
Y = J0 5 RBHE AR B Se sl U SRR I S AN
Y A B S 5, B B I rp 3 R B TR AR SIS 0 R 5 R A
SR S DL RN B s B KD T 30 1 SEAK BT R
P75 52, B 2T U AR B T O 3 Ry SR A KK
SN

4) VVikiPeople—ZLBO]%%ﬂE Wikidata & ## 251U
3) v it A AL A Y O T G AR AR 4R

5) M-FBI5K-3 J& 3 T M-FBISK™ iof 45 5] 1
—ILR AR,

Table 1 Statistics of Datasets
x1 BEEHRITER

GRS Sk KRR UL BuEsg WHilE
JF17K-3 11541 104 27635 3454 3455
JF17K-4 6536 23 7607 951 951
WikiPeople-3 12270 66 20656 2582 2582
WikiPeople-4 9528 50 12150 1519 1519
M-FB15K-3 4240 20 336754 31897 31376

4.2 EMIERR

ARSCA 2 AT 32 T R R PR 2 T A
TR () 3 A8 B o A5E 78 B E AT PP A - 7 3 (8 £5CHE 4
MRR Flilith R Hits@k k€ {1,3,10} .45 2 i #
KIFHS2E FH f=rverses s se,) FomHhiE—
EREAR T 8 om ERYSEAK e, AR
FISAAGE & iy 23 S s 8 4, i 15 8] | £
ANFEAS , M e op H BLAE P R B RE AR L X RE R R T
X FIEREAR A Em WAEREN, (.2
H, ()= UN, (f). 30 i i % 2 15000 A5 A o
PO RO M, OO T A REARTT 43 B 45 2 1 17
Oy BGIEATRE P HET AR BNEREAR £ 7 M, () P HE
% rank, (f).MRR ZHZEPITA EREAHEA 1)
BIBCE M Hits @k JE IEFEARHEFAERT £ A
%] MRR 1 Hits@k ) BRI

[ ]
Lsssy b0y

MRR = .
2 |r| reFm rank, (f)
rer
|~
>0 D cond (rank,, (f) < k)
Hit.s‘@k :/e'fmzl ’ (13)
Dol
fer
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Horp,r BIEFEAR £ FISER cond (+) I 517 PREL
ML BHE R 1. BN 0. MRR Rl Hits @k {H
A 2% B A TR P BB AR A

43 BEZEBMIELE

ARSCHERE 6 A IR P4 B2 T I AR TR A SRy S 5
FEL LAY

1) m-DistMult™ %} DistMult & %% 47 T
P X 20 Kk R SR ik A R OR TR A IR
FR B I R4S B 22 o0 0C FR = S LT AR 4

2) RAE™ %} m-TransH &S T R,
HIEH) 2 A TLARFE I — A2 0 K R T A
PE B L5 | AR RIS oR B AT I 25,

3) n-CP™ % CP Bk HEAT T4 e, i 28
T AR Z AR AR IR B AR AE R P
TR A RS DL HEAT R PR 4 T

4) n-TuckERY . XF TuckER &P 4T T
Ji&  H T TuckER F3fife B J1 15 1] A 3 52 1 5 B ok
RN A O — R BN T A T AR
2, I K O R RN SE AR I i A R 5 ik A T
UNEEDIS S S RAIUEE

5) GETD"“! %} n-TuckER &L 4T TV &,
W5l TR 70 B A% sk s ik — 200 il h 24> =
By ok o, R AI T RS RN 1Y & 2R R

6) S2S8F% %f n-TuckER BT T @
P4 SR OC F B A FRos 1) 4 S 24 B, s VR AR A
MEA R G Jo By 95 58 h 27 2] ik AR,

J B UE HyperGAN Jy 2% X 5% 2 751 I A5 7Y (1) 4
REHE TR L A SC 43 591l A ik 4 B A0 b B 422 7000 1 g
RIF i GETD 5 S2S & [ N A SC 4 1
HyperGAN ik MR M S8 & T, SHIR
A% B SR FH 0 34 57 BE AL R 5 10k R 4 e 58] 1R 5T 1Y
XL 7 R R (Self-Adv) 77 B9 JE AT 4] HE 5256

HyperGAN H1 A R #5 1K 551 25 455 B 43 1) 38 4
SGD Hl Adam"™ f Ak %5 47 I 2, S 4 TG 2R 1 ik
ARIRAEBE AL BRI N ZRR BSE S R S RE AR
SR FH 01 0 TR e e 422 000 A Y A5G, 55 L AE D S
M SRR FF— B AL LR BN S RO BT A
X470 ) &4 1 1] B 2% AR IR 2 C =20, SGD Ml Adam 1
FEAS B2 20 5 0.01, F XL TUORAE 7 8 1SR FE R o
0.5 B 1, A O BT M 8 DI Rk B M 5 i 4 pl 48
D £6% [ )25 1) A6 B ol AE AS T B0 4 v 1 3 B A 3R 2

@ https://github.com/liuyuaa/ GETD/
@ https://github.com/ AutoML-Research/

P~ HyperGAN (1) 52 36 A8 F1 T FH 5 s 424 9 8 I
1E https://github.com/GuoZhengshan/ HyperGAN.

