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Basketball

1 (MEMFE) #32M%E PRSI B BIF

Figure 1 (Color online) Example of high-order correlations in social network

FAET IS S . i, Mg, 24P ATk FE s — A %N RS2 R R, — 0
WICFTRERIN A 2 A& 24 FEAES ML, AWM R RENE A TR T . IS EE 4 2251 — BUAR I
gZerh, — Ryl e 2 RIS 2 PRSP AR AR I AR A 5N, — AU T e Sk
EZL AT IR SRR RN E A ik-d AP Wt W b s T L S I SN R U S
ZAM ARG Z 4, I R T — /N, T fi] 5 P 540 R RE il — oo Rk, Xk DAA
BB i AR 2% R K.

EA T Fe i i R @ AR L 2R S A I B S IBk B R R — P R | BT R B Ak,
FREPEEEOR H THEIL 0 A . AR R, — 2L I REE RPN A AR A b, — 2k T B

R BEAT 7 3R 2R 5 ST Be g 1k — 20 73 Mt S A2 40 B S5 R 0 B AE 1 i i B2 SRR, T SCHE T AR 5%,
Bl tE R4 1, 2990 Bl &

BB VR L 5 ST R, B TP 28 R B R OR 5 2] iR 3 1 T2 %00, — AN B ) 1 2
Feng 25 (6] 42 W A 1E40GER A 2 I 48 HESE (hypergraph neural network, HGNN). HGNN 45 A B @ 5
SRR RGE ], BRGIN THEGBR . 2% R, /£ HGNN %Al b, Feng %%
BE— PR T T e S R e 2 N 45 RS HGNN 171 37 1 B — R R o B B S AR
3. Bai 55 B 2 H THEER LMY (hypergraph attention network, Hyper-Atten), 1244151
HGNN H 5 R BB, 2 -E & 14 (graph attention network, GAT) ) ff)J8 &, Hyper-
Atten GINT — MBI fUE R ) 5 S, 3G N AR 5 [R]— i b AS R OR) E A, T8 7R
R BN EA G, BEAb, Yadati 55 1O $2 T M IR 2%, — o T LI 2 B 2 2 D
(hypergraph convolution network, HyperGCN). J& T8 B 15 2L, 25 € — MK, HyperGCN H%GiE
Tk R R (1) SR W e A 4 s — A 157 B R AL, SR 5 %6 12 B AT A 1 (1) B A ARk 2 S B 0

I P 8 O 2% VA /N AR £ B IS T B RS T, B i R T B ) Ya A, £
I F R AR ) 52 21— 2 PR, BB IR R 2 7EZS (RIS RE T T, B HE 2 B o 48 X 48 7R I 2
DI 35 75 AT B I B, A 1A) S R AR b TR B0, DRI 2 P 75 A P 5 IR Rt , B g
R R P e K SR G N, 388 P S A7 RSB A A% M AN SR AR T 5 2 ) 2 I (R A T 1, BT 0 ELAE X
PN IR 2% TTVEFE T A — I - 1R R BOl B AR AT B, TR R R, B
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HACREUC. BEEEBBORKRRE, IS 5 b 8 B B EOR R, Rt S H HET
ELR R B AR H AT O — LU ) R B R v i) B 2 I 2 U 1%, 1A, GraphSAGE 12
A IERE AT AAIEE Bk T M RIR, Cluster-GCN 1314 N KRR IR R il 2 A /INEL ik
PRAE H IR R Z B KIS B B BT B B 28 T ik, AEIRXANE SR, IR AE TR) — 43 [A]
TEE FOVF AV ] P 7R P A 28 R 8% ol g P 5 AR e PR X )

BEXE A 1) B, AR SCHR T Al T e DR RS KA ) v 0k B 42 I 45 77 EHGNN  (efficient
hypergraph neural network). %77 V241 EL4E X H P 4 22 I 24 7% (] 52 24 55 AN 8] 552 25 B ok vy 110 ) A
I3t 1 R FE RN T BB B AR B T SEOnd A . o R R RS R AL 5 7 R SR R
R L TR A SRV P AR [R] PR SR 7025, R AR 03 B 3 110 DK 1 0 il Ry 22 A 1) B %
FERT I B TR BRI TH R IR R T AT - R iR BB RNE, ToaEsh
SETRHLRAE, #2581 HEACE. AR 4 A S SR R RS BRI SRR W], EHGNN AMUEn 1
SR Bl R, AR T 1 B ARe AR, B R | M M AT L

ARSI HARER /P H LT 5 2 AR T ARG AR, 35 3 7k — D VELH I IR 1 B 5 i T 1) K
FURECR 8 E i 2 W 48 A5 A EHGNN; 28 4 A 7 EHGNN 76 LA B S B 45 i B 48 B st
S5O, JEXTEEIRHEAT 1 0T BB 5 TR SCREAT TGS, IEXMEAR IR R AR T M AT T8,

2 MExIfE

UTAESR, PN A3 xR 1 2 o) ik R B R B FH AT T ORI A, IUA (8 [ 2 2] 7 v 2
FIOr PRI A G B 2 2] D7 iR R TR 2 ) W B R 2 I 45 T 1. A% il 2 2] A% 0 2
RN 1) R A A R A R A 1) 8, & Zhou %5 ') 78 2006 “EE X1\, Zhou 53T i
PR PR AR 251 AL, R T 1) B 20 A v O SRS D7 ke 2R IR b, S 17 i 1 A 1 2 ) T
(spectral-based hypergraph learning, SHL).

