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describe the association patterns of complex systems. Existing methods typically design reasoning models for the
entire topology, often overlooking the implicit aggregation characteristics within the network, which leads to an in-
complete prediction of hyperlink categories. To address these issues, a coordination matrix minimization model
based on hypergraph spectral clustering parser (SCL-CMM) was proposed. Initially, higher-order hypernetworks
were mapped into heterogeneous hypergraphs with certain semantics. Subsequently, the spectral clustering parser
was employed to extract the structural features of hyperlinks. The original hypergraph was reconstructed into mul-
tiple homoprotonic graphs, and the distribution of potential hyperlinks was inferred within the observation space of
the subgraph, rather than the entire adjacency space, in order to restore the complete hypernetwork structure. This
method federated learned the structural characteristics and aggregation attributes of hypernetworks to model the high-
order nonlinear behavior of each subgraph, thereby solving the problems of single category and low precision in het-
erogeneous hypergraphs link prediction. Extensive comparative experiments were conducted on nine real datasets,

demonstrating that this method significantly outperformed existing methods in terms of AUC score and recall rate.

Keywords: link prediction, hypergraph, hypernetwork, topology, clustering
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Figure 1  The framework of the hypergraph spectral clustering parser-based coordination matrix minimization model



e 2 1 A

10 %

cht(HlaHb“"Hk) =
cut(H, ,H,, - ,H,)

ivol(Hi)

W (H,H,)
2 Z vol (H.) ™

:/H\:EF‘ ’ cut(HlaHZ,”',Hk): EEW(HUE) ﬁi—\‘
i=1

FEZEWRE, vol(H)= 3

Ep eHl.,Eq € H,;

Wpy =

k
ZW(H,.,Hj) - W (H,H,) FrT BN ACE,

JELB&’J‘HZ H 1A EUAE ok TR SRR RUR e i
1k~ HE.

N T MR RR L, AN AT
{H.Hy - H} W RZEHEER,,  ={r,
Pyt b PSR T P v (1 R 2 R 1 B 2 (R 1)
KFR. BMERAEr N —NTFEH, &=
n 4P|, B4 ARG T B H O E 4R
IREER, FORUT

0, E ¢ Hj

=t EeH, (3)

‘VOI(H.)‘

SIEE3 HAHURfERET I TE, B
kAT B R R [ B2 (A M LIRSS, B =0
7)» BARIR AR AR K B8 B [ AE LR R

Q) r'Dr, =1,

(i) v/ Lr, = Heut (H,,H, )+

WERA

Q) AR r Dr, = 1IIE

n 1
T 2
r. Dr. = reD. = W, =
i i “ ] VOl(Hi)EE E;

i€ H;

1 —
voica O () =1 9)

(i) Xt ARl Lr, = Heut (H,, H, ) [FIEW
TLr = rTDr - rTWr =

2 2 2 qu (rlp lli

p=lg=1

cut(H, - H,)
vol (H,)
H9). 10) " Hbx ek
PLR R
cht(H Hz, WH,) =

= Heut(H,H,) (10)
Hoitk— D4R

erLr = E(RTLR) =tr(R'LR) (11)

ILEHWMJCE*TﬁTcht(H H,,-++,H, ) B3
BAMERITEOL N B kAN FEIMIE R =R ER.
ZoEER, —HIRMG TR 2R, RIRT15 2
AT IR AL, (HEARR R — AN
/N E AR, BRI DL B TR - B R
NI EAERE, AT ERRR R EE AR
fie, ®EAEA 2T REME, UK LA T B
()48 7~ v) B A0 B R Y n) AR A A > T 2% B
O(k2"), f— > NP A a] i, 7547 PR 1B 1] Py 4R
HMEFHASTASEAR R, ks %%ﬁwmﬂcﬁh

XFRPATIH—LEEME, 4 R=D"*F, ¥
AW W

R'DR =(D"*F)'DD'*F =
F'D'?DD "> F,R"DR =
(D—I/ZF)TDD—IQF _
F'D’DD"’F=F"IF=1 12)