Table 2 Hyper-Parameter Settings of HyperGAN
% 2 HyperGAN BB S H#IZE

GETD S28
YGRS
M d a M d a
JF17K-3 16 8 0.5 16 50 0.5
JF17K-4 38 11 0.5 38 50 0.5

WikiPeople-3 16 8 1.0 16 50 0.5

WikiPeople-4 38 11 1.0 38 50 1.0

4.4 BHREDH

R3IMF ARG T HT HyperGAN Jrik
18y 22 A R PR 2 00000 A5 78 AE B4l 4 JF17K-3/4
Fl WikiPeople-3/4 I [ 52 55 25 S H v #5 f GETD
R (R 248 Sl 1 L3 S Sk [ 25 1 i A IR TR AR
50 52580 58 AT S2S BEAL, fy F HRAE IR O A
FEUR AR, g 3 AT X L 4 BT AR SO R AR A
GitHub® 4 g v iy J5 A5 547 52 56, I X6F ke 2% 34 43
HEAT T PR 4 AR R 45 e BN 4 TE 0L Y
FRAD) . BE AR & X S2.S AR AR AT rh ik 2 8 S B0 6
Gy AR S % GETD F8 (1) S 81T 1 8 5
P R A SO B AR A S 25 2R 5 S2S e Sl
HEERA —E Z B E Wk, i T HyperGAN
535 2 T [ 60 T R A e U A AR 1 3 P 97 SR AR AR
759 % A HyperGAN J5 ¥: Bif 5 BV fE S2 36
SRR IH GG AE T 320775 (A R0k B LR FE iy,
LA T 1% 1 S5 50 285 SR 11 R R OGF g SC T v i 5 1 SR
gER

FUGEE R T A SCHE Y HyperGAN J5 ik #E
R EUE A AR T R A AR LA U
Hits@1 $8F51M 5 . 32T GETD #8 i) HyperGAN
T3 VAR T H A 3 S B AL R AR 7 1 7E TF17K-3/4
Fil WikiPeople-3/4 %45 48 I 2 B4+ T 3.29%.
1.59%,4.58 %0 1 3.02 %. 4 J&& 28 & i F X bt 6 %
FE(Self-Adv) ik #& 7+ 7 GETD #6511 £ 422 1
D fE Lk WikiPeople-3 #6411 7 HiAE Hits@1
Ml Hits@3 #5845 LA 514 T T 2.47 %6 F0 2.24 % {1
HyperGAN 7% 5 A X0 FUR A 7 LA L L 75 45 5K
P8 IR R & AE WikiPeople-4 B4 £
b Hits@1 F1 Hits @ 3 #8553 5 $&F+ T 2.25 % A
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2.63% .5 T S2S Hi I HyperGAN J5 ¥k %t 45 52 11
DU 4 T S 56 25 3 mT L& B, HyperGAN J7 i [
FEFE A RO 2 A OAs T R4 R B, R0 R 7E
WikiPeople-4 (4% F 1) MRR 1 Hits@ 1 $§ k543
BT T 1.35 % A1 3.75 %0 4R 1 » [ X T 67 R AR ik
e S2S FRRL bR fE AN ER g L fE JF17TK-3/4 $¥R 46 1

(4 15 b5 R 0 42 T T 72 WikiPeople-3/4 ¥4l 46 L
T i 5 BOX — 1 JEUA R R R L B A2 R B B 4 T
ML B2k 23 i A XL R AE D7 i AR TH AU I B
A2 A Z T, HyperGAN J5 3 20 i Ak £ B A
Jo St AL T 1) A RS 47 1) 4 T 25 5 02 i 45 e 1) e 4
T ASE R B A TH B A5 B A RS E A TR BE.