FREE X ZAG AT R 2 B 1 2R SR DML T2 00, BAARIERE 9t ATy Rt m . B3l irs
FERIAE S, 2 BARRIl 101, s wul 061 R e #s U7 S80S 3] 7z MR, ZIE R,
LR GG AR W 2% 5 B @A 35 A e 2 X 28 30 AT T R EIE AL, — 300 I DA 2R E
P A 22 Y 2% AR B T Feng 45 16 1 URER HH T 88 A28 P 25 AT FIGININ, T Pl 3t o B A o
(Laplacian matrix) & X 7K ERE SR HGNN A (1 B RS FHUZ B BEE A, X R e AT
RRAEAR R G HEAT <5 A0 — 1L — 19 0 BRI B B, RSN T T 51 2% 1Y s o 28 ST Ak
PEBERT SR MESS, HEUS T BRI PERE. 52 HGNN 6 fI GAT P! {5 %, Bai 55 8 it — D%
I S ) i 4 7 PR T TS Hyper- Atten, RRZER AL SN EERA, PASE ] — SR8 B AP M8 75 i
ZIENTER BRSNS A FE. Yadati 55 10 $2H 7 EIG A Z N2 HyperGCN. H i /e T/
R R L A g S R ) T B LI, AR AR S AR B AT B AR ABEAT (R B AR 38, IR T I
FOUESS . AE SR N % EEARTT T, Fan &5 181 $& 1 S5 4 R AR 23 | O i i DX 6%, S8 51 N ST s it
LT SR I 5% 1) S5 e PR V) R RS, o AR BRI R SR i R AR 0 A

IR TR R AL T I 25 (R R TEHERR R G, Xia 55 M OREE EIRH T- i A i
JE, I TR L 5 1 P R PET B ST B IR - 2 TR 5 2% 1 e O OG R Yu 4 (19 R T B il
B 2 0 TE A P P 2 W 25 T S T AL SRR AT 5%, TR 5 SCAS R B = A AR SR T T ) 22 M 52 e
BRIk, TR R SR SR AR B KA AR Bk I L. A B A, Di
Z5 120] 0 Pl ot 220 009 2% 182 FH 4 RS B PR T T 55 o, T T A4 RS 2 P B vy
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Y OREK, SRIGEE A DU (Bayes) MR AL N HEAT HE T T0; Nguyen %5 5] JT-H0 [ w1 28 ) 45 44 25 )58
B RN 25 W R i 2 i 3895 E 75 TR, 45 i ] B ) BT L DRSS AR 2 > 25 W 2 R AN IR F 1 22 Fh 2 Y
(R 2H & LATIUI 25 () AH ELAE AR E . ZEAC B T AT, Wang &6 (211 70 I I ol 4 g 1 Sk ik e
PN A AT AR L, T PR 48 [0 4% A b Ak A 7 U 1) T [ A A AR 2 [ e e AR ATl 2k 25 7 o i
W BeAh, A — LGB AR I BN R AR A X 25 T 2 K A% Ge 0 1 27 2 5 B AP & N 4%
AEE G R T R URAESS. B0, X0 G AR 0 40 X 26 TH X 2R P 22 S OR B M R A 22 0 1) R, Jin
& 2 R T K S S B RRIEMN S (hypergraph induced convolutional manifold network, HCMN).
HCMN JEEAEREA /MR R A 8 ], HdE AT 15 G0 [ 5 ) SR B8 s B0 T 75 1) Bk, 1R AR
LRI 2 P 2 AR TR UL SEAE 25 Hh R 14 e

IR A 2 I 2 5 135 O B HE SR I e I 2, BUORTE /NSRBI T R R, (HHE
DARE FH T KRS S, SEBr S 52 FR.

3 BIEEMEMKRE

ARG 1 SR T 5 H B AR PR e 22 M 2% AT EHGNN, IR RF-5 Rl i) JBUE S, SRS A AL
JITHR H R PR AR L T R B I AR B T SR R RS R 240 5 R 3R 4T B A E 0

3.1 1RAMAR

EHGNN = 2 iyl BERAF AR BRI T 5 Bl B AR TH SIS e 4L . 45 52 #0dfs, EHGNN
ST IR rh by R P S5 R IR AR AT RN SRAEAR B 5 SR HRAERE H AN sl X RN
BRI EHGNN 53 i R AR EAN 2 AN R Z B M. AL R A, M6
FEVE R KR P R M T HE 5 R A T T UH 5. SE R BB B A5 R I, THBEL <9 A — 9 R
JE R AR R A I HEAT BB BOBE G AR, Horpy, SR BT R IE R &, JF3E T @ik R AT R A e,
BJE AT RFE AR, EHGNN RENS = R B K RS EdiE 1 B Bk, Pl 2 =0 2R ZE S = i\ BE 5
BB T R S BB TSR TR ST, B 2 R 1A SO R T R R AU A i) EHGNN

HEZE.