AL H bR 2 0E 7 -

argmin tr(F'D LD "*F),
st.  F'F=1I (13)
222 KR

KA M H bR F IS FEAA S T K
DV2LDV2 [T kAR AE R BT 6 L (R AE [
PrUEALJE B AT 43 B KRR S F 0 75 EVER N



53

J&, TERMEFRSRE R AT T YEBEM S, ST
FREME, HEBIMF,,. JFARAMHLAT
R=D"FHEHIR, FEL DX FEMER
A7 M E AT k-means T2 . FE2 S5 BRI ml 15 2] (% 2
JE B kAN FERN Y 8,80, +,8 43 B R 1 & 41
H,H,, H. I, 8%RIEREM G S
P8 7 7 A B AR AIE [ 2 S oy bl e T 7y S8R
TR

2.3 SCL-CMM #&8!

CMM (coordination matrix minimization) &
AU —Fh g i 22 00 7 ik, B 7 T s f A 4%
2% 8] R HEAT B SR R AN RN R ITE, ORI
e 1% 4 Hh A SE B X 48 BT R R B I . B AR
P75 (1) E R N 45 I RE 70, F BAEER 2 E
A RTRREE o AR SCOKS T SRR AT 2 5 i
TR 28 CMM AH 5 A K B 5 5 i P Tl &5 SR 78
AP, $eH TR T SCL-CMM A3 1)
T IO 5% 6 T 79
231 K FHEK

FE 2.1 457, R SCR I SRS b 46 %o 8 1)
TOIE], 1930 kAT B 0 SRR FE F 51 S, S0,
Spo HEREE IS T B8 AR R, HH I Mk
AT B4R 4 2% ] Hh 2 =) B S B 1 BE AL > A, A
rh R H R R B R AR 0 R . T T T
A HE G HRANFE 7 Bl R 1 A

T 2 MR U %% 3] 1) P A A B LA il — e
W, BN, 5c0NTRS,S, .S,
LR 2H Rk 4 UL U+, U, A1 B Pt i B
— JE LB (PR BE B VR R BB RS, TS
158, SHHBIFEAL A E BT 87, 8%,--.8",
SRR ANTERE TS, il 2 P 7 e 1 S 15 E Mk it
£ U . IEH SCL-CMM R AL 73 5l M iz e 4E U,
i B AT BB AR AN SRR T S R R B
B, IR TN RSB B4t AT B

FINEINAEETES, MR IREREA, =
diag ([ 41,4y, A, ]) 75X NAG 8 £ U, 1) 9 1 25
Ro 2=1 I FRoR R e 4 b 5 j SR B BE RS u, 2 S, R
RIVEER, A 21 I FORA R BRR (W BE RS . A
THAS, AADRNRRE T B R AR
XL G IRAE B AR, WA, 2, B4
BURHPEAS, AATLGER LR AR5

{EERIRSF: HETF SCL-CMM A5 7 (388 X 46 5 s Tl 5 vk ©57
AS, =AU,
A, = U AU (14)

BRlit, AT B e B R AR R R T LA R N
S' S A UAUY T RMEA, ASTAE AR U B
IMRETTERR . BANAENE 22,2, -, 2,
NI T EIIEER TR, Z e —172
A0 TR VI LS T AERRAE AT R B (I<n). T
TERE ) S B ARAE — M S, RN
S/S/T+ U AU ~Z2Z]" (15)
N T IRBVGA T BRI R, A SO A
T BB H LR A ] R

st 4, e{01} /=112 >0 (16)
232 ik
AL i BT B AR N BT A N 8 BRI 45 1)
REERGEE (A AL D 5 BE A R 5 5 I 4%
B AN AR R FRE B . @it EM HE 2236 A s AT
PR, B 3 SR IS S IA B K IR AR Ik
Bk ibiz1r, EMAEZEW E 2D BN 2 Z, 1
S MER(17), A Y TR & T UL RC
i) 78
arg min “ SIST+UAU -Z,Z" H2
A, F
st. 4, e{01} =100 amn
EM AE 42 i) M 25 B8 [ 52 A, 13052 F /M
(18), AH 24T FR I B G R R 40 A 17 R
B

F

arg min “ S!SIT+UAUT-Z2ZT
ZL

st. Z,20 (18)

XFERRAN T B TR A% B iR ST
TR B R B REEAS, AS+ASH-+AS A
it A2 SCL-CMM A5 2 U 2] (1) By A7 R ik i . B0V
1 K457 SCL-CMM A5 R i 52 B i

TSR FH e ] ) SR S A A i ot o P AT T I
K153, T EHAT n} PO FEFTFARAE, XS BB ]
FRERNOMm) . BEEREANTHE, B4OHTHE
11T CMM B BURE, BRI S48 O(n3). PRI B
2% SCL-CMM #5& B [y B 8] 52 4% £ 8 O(ni+ kn3),
n AREBANHEIN B SR, n,REREREN
P B R