Table 3 The Link Prediction Results on the JF17K-3/4 Datasets
F3 JFITK-3/4 IR EHERNLE R

JF17K-3 JF17K-4
VRS
MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
RAE[1) 0.505 0.430 0.532 0.644 0.707 0.636 0.751 0.835
n-CPL2 0.700 0.635 0.736 0.827 0.787 0.733 0.821 0.890
n-TuckER?! 0.727 0.664 0.761 0.852 0.804 0.748 0.841 0.902
GETDL2 0.732 0.669 0.764 0.856 0.810 0.755 0.844 0.913
S2ska0] 0.739 0.680 0.769 0.855 0.816 0.769 0.848 0.900
GETD+ Self-Advt# 0.743 0.681 0.778 0.864 0.814 0.760 0.849 0.910
S2S4-Self-Advl33 0.742 0.683 0.769 0.861 0.818 0.772 0.848 0.903
GETD+ HyperGAN (A30)  0.750 0.691 0.781 0.868 0.818 0.767 0.850 0.910
S2S+HyperGAN (A 30) 0.743 0.684 0.773 0.864 0.818 0.770 0.851 0.908
T BB RORTE 2 PSR op d O B 4 T 45 2R
Table 4 The Link Prediction Results on the WikiPeople-3/4 Datasets
%= 4 WikiPeople-3/4 HIREHETME R
WikiPeople-3 WikiPeople-4
IS
MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
RAEM] 0.239 0.168 0.252 0.379 0.150 0.080 0.149 0.273
n-CP[%] 0.330 0.250 0.356 0.496 0.265 0.169 0.315 0.445
n-TuckER2! 0.365 0.274 0.400 0.548 0.362 0.246 0.432 0.570
GETD!# 0.373 0.284 0.401 0.558 0.386 0.265 0.462 0.596
S28k80] 0.371 0.293 0.404 0.522 0.313 0.216 0.357 0.511
GETD+ Self-Adv!#] 0.378 0.291 0.410 0.558 0.386 0.267 0.456 0.601
S2S+Self-Advl#3) 0.369 0.292 0.406 0.517 0.304 0.208 0.351 0.490
GETD-+ HyperGAN (A3)  0.382 0.297 0.414 0.553 0.393 0.273 0.468 0.605
S2S+ HyperGAN (4 30) 0.376 0.304 0.410 0.519 0.315 0.215 0.362 0.514
o BIRBCT F R AE 2 PR o B O B T 45 2R

Nt — W5 HyperGAN TE B K M AR £ s £
AR AR SCHEET GETD 4% 428 70 I A% 0 7F S48 4
M-FB15K-3 bFifA7 17 5056, 38 5 45t 17 AR (%) 55 56
g5 AR MU, Self-Adv J7 ¥ A B T R AR F
Y15 WAL R AR O ¥k 78 45 P Be R A 1 B R BURAE, 1M
HyperGAN J5 B0 T R A1 2 8L, 48 52 7E Hits@
10 $845 L4ETH T 1.21%, A iff— 25 3 8] HyperGAN
FE R AL £ T )R H A R i PR .

Table 5 The Link Prediction Results on the M-FB15K-3
£ 5 MFBISK-3 ML R

M-FB15K-3
Ik
MRR Hits@3 Hits@10
GETDL2%] 0.715 0.737 0.825
GETD+ Self-Adv3] 0.707 0.730 0.819
GETD+ HyperGAN (4 30) 0.719 0.744 0.835

TE « R BCT 7R B AL 4 19000 25



1752

HEIR S AR 2022, 59(8)

4.5 WESH
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Fig. 3 Performance comparison of HyperGAN and Self-Adv on multiple metrics of S2S method
¥l 3 HyperGAN J5 {5l Self-Adv J ik 7E S2S #E R4 TR F8 45 L 19X L

4.6 SHBERESW

SR HyperGAN J5 ik i 8 4 14 L AR SCHE T
UM R S R TN A 8 GETD 78 JF17K-3 48 4 I
AYHIT T B3R S BN B A BE ) R ) A 45 A R
B 0 2% 5 4 1 0 A AR g N 2 AR TR B vk B C L AR
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T3 ¥R B AR S AR SO HyperGAN R H] T H1H 8 &
50T Al A 4 TR A Y m-DistMul ¢ 348 F 2k

FEPR L7 HyperGAN J7 32 BV T X 5 i ik F1) 5% 4
PO e L o BE 38 A 2 T SRR AR o A B R O T
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Fig. 4 Parameter sensitivity analysis
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Fig. 5 Performance comparison of m-DistMult and m-DistMult+ HyperGAN on multiple datasets
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Table 6 The Positive Samples and Replaced Entities with HyperGAN on the JF17K-3/4 and WikiPeople-3/4
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K 4R IEFEAR Bt 5 1 S ik
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