3.2 TFSMERENX

AN N AR E . EEEET RS SBEUES, @EE N G =W, W), H,
V AT RS, & HEILES, W BB ERERE. i DA B R RS BT, AT
HEEI, AN e € € HHIRIBUA w (e), R A Bt B EVE. thutt, B B AR ]
PATE XL diag(W) = [w(er), w(ez), ..., wleg))], FFEH AL — o s ARG B RCE. 45
SE—/MEE I G, e PR 5 Al I — AN SRR R H e {0, 1}VIXIEN Sk, Hh & — AR5 H(v,e)
PERRT S v 2ERTEL e
{ 1, ifvee,
H (v,e) = (1)
0, if v ¢e.
SER b 8 ORI R R B R SHMEAMY R T 0 BE 1, AT LA [0, 1) DX TA) B 2 S AU
B B ) A — AN E B SR SRR R AT TR, R R R, A R 2, i
HH R R ) R R R, A PR EE G I L S (e) AT AIEE d(v) 43E SN 6(e) =
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Figure 2 (Color online) Overall pipeline of the proposed EHGNN

=51 Hypergraph neighborhood sampling algorithm

Input: Target vertex set V¢; hypergraph incidence matrix H; batch size B; neighborhood size W; adjacency function Adj;
random sampling function RandomSample; matrix slice function Slice.

: & = Adj(Ve, H);

&/ = RandomSample(&, W);

LV, = Adj(€], HY);

V, = RandomSample(Vy, W);

: Hy, = Slice(H, vy, hyp);

Output: Batch vertex set vy; batch incidence matrix Hj,.

Svey H(v,e) Ml d(v) =3 cowle)H (v e). $adt, AT LLHE—5 5 5 BB A FERE D, FHEE I
XS FFRE D, FEFE 0 A 2R — S o ST BT R I

G —MYREIFHEE G = (v, &, W), IATHY H A >3 B 5 f R4 R, 7T BUB A i
8 SURE SIS REL f 2 (V,E, W) — Zy, Hoh Zy, € RIVIX 2 fir 2 = 3 175 fUR4EROR.

3.3 HBEIRMfER

x4 i L A e 2 ] 2% R P BB TR U 55 R S B0 1) R 2 R v AT A3 - RS g
R IR, AR TR RS JREE TR ) 0 il 507 SR SR R 22 ) 5.

T PR AL R AR A% L BB R SR 0 KA Bl g 3 HE F O 1 0 M 22 A AR T 422 10
B, AT S DA ) 228 R 2 P R b AT T 5. AN it — 2D 3R I 7 Rl BRAE D51 23 2R
I TCRAE. AR5 A R O, T ARYE A A K37 5 i RGE I 1.

FEAY 173 JERAE AN T8 B TIURAE 10, B S0 19 i AR A SR 384 H 4n T 5

EX (TR T v 05, HAT AR E SOZT R REGEIL S N, (vi) = {e |
v; € e}.

EX2 (BILBIE) X T e; TF, FEILRIRE ONZH I KRBT S Mo(e) = {v |
v E e}

A G SRR AR R, ARG WS 1. 4 58 ¢ IIRBI HAR T s & Ve = {of |i € [1, B]}
(B AL, B H AR R A 1m0, & SeRIE B RIBE RS H TSR — S HARY A v 1
TR AR N, (vf), RIUFTRIRIEAEE &, FHBOUFESE] & = (N, (v]) UN, (vh) U---UN, (v])}. B, IR
Pa B IR 2 B2 R S AT REN LR, SRR R ARG & = {el |ic 1, W]}, W N
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Target vertex @

Layer-wise
sampling

Initial hypergraph structure First-layer sampling Second-layer sampling
Neighbor vertex @

Neighbor’s connected vertex @ 6 %
Unsampled vertex O u u
‘Q‘ib ! ig !

Initial hypergraph structure Pre-sampled sub-hypergraph

B3 (FMERZE) SRS FRETRM L R EE

Figure 3 (Color online) Comparison of layer-wise sampling and sub-hypergraph sampling algorithms

Hypergraph
convolution
Hypergraph
convolution

Sub-hypergraph

sampling

&% 2 Hypergraph layer-wise sampling algorithm

Input: Hypergraph vertex set V; hypergraph incidence matrix H; batch size B; neighborhood size W; random sampling
function RandomSample; hypergraph neighborhood sampling algorithm NeighborSample.
V; = RandomSample(V, B);
V}, H, = NeighborSample(Vy, H, B, W);

Output: Target vertex set Vy; batch vertex set V]; batch incidence matrix Hy,.

WERFERAE. WG RS, B DR I AT, BRI RS Ne(e) =
{v|veelel &} WTEMRFA BT, ZPERET LS V. Rt MHZEESRYE s
I RIS S B AT BE LR, SRAF 2R H AR RTS8 V. A, IR
ERFE RIS & MRS v, M ERIBGER: H ATV, 3095 2 ATt UCRAE R K
RIKFFE Hy, (AT B SRCRAFIY, 38 1 15 v 5@ B LRI R 2 K 1) 7 o AT 4s AT 12 408 35k )
TR, TR ATV BB I 2 AR, BENLE TN TR R, SIRARATETE D T2 5
I, BELIEREAT IR IT R AT R R AN