BE3A1 SCL-CMM 7Y

BN ATEEEEE RIS, KR



55 2 1 A

10 %

Hbk, LG p, Sz RECT %o, FHY4ES
IYERS k'

Wi TN R R BE B AR 1 SR E AS

1) ASHIIEH A

2) 383 202) v AR 2 (R AH ALL FE R R Simy

3) 1 i = (3) A (4) T B A A R R
R E B

4) i1 () TR R R R L

5) F B bR AE AL S R B AR B L=
D*l/2LD—l/2

6) THE L, /N kAN REAE [ 7L I 6T B2 PR R
TE IR B T, =80, 1]

7) for i=1to k' do

8) /=

9) end for

10) HHES, for -+ fAFEIRFAEIERE F,.,.

11) 1R 45 S, S, -+, S, BE ML AL BRAS A7 1E 1 8
H, 5T EMEREEEERE U,U,-- U,
I Hx BEAS 1 [ BE AL B (1-p) EE A1 8 B s A
EATEETET5S],S,), .S,

12) for i=1 to k do

13) AS=CMM(S',,U)

14) end for

15) AS=ASUASU---UAS,

3 LG

AR 25 T B S AR
fiths $e = B4 TR R G0 7= B AN R IHT IR 25 4 e
MBE BT R H R S A 28 A ke —
B H N N, PEE A TR . Rk,
7843 I FH 2 SR 14 15 5 A T A b s JER A i A
SAAH+EEPDSERE L ASCET A
ST R ) 245 (1) R SR I YD SIZ 6 R B I 2 T+ SCLL-
CMM A5 (1R e 4% T 7 2 0 8
301 LRBEEESTISHh

A T AR NG (2R S 5 R
S AE RGER I ) . GPS W% (R P A8 B4 B NI
WA R . Bl g (EEAES W EREE
WK R . g (R IR R 254
PRI S RLA BRI JEAT SER, BT T R ORI

B A AR S S, MR R AN 1 B
718 DASHAS: I i SR A R 6T AN [ RI AT AN [7] SR 7R Y
R R . SCIRTTARZ AT, A SO 2% )
HBERS AR HEAT T — ROV B et RN
o B (0 7> AT BEAT AT AL, 6 AN 10 2% ol
S R BE RS A B I B 2 R o

R BURRAUERILL

Table 1 Comparison of datasets’ sizes

G/ S PR R AL
iABRB(C283 342 469
iIT341 485 554
iAF692 628 690
iHN637 698 698
iAF1260b 1668 2388
iJ01366 1 805 2583
GPS 221 1436
DBLP 8329 14677
Drug 7456 171 756

ME2 AT LUE B, BN BRI TR
AR NI, BEAR N AR R %, B
frbits, ANEFEREARE > e, U ACH
25K YR AR RO AR R ARAE . W RL A ORI
SCL-CMM # R fERf . HAEE 2(b) B 2(c)-
Bl 2(d)E £, AN A 200 2 TR) | 5 PR bL e i
Wr, /NERNREIE RS, BEAEHERNE
R, B NE N2 Y8 4 SRR 1) 8 i % Tl
IETEPERE B RE 2 DO TR ME B T A 3
MR EEATAE — N EERCR IR, Bl A
g, H5HAWGE RN SR LB, rRes
SNSRI, S EUEAFR R T ROR A
I
3.2 FNIERR

AUC s — Fi iy & 5% I P 0KS ) 52 (1) 05 FH 48
Fo VHEAELE B AR AL 73 BUE K T AR R
HIAR A BAERINES, RRA:

n!+ nH

AUC = . (19)
Hor, nAAREB LI REL n RS 1 £
TR TAFAERILHIRE, n )y A (7 %
HE T AFAERILIRE . AUCKIEBR, Wi
SIS TR R 2



53

RS HeT SCL-CMM B RS [0 [0 2% i 2% 1900 5 V& +59.