PR R0 J2 RAERN 18 B TIUORBE A B ARGRS . 3 JE RN 1 I TR AL X L ] 3 P,
IERNEEET 0 R O B, R B2 W 25 AR B AR 20 A0 24 Ak B AT R, B RIZ AT
i P 5 R AT - IO BB B A VR IA WL 2. UK &, EET 20 2 RAERS, BT SRS
V R EEHURAE ALK B AR RS v, U B, 1T Ja X %5 68 Ik B /B CRAE 3R G 2
RGBT BT RS G, R AN L [ S IRAR B R 5 m R R B v AT D70 P SREUR E PR 24 iy
UG I RIRAE RS =y, AU G AEAE RS X, 0 2 SR it s ] 4 J2 58 T OV TR R SE BB 0 i 5
Y Tk

T ETURFEE T rhn g U AR, Filse 2 E RIS 24T, Hd AT e MG
SVEARIR WAL 3. BAKT S, BB BURAEEEAS BARTY mUH R, SBIR IR AN BEAT 22 J2 8 B ARk
FECLIREC TR BS54, A2 i A AT BUR R SIS AR Vo, SRAE T2 SRR H5 1 Pl e 22 I 4% PR
. XPECIT S, 0= ARG ZEAA il i J= o Sl S 25, 11 B R 7 iR AE T 46
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Bk 3 Sub-hypergraph sampling algorithm

Input: Hypergraph vertex set V; hypergraph incidence matrix H; batch size B; neighborhood size W; the number of layers
L; random sampling function RandomSample; hypergraph layer-wise sampling function LayerSample.
: V¢ = RandomSample(V, B);
: Hs = &
V= Vi

1
2
3
4:
5:  Vnew, Hp = NeighborSample(Vy,, H, B, W);
6 Vb = Vnew;

70 Veadd(Vaew);

8  H,.add(H,);

9: end for

Output: Target vertex set Vi; batch vertex set Vs; batch incidence matrix H.

Full-batch computing Mini-batch computing
@ Sampled vertex O Unsampled vertex

B 4 (MERFE) ZETHESRSRESMITES R REE

Figure 4 (Color online) Comparison of full-batch and mini-batch computing schema

THERT UG R AR BT . DR, TESOHE FUBLEL R, 15 2% S A7 ] BB LA J2 70 2 SR A7 i 75 oK
LR ) o2 R R TRORFE v, T B RN 2, (R B, N7 EAEAE I ZRF B mT R A2 1R
R SR, 1052 SR RE 5 TR B TR R 5 1 R A 3 K O RE OSSR ik 55, iR
I ] 25 2.

BE—b, T R LA % SO R R A 28 R 4 (0 20 5, SRS A ik S5 R 1
ST 4 s, BEHE T R E T 5 AT 105 5, TR 507 AT B A 1
HEAT TS AR BT R AR 50 SR B e e PR 485, 5T PR R R O P R 4%, ek o
TRHEAT R TS AT P 3 i D 22 A T AR B R /N FUBE TR 1, DT S B R AR 25040 1 23 v
AR REE D SCRF AN ). S B ST L, VA4S ST X IR BRI B, I
GEPASEEMRE R A, Kk, 765 FHEdEn, 59925 S TR EHIGBEA R B
B iz A R, FE TR R ARG AT A Bl S RE RS LE VIR B S SRR AR 51, 17 76 2R DL
AT IR AR, AT SR A VA 9427 ST B HESE.

3.4 ETBEMERBEEROTEMERER

BEXTILA 2 TP BT JE A% 32 Y0 P P 222 9 28 7 Yk e 1) 52 24 PR A v ) i R, /N5 3R T
Fe R B IS AR A TH S AR, $R 1 A A 1 IE SRR,
K 5 45 T P BUB GRS S BolE G RO LR B B BT T R I ma e Bl JE A 3
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Two-stage hypergraph convolution

Vertex feature Hyperedge feature
aggregation aggregation

——— e ———
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’
d
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/
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\
\
Hyperedge \
feature 1
Vertex feature Vertex feature 1
1

Single-stage aggregation II

oo

Vertex feature Vertex feature

Single-stage hypergraph convolution

5 (MLEhMFZE) S EEBESERS MM REBEERX L REE

Figure 5 (Color online) Comparison of single-stage and two-stage hypergraph convolution

AR AR A5 LR AT AL - - TR RFIEAR . — OB B AGEBIEE R R RS
—IREIERILFER . FE2 BB (YRR BY) s AR R BT SRR A SR &, TR g
FHIE, Zd 2 HT 51, 7255 B (B EREB) 1, b— B BOE SR AFAE 17 L B B 5
RIRE, TEBGH T R, 2R d H 519 AR OGEAT <99 - R0 T ARSI B G R ER A T
=, M Bl B R EAUAN R SRR ILRAE, AR TN TR A, I R RUK.

RN B BB AR T ST, ANTIRM T N R - TR B BOB B AR, DU G
FEIARFAE R AN S, 18 S SO P 4R35

EX3 (AL R) A NEEG=0,eW) T, W TR v 5 v, HFE v ee Hojee,
e € & WARKTT R v 5T vy HNMEETT A

HETAZE X, FEREAT B AR M 2% 1 73 TSI, BE S AE 2 AU HE T SR PRI 18] (4 J5) A8 40
PR AR, JFEAT WUETT sURFAE R H AR AR R RHIE SR & e, i AR 0 s ion 5 5 1R
AERE N AR LA E RS AL AR e, FIR I REMI B T — e B BO BB R, A & 28 U R iy
ik, T AR ALY ORI A, TR Rl R AR &R BRI, — R Bol
PR TGEHAT — U IE R &, Wi 2 25 B 1 B RN s 5.

3.5 IRBVGHTS

FESBrig A R, A T 53— BT IR I B AN B, B AN RIB BCR A AN ALY
o, TR A AR AR R P SR T R 3 SO AN ). R R (I 2 B, 7 EAT AT 17 A% 4 A0 s 17
k. I LAk I R 7 EEOR B KR 0 e ot LS IR AR i T AT AL 3R AR, 2008 2~4 18 (5T
EERA AT R). Bk, AR RIIGREY B i R FEAR UL I @ B ORAE, sk 4 fos. &
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H% 4 EHGNN: training phase

Input: Vertex feature matrix X € RNv*Ne: training sample label vector y € RNv; sparse hypergraph incidence matrix H €
R2*Ni: batch size B; neighborhood size W; number of layers L; sub-hypergraph sampling function SubgraphSample;
feature aggregation function Aggr; multi-layer perception function Fc; vector maximum function Argmax; loss function
LossFn; back propagation function Backward.

1: for V¢, Vs, As = SubgraphSample(H) do
2 forl=][1,...,L] do
3 Vi=Vs [l];
4 A = Asll];
5: X = Fc(l)(Aggr (X[Ve], X[V, A );
6 end for
7 z¢ = Argmax(Xy, dim = 1);
8:  loss = LossFn(z¢, y[Vt]);
9:  Backward(loss);
10: end for

&% 5 EHGNN: testing phase

Input: Vertex feature matrix X € RNv*Ne: training sample label vector y € RNv; sparse hypergraph incidence matrix
H € R2XNi; batch size B; neighborhood size W; number of layers L; hypergraph layer-wise sampling function
LayerSample; feature aggregation function Aggr; multi-layer perception function Fc; vector maximum function Argmax;
vertex concatenation function Concatenate.

s fori=1[1,...,L] do

Xs = Py

for V¢, Vy, Ay, = LayerSample(H) do

X; = Fcl) (Aggr(X[Vi], X [Vo], Ab));
Xs.add(X¢);

end for

X = Concatenate(Xs);

: end for

: z = Argmax(X,dim = 1);

Output: Predicted result z € RVv,

© X N>R w

JE T RIRFERERE X IZRBEAR RS2 A& gy R R R SCHRAERE H, HAe R 24
AR A AR SRS L2 RIEAN A, Mg 2 TR E, IR T R 2 R EER. T
UK S5 R AR 28 A DATH SR IR IR A% SR 24 AR Bam &, BRI B Be A B 2 i
)AL AR AR, DRI ATk 20 2 SRR Il R A, DT 3t G 3 55 3t D P9 A2 5080 PP 8 1) 2 A7 v,
I/ TRL R4, PEAR IR LA 5.

3.6 BEZESH

BUAT B [ e 2 W 2 A KRR S S P ) B B T B T S S RIHAH. e Hh A ik
T BRI (8 P W 22 R v S 58, K TR AT B BT S B OSSR [ 2 i e 22 A AT
ARBRFR) NS TR IR b h SR B O R AR 3 2 1) BHR RS €, Sl B A R JE 1 (e s
ATEILE) Fook. T RGBS T A v 5 OB RR AL S 0%, s R KT
DA B, DR AR /N5 DA 22 90 2% (K3 U1 R0 B2 1) 52 23% PR 20 A 16 PR SR A B 1 Pl e 22 X 2% 2

RIE.
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GE—NEA N AT, M FBILKEE G, DA BHEH R 22 M 2% B3 1208 K BT B ]
TS, AR 200 O(NM), IELE T RIRAEFE H . BscRae A7 fil B3 I B0 E 2 T B R B
RS PR 22 X 2% (RERAE LA O B, U R (22 RV R 2 08 O(B2). 38, 4N KA i
B I/t N AU M. A, BT AR Tl P SR AR B F) i P 4 2 X 248 3 20 B (I P T B A 3 )
RREE, BN R,

4 SSBAR

A% EHGNN BRUAE JUAS SO BT 45 Bt 58 1 i ROMEdbAT 7SI I0 . R, #5147 17— &
SRR, DAt —25 70t EHGNN By P RE.

4.1 TEHESLW
4.1.1 HIEE

AT A AN R 77 VR A 240k, JRATIHE 4 AN FCsictht s B a4 Btk 79k, B 2 AN KM
B B4 (Amazon-reviews 1231 il CIKM19-ECOMM 241y DL K 2 AS/NIRSH EIEHE 4 (Walmart-
trips (251 F1 House-bills [26]). 4l 4L 00 HARRR W .

e Amazon-reviews 231, ZHIRERAR T W HBELF & LR PR FAFRR SRS, B
2268231 /M i A1 4285363 AN H T, T JE T 29 ANANE RIS, K EkE BRI, 4 5 i A e R,
BRI, RIBAZH PR B AL

e CIKM19-ECOMM P4, ZHHEEJH H CIKM 2019 EComm Al: Efficient User Interests Retrieva
HegE, fiAR T HR-F S LA - B, BE 1000000 AR 3849407 AN . FH RS
SEAWIANEFE Sy 9 Fh2o). oy i I, b FH P ™ s, oo B R, ORI S i w2 i
I .