(e) IAF1260b%i3E4
P2 6 AR I 2% Bl B2 1o R B 1 A1 1
Figure 2 Hyperlink distribution map of six metabolic hypernetwork datasets

AT T TV 16 4R AUC, # [ 32 4F
ST AT AR AR, B4 Tk K
BEBAT % 0 A TR, 270

_n
Recall = I (20)

Horr,  LARER 248 o B S A7 AR (H E) IS4 21 1 8
BERBRACH , 0 BRI H 1 3 SRR 1) R i
WH, BERZEE. ARZHEERL, HREi
o, TR SRR S E AT . 255 % AUC,
18] 2% ORTRE 1 B RE TR Dy A TH HE VP AN BV
PERE.

33 EHEEZ.

NT Ao AL BT RRAR A (1A v AR
ARSI T T A AU B B T AR . BT
SR A RS AR R TR A ST (AR B
DRSS TR NI G0 v 27 1) B T A 2R 4 Sy e

(b) iIT341 %3R4

() UO1366% 4

B FEAT R LS

1) BS (bayesian sets) P25 [ /2 MAK & 5k
EHPTRRITEHBE &, HE8 1A=
{ 51,85, 1 BS TH 5T A i B B% ueU 1573
TR R AT 70 e e 11 B B B

2) Katz 32 4 J&) J& 1 (1 B % Tl ¥ . 5T
N m AT R BE B 2 A m(m=1)/2 AN
X Katz & 51, THEEATH I AE i i
) Katz #85155) o

3) CN (common neighbor) 241/ 5 J& 1 1)
HE BG4 bR, HE)T 28 BE B 1) FE 5 Katz
FHIE o

4) HPLSF L A T i 7B 2% = (1 76 e 2% o )
Trike EHET ) B ERERRE, IZREE
[ =1 A 7R R A 4 o A B ) PO

5) NHP-UU2 R o 28 10 5% i 700 2%, 1) A I



.60+ 2 1 A

10 %

T AR 22 [ 285 2 = R B 1) 2 s SR T G ()
(1R B B

6) CMM (coordinated matrix minimization)
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7) C3MM (clique-closure based hyperlink
prediction) P17y H T AE B AR UL, BT

jiE 5 B 5 A AT e el [ T AN 2 AR BE B BR R
otk 7 CMM 7k
8) DHNE (deep hypernetwork embed-

ding) 17V 2 > A 28 1 A A AL iR B I IR FE AR A
P FH Ja3 R 2 JRy AT ABARZ J5 PR i N\ 22 TR SR DR A e
AT 3 fifE A o

9) HPNG (hyper-path-based representation
learning for hyper-networks) 81} Xt 53 Jiii i# [ 2%
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Table 2 Comparison of AUC

%2 AUCKXTLE

i iABRBC283 iIT341 iAF692 iHN637 iAF1260b iJO1366 GPS DBLP Drug
BS 0.676 9 0.503 5 0.480 6 0.507 2 0.654 4 0.686 6 0.625 4 0.698 0 0.687 2
Katz 0.443 4 0.443 4 0.5217 0.496 1 0.608 0 0.546 3 0.578 9 0.6123 0.5917
CN 0.4010 0.4393 0.449 4 0.422 6 0.4552 0.447 8 0.476 7 0.498 7 0.467 3
HPLSF 0.6519 0.5923 0.5753 0.504 1 0.5397 0.528 4 0.6012 0.676 7 0.602 1
NHP-U 0.6221 0.672 4 0.6381 0.5822 0.642 6 0.566 7 0.6312 0.654 2 0.602 3
CMM 0.644 3 0.714 3 0.646 3 0.629 8 0.693 0 0.645 1 0.7012 0.724 3 0.7312
C3MM 0.667 2 0.7211 0.7012 0.689 0 0.7012 0.702 1 0.723 1 0.786 5 0.765 2
DHNE 0.698 9 0.7520 0.698 8 0.692 3 0.7532 0.7352 0.777 8 0.843 2 0.8212
HPNG 0.703 3 0.741 3 0.7121 0.698 7 0.767 8 0.783 2 0.7912 0.864 2 0.840 7
SCL-CMM 0.7277 0.757 8 0.725 4 0.741 7 0.789 3 0.7919 0.8023 2 0.883 1 0.846 5
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Table 3 Comparison of Recall number
o iABRBC283 iIT341 iAF692 iHN637 iAF1260b iJO1366 GPS DBLP Drug
BS 44 19 37 43 219 253 144 1494 16 217
Katz 14 5 32 26 133 145 65 838 13297
CN 11 9 21 16 122 126 64 681 6053
HPLSF 38 20 38 27 148 151 142 1254 0.387 1
NHP-U 48 46 79 76 237 287 157 1920 20236
CMM 46 45 77 72 249 280 170 1 686 20 683
C3MM 50 61 84 99 274 306 179 1853 24 121
DHNE 54 66 97 110 307 328 195 2319 25217
HPNG 55 71 108 114 297 348 194 2278 26 289
SCL-CMM 57 73 111 115 309 354 201 2357 27017
4 BREIZEITE
Table 4 Comparison of Recall