e Walmart-trips [25]. ZEHEEEIR H Kaggle 038, R T 7R AR FLAE 28 o 3 9l b (K 047 M 9%
A, B 88860 M A L2 69906 ZE I SKACS, T A ARIEHANSIL Dy 11 NI, Rl B, R
TR R D S SR BRI, RIBRAE BRI ST 3% BT D) S FRD 7 i

o House-bills (2. ZHHAERIA T HE E R ILFE SRR R, A7 1494 ANE SR 60987
FWER. E AR BBy 2 28 M Ry, F R @O A GBI, 5%
BRI S R NFN T A LR SR

F1RART A NMBIEENGITHEE. XTI sEss, g8 M4 . WurgEm tu ekl o 2570y
8:1:1. S AT B BT L 7 vk, EEE I R A R i 7 s . e TR T B b5,
S P e 1270 0 Bk e e R Fe o T s I, PR IS AT B T I sl 2Rk, ik 1 AT, By
JE A5 B fa] B P 1 B e 22 T L I b R T A

4.1.2 FHEFE

AV P 1) EHGNN B85 DR 13 AN EEAETT RS T X HL, B S AL G K5 2] 77 (traditional
graph learning). KZR/R%>]J57% (graph representation learning). KM 457714 (graph neural
networks) &40 % 2] J77% (traditional hypergraph learning) DA B2 2% 751 (hypergraph
neural networks) 3 5 KIEJ7vk.
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Table 1 Hypergraph dataset statistics

Dataset #Nodes #Edges #Extended edges #Classes
Amazon-reviews 2268231 4285363 6067093005 29
CIKM19-ECOMM 1000000 3849407 9380156656 9
Walmart-trips 88860 69906 4244974 11
House-bills 1494 60987 993658 2

o G252 Ik & EIRE AR5 (nearest neighborhood, NN) 281 FIFRZALFE H L (label
propagation algorithm, LPA) (29 KT AR S T 2R AR 6 — AR 28 A, HS AR
A P B 0 2R A AR s A SRR E . LPA S — M 1 L e B o 2 By, 6171 ) PR B A2 1 5
(A% 3R IR 2 BB S LPA W] I8 I A BT A AR R o Aot T QR SRR 0 Je. R A PR SR AR 1) 220 B B
PR AE /N B S B SIS, SR LPA R 20 A KB 4R B St SR LPA A%
WS

o FFINY: S 71845 DeepWalk B9 Fl Node2Vec BY J71k. DeepWalk =B T FE AL AE 71k
KEESAT T RUF ), JHE ] skipgram 77757 2119 HRON. JETIZERON, ] 2 2 M 2 P 46 Rtk AT Ja 25
[177 573 2E. Node2Vec £ DeepWalk HJFEAM E | SR I (i BEATLI AE 1 SRS SRR BT 155 81 3557 20 49
.

o EHHZ M4 )7 740G GraphSAGE 112 Cluster-GCN 131 fll GraphSAINT B2, X 3 Fhyikdi R
AN 2650, GraphSAGE SR T T7 58, BRICRAE— DM HERT RO AR R 2175 RN, JE2
SURHIEZR G R AL, Cluster-GCN SR 5T BIER K 70 bt 50705, B A UL B AR ot Rl 73 Dy
SEERRARE, JFBENLIGE R — A B MR A BT CGEAT ISR, GraphSAINT B 56 AR B o Rp:
T, HEET F BRI BG4, BT H i 040 75 V2 R0 R SR B 68 V8 b 5 22 0D 22

o fEGER ] 2] 5 i A HE L T 8 1 2% 21 732 SHL M) AR AR AL 6 7732 (cross diffusion on
multi-hypergraph, CDMH) 331 SHL K JR AT TE [m) B HEAT 43 B A0 SR 28 7 v4f T BB I L, FE7E 8
BIZRTTVE R Bt — D3R ) 18 B RN AN S HERR ARV, B e /MU I A O R 5 A
I HIFRRE 22 . CDMH i id 76 4 B 45 48 b HEAT B389 HIok SRR 5 A6 I, B 2120 RIS

o HEEIMHZA N LR J7 R HE HGNN 61 HyperGCN [101, HNHN B4 A1 HGNN* (7 J73k, iX JLRp 7%
PR B S0, HGNN B R 1 5Tl R s A e B e 2 I 2 HE SR, SN T i Ry
SR SRR T RURFAEREAT 1. HyperGCON & 25 T B 1% B0 51T 1. HyperGCN 15 Jeillid 47 5E 1
TR A4 255 7 8 P A 1 1 B R INASL I, AR 5 X 1 R ARt GON Sk I8l %67k HNHN $2 tH 78
P A AR X 2% thof AR A 1 0 R 5 RIS 2 1 ROk R, R T — R RS B A — A T &, iR ERE
SV IRNTV S ) B2 ME. HGNNT £ HGNN FBEAl Bk — 52 th 1 25 78 P 2 3 A ) e ) o
L EEAELE, 5] N BR AR B AL 6 T 3R Ak ] oA 4815 1S R

A G AR, R SR SR B ) EHGNN AR 3 4 R TSR AR B 1) U 4 20 A 4 P 4%,
EHGNN-fast %7~ EHGNN FINERAS, BIFE EHGNN (125 FInN 3.4 /N5 5T B B B
RA R RIIPE Yo

4.1.3 TENIEFR

AT T B T 5 AT 55 EdbAT T 5256, SR Accuracy, Precision, Recall, F1 score fll AUC
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Table 2 Hyperparamter settings

Dataset #Sampled neighboring nodes =~ Embedding dimension =~ Hidden dimension Learning rate
Amazon-reviews 32 64 16 0.001
CIKM19-ECOMM 64 64 16 0.001
Walmart-trips 64 1024 64 0.001
House-bills 64 16 16 0.08

SEFRPRORIEAEPERE. BN E RS TR bRE X

e Accuracy = w, Horp TP RORTIN ER ) IEAEA, TN R AR AR, N RBoRFEAR
e Precision = %EFP, HAr FP R T A, 157 ) IEFEA.

e Recall = gpty, HhP FN FOR TINAT R (9 SR

2 X PrecisionxRecall
Precision+Recall *

e AUC = ROC £k F#HH.

KT ZAR2E 53 AT 5%, AR A macro $8FRTFE: Accuracy FEARIITHE 7 AR, X H 25
B, B2 73 R IRER A N 2> 3 R IAE, 73 TSRS SRR T IR R AR R, fE SROTAMELG 2
L IRBAT S Y Precision, Recall, F1 score A1 AUC.

,
ps |

el

e 1 score =

4.1.4 BHEE

XA AR AR, A SCRAPE EHGNN 475 2, (B — 28 IR BB E G 7 i —
JZ ReLU #3528 — )2 logSoftmax JZ. ANFRIEHEE LS Hulid AR ur4E TS E R 2, B
SR EWR 2 Fin. RIS E 9 2048.

BTG SEERIILE 12 . 640 G NAFIY CPU JIRZ#8A1 40 % 256 G WA GPU JIR%5 3 HIgA4T,
GPU 4543 BL B A WATN 32 G 1 Tesla V100 <. AEG I 5: 2] 5k AR Gul 22 21 ik R BFR R %
TR SURAN S B TR A BAF T, A RTIER CPU RSS2 AT 15 BRI I 7 28 B
Pl i 22 ) 2 7 VA AN R B P 2 N 28 D7 VR TR A FH B A7 VT B, FERTIR GPU IRSS 48 AT iH 5.

4.1.5 SRWHERKRS

ASCHE 4 A FSA FAE E B 55 X EHGNN Rt b 935647 7 S286. 7ESeie s b ) “ooM”
(“out of memory”) FRyNZ AR AT WA IR B TCZ0E1T. BN KMAEEHESE Amazon-reviews
A CIKM19-ECOMM. % 1 7] I, Amazon-reviews f1 CIKM19-ECOMM #3E£E R 5 i K
RS LR R, R RS 2] )77 (NN, LPA) Al EHGNN A6 78 G876 AN KRR 4
£E 11217, DeepWalk 7 Amazon-reviews i £4E L1217, 1M7L CIKM19-ECOMM ##adE L& H W
PRI ICILIZAT. Node2Vee Tk EIMNA M4 T7% A% el 1 2 2] 7710 DA SRR R Rh 22 ) 24 D7 V08 B
Byt CPU MR g5 i W A7 BRI, PRI IT G2 A 3 P A R AR e e e B B as AT

FE R FIBEE P B IR Siein i R anse 3 F0 4 Fros. ANl USSR, Brde th i) EHGNN B 7R
BT $a b B X K bE vk, BN, 78 Amazon-reviews R Accuracy 85 I, EHGNN i
I DeepWalk J1£20 32 /N 43 5i; 7E Precision A5 L, EHGNN AX} T DeepWalk P feHE R T 41.71%.
PERESE T EZA W7 R — 7T, =T B0 J7 v DL BB AR P oo RN = B ST, R
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Table 3 Experimental results on Amazon-reviews dataset®

Method category

Method Accuracy

Recall

AUC

Traditional graph learning

NN 28]
LpA [29]

0.4689+0.0000
0.49344+0.0000

0.6497+0.0000
0.6796+0.0000

0.208340.0000
0.153440.0000

0.247940.0000
0.1907240.0000

0.4914+0.0000
0.4985+0.0000

Graph representation learning

DeepWalk [30] 0.6467+0.0018

0.493240.0036

0.36414+0.0031

0.380540.0036

0.4903+0.0004

EHGNN

0.9103+0.0068

0.9138+0.0042

0.8843+0.0088

0.9563+0.0021

Hypergraph neural networks 0.9664+0.0005

a) The best results are marked in bold.

% 4 CIKM19-ECOMM #iB&ESLEsER
Table 4 Experimental results on CIKM19-ECOMM dataset®)

Method category Method Accuracy Precision Recall F1 score AUC

~Nn (28] 0.193940.0000 0.099140.0000 0.1309+0.0000 0.060840.0000 0.501640.0000
Traditional graph learning

LPA [29] 0.2770+£0.0000 0.1101+£0.0000 0.1112+40.0000 0.0483+0.0000 0.5000+0.0000

Graph representation learning  DeepWalk [30] ooM oOoM 0OM ooM ooM

Hypergraph neural networks EHGNN 0.3308+0.0007 0.2491+0.0028 0.2267+0.0032 0.2034+0.0086 0.5633+0.0016

a) The best results are marked in bold.