Hm iABRBC283 iIT341 1AF692 iHN637 iAF1260b 1JO1366 GPS DBLP Drug
BS 0.468 1 0.171 2 0.268 1 0.273 9 0.458 2 0.489 4 0.501 8 0.509 0 0.472 1
Katz 0.1489 0.108 1 0.2319 0.1656 0.278 2 0.280 5 0.2317 0.2854 0.303 5
CN 0.1170 0.081 1 0.1522 0.1019 0.2552 0.243 7 0.223 1 0.232 1 0.176 2
HPLSF 0.404 2 0.180 2 0.2754 0.1720 0.309 6 0.292 1 0.4162 0.427 1 0.387 1
NHP-U 0.5106 0.414 4 0.572°5 0.484 1 0.495 8 0.555'1 0.547 9 0.654 2 0.589 1
CMM 0.489 4 0.405 4 0.5580 0.458 6 0.5209 0.541 6 0.592 1 0.574 3 0.602 1
C3MM 0.5312 0.547 7 0.6123 0.632 1 0.574 1 0.5917 0.623 8 0.6312 0.702 2
DHNE 0.576 5 0.591 9 0.701 2 0.698 2 0.642 1 0.634 1 0.6777 0.790 2 0.734 1

HPNG 0.591 2 0.643 1 0.782 1 0.728 9 0.6213 0.672 9 0.678 1 0.776 2 0.775 27
SCL-CMM 0.606 4 0.657 7 0.804 3 0.7325 0.646 4 0.684 7 0.701 4 0.803 1 0.786 5
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Figure 3 Changes in the number of recalls of the SCL-CMM model when different numbers of clusters are set
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Figure 4 Comparison of recall rates between the hyperlink prediction model based on spectral clustering and the

hyperlink prediction model when different training set ratios are set
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Figure 4 Comparison of recall rates between the hyperlink prediction model based on spectral clustering and the
hyperlink prediction model when different training set ratios are set

%%j{pﬁk [4] WANG P, XU B W, WU Y R, et al. Link prediction in social net-
works: the state-of-the-art[J]. Science China Information Sciences,
2015, 58(1): 1-38.

[5S] HAGHANI S, KEYVANPOUR M R. A systemic analysis of link pre-
diction in social network[J]. Artificial Intelligence Review, 2019, 52
(3): 1961-1995.

[6] SHI C, HU B, ZHAO W X, et al. Heterogeneous information net-
work embedding for recommendation[J]. IEEE Transactions on

Knowledge and Data Engineering, 2018, 31(2): 357-370.

[1] Dhd7 . B0 T 25100 5 2 00 4% 137 i 1900 B AR 72 [D). K7
i RHA AR KA, 2016.
MA Y. Research on complex networks time-series link prediction
based on spectral clustering[D]. Changsha: National University of
Defense Science and Technology, 2016.

[2] LI C, JI X, LIU S, et al. A new method for predicting future links in

temporal networks based on node influence[J]. International Journal [7] ZHU X, YANG X, YING C, et al. A new classification algorithm rec-

of Modern Physics C, 2021, 32(12): 2150160. ommendation method based on link prediction[J]. Knowledge-Based
[3] LIAO L, HE X, ZHANG H, et al. Attributed social network embed- Systems, 2018, 159: 171-185.

ding[J]. IEEE Transactions on Knowledge and Data Engineering, [8] KAYA B. A hotel recommendation system based on customer loca-

2018, 30(12): 2257-2270. tion: a link prediction approach[J]. Multimedia Tools and Applica-



sp

F3M

RS HeT SCL-CMM B RS [0 [0 2% i 2% 1900 5 V&

* 65

9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

(23]

tions, 2020, 79(3): 1745-1758.
DETTMERS T, MINERVINI P, STENETORP P, et al. Convolutional
2d knowledge graph embeddings[C]//Proceedings of the AAAI Con-
ference on Artificial Intelligence. 2018: 32.
SULAIMANY S, KHANSARI M, NEJAD A M. Link prediction
potentials for biological networks[J]. International Journal of Data
Mining and Bioinformatics, 2018, 20(2): 161-184.
BREIT A, OTT S, AGIBETOV A, et al. OpenBioLink: a bench-
marking framework for large-scale biomedical link prediction[J].
Bioinformatics, 2020, 36(13): 4097-4098.
YADATI N, NITIN V, NIMISHAKAVI M, et al. Link prediction in
hypergraphs using graph convolutional networks[R]. 2018.
XIMG T, RESe—, A5, 55 . AR TN )], & BRI, 2012,
24(12):9.
LIUY J, TANG X Y, LI Q Q, et al. Superlink prediction [J] Man-
agement Review, 2012, 24 (12): 9
ZHANG M, CUI Z, JIANG S, et al. Beyond link prediction: pre-
dicting hyperlinks in adjacency space[C]//Proceedings of the AAAI
Conference on Artificial Intelligence. 2018: 32.
LID, XU Z, LI S, et al. Link prediction in social networks based on
hypergraph[C]//Proceedings of the 22nd International Conference
on World Wide Web. 2013: 41-42.
ARYA D, WORRING M. Exploiting relational information in so-
cial networks using geometric deep learning on hypergraphs[C]/
Proceedings of the 2018 ACM on International Conference on Mul-
timedia Retrieval. 2018: 117-125.
LUGO-MARTINEZ J, ZEIBERG D, GAUDELET T, et al. Classifi-
cation in biological networks with hypergraphlet kernels[J]. Bioin-
formatics, 2021, 37(7): 1000-1007.
FAN H, ZHANG F, WET Y, et al. Heterogeneous hypergraph varia-
tional autoencoder for link prediction[J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 2021.
PATIL P, SHARMA G, MURTY M N. Negative sampling for hyper-
link prediction in networks[C]//Pacific-Asia Conference on Knowl-
edge Discovery and Data Mining. 2020: 607-619.
ZHANG M, CUI Z, OYETUNDE T, et al. Recovering metabolic
networks using a novel hyperlink prediction method[J]. arXiv Pre-
print arXiv: 1610.06941, 2016.
FATEMI B, TASLAKIAN P, VAZQUEZ D, et al. Knowledge hy-
pergraphs: prediction beyond binary relations[EB]. arXiv Preprint
arXiv: 1906.00137, 2019.
GHAHRAMANI Z, HELLER K A. Bayesian sets[C]//Proceedings
of Advances in Neural Information Processing Systems. 2005: 18.
KATZ L. A new status index derived from sociometric analysis[J].
Psychometrika, 1953, 18(1): 39-43.
LIBEN-NOWELL D, KLEINBERG J. The link-prediction problem
for social networks[J]. Journal of the American society for informa-
tion science and technology, 2007, 58(7): 1019-1031.
XU 'Y, ROCKMORE D, KLEINBAUM A M. Hyperlink prediction

[26]

[27]

[28]

in hypernetworks using latent social features[C]//Proceedings of In-
ternational Conference on Discovery Science. Springer, Berlin, Hei-
delberg, 2013: 324-339.

SHARMA G, PATIL P, MURTY M N. C3MM: clique-closure
based hyperlink prediction[C]//Proceedings of the Twenty-Ninth In-
ternational Conference on International Joint Conferences on Artifi-
cial Intelligence. 2021: 3364-3370.

TU K, CUI P, WANG X, et al. Structural deep embedding for hyper-
networks[C]//Proceedings of the AAAI Conference on Artificial In-
telligence. 2018, 32(1).

HUANG J, LIU X, SONG Y. Hyper-path-based representation
learning for hyper-networks[C]//Proceedings of the 28th ACM In-
ternational Conference on Information and Knowledge Manage-
ment. 2019: 449-458.

(fEE T

EEE 1997-), L, WALk EROAN,
ERTREAEB A, FEFRTEN
e K TN

% (1968-), B, WHEREAN, EX
K A8 e R G5 TR R 70 O B 9T
T, FEGF T A M ST, B
[EISESERE

XIWET (1987-), 5, iAREEG A, 14
+, EZRHTFLHmAG TRBEAV I
O BNFRWEAL 5L, BRI T R A
N Y SRt

EY 1980-), 55, i+, ERBFER
e 258 TREE AR S ORI R, £
L B [ K235 1IN G i L 75