R Al FH R IO ) A1 F 6 SR A i N, T PR PR T e AN e ™ A S5 U A B R 454, AR AEfR .
ik, TR EREBEESRE R, T EHGNN 18 B @8, sEa5 4 KB o 20 @& b e B 9F:
HEATHERE, MRS T HERERR T 23— 5, EHGNN T B & M 28 3147 52 31, fx T4 vk A
A BRI 22 2 B ST RIS RE

FATTIEAE IS /NS EE B s 52 Walmart-trips Fll House-bills _FH#EAT T S256. Walmart-trips Z(E
s 8 AR, 4 7 JiakiE, Ry RSN E R E S D E T AR AR, AR TSR
WEET, 5T B 10 0 B & 28 07 1R JeiE AR 8k 48 FigAT. e/ M IsSE R 3R 4 B
SEIREE R NER 5 F 6 PR,

MEA bS5 45 B w] DAAS 40N B 4 A 2 i

o JETHIZ LS VAN ERE T A TR S 77 (AR GBS ) ik 5 a B E % 21 7). X E
BRI B 25 2] 9K B 2K 8 A A5 ASRY e A% B 47 b A4 AR R 1

o T BB VA RE S w AL T2 T BN vk, H EHGNN 1M EE £ 1 BT fe b LIS
T ARG R, BN, XFTF House-bills 44, HGNNT AHXF T GraphSAGE 5 VE7E Recall f8br S
T 25.79% WIHERESETE. FEAH, TR H B EHGNN AR5 T GraphSAGE 7E Recall #6845 FEUSG T
31.65% HIVERESR T, X 32 B2 R B 248 FH T A B ], xfe L s A P el w4 s T ) v o O B,
TR A e 3R A 0 ] B AR T J5HE B AE A B0 5. T EHGNN % 5 i b S A 5004 1) 1) =
K, AT RAF B AR 14 fE.

4.1.6 BIXRBITRIERZE 5347

XL EHGNN FE A AT B TV I I 2550847 303, ASCHE 4 DM URAE EXE EHGNN FIXT b7
IR IE] . ST AT T gttt R 7 R TN KIS PE4E Amazon-reviews F1 CIKM19-
ECOMM I EHGNN BLRIAI L7 VAR 2 RV FEAR L. SR ol DAE B, BR 1 28 8N A7/ A7 3
H i TG T84T ) Node2Vee f Gt FI2E 21 J7vk . Bl /A4 48 4k, EHGNN J5 1% 2 ]
TR N T HoAh o b v, RN B T TH: 150, EHGNN fe % B4 BB B 45 0 it 5ol 8
G A B A e AR BB 55— D7 THT, EHGNN RE85E T BT th 1 8 R R A B s I8 B -k vk 5
LN (i SN PR

# 8 JER TAEPIA KB IR 5 Amazon-reviews Al CIKM19-ECOMM _E EHGNN AR A%} Lt
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Table 5 Experimental results on Walmart-trips dataset?®

Method category

Method

Accuracy

Precision

Recall

F1 score

AUC

Traditional graph learning

N 28]
LPA [29]

0.305440.0000
0.394540.0000

0.731140.0000
0.729340.0000

0.1937+0.0000
0.15014+0.0000

0.21954+0.0000
0.143540.0000

0.56194+0.0000
0.536240.0000

Graph representation learning

Node2Vec [31]
DeepWalk [30]

0.459340.0111
0.706440.0031

0.626240.0452
0.693940.0406

0.2377+0.0046
0.45574+0.0047

0.2576+0.0038
0.4886+0.0058

0.535740.0035
0.608540.0408

Graph neural networks

GraphSAGE [12]
Cluster-GCN [13]
GraphSAINT [32]

0.751340.0041
0.784940.0032
0.5656+0.0077

0.750140.0042
0.784340.0070
0.56704+0.0071

0.54334+0.0074
0.4939+0.0064
0.34414+0.0159

0.60124+0.0067
0.51094+0.0073
0.37854+0.0195

0.757140.0040
0.735440.0479
0.64611+0.0084

Traditional hypergraph learning

suL[14]

0.720540.0000

0.722840.0000

0.5164+0.0000

0.5789+0.0000

0.74154+0.0000

cpMH [33] 0.670540.0000 0.730240.0000  0.443540.0000  0.5132-£0.0000 0.7016-£0.0000
HGNN (6] ooMm ooM ooM ooM ooM
HaoNNT (7] OOM OOM OOM OOM OOM
Hypergraph neural networks HyperGCN [10] oOM ooM ooM oOOM OOM
HNHN [34] ooM ooMm ooM ooM oOoM
EHGNN 0.7904+0.0023 0.7907+0.0066 0.6067+0.0076 0.6595+0.0065 0.7911:£0.0039

a) The best results are marked in bold.

% 6 House-bills HIEESLIEER

Table 6 Experimental results on House-bills dataset®

Method category

Method

Accuracy

Precision

Recall

F1 score

AUC

Traditional graph learning

NN 28]
Lpa [29]

0.5034£0.0000
0.624240.0000

0.558140.0000
0.7926+0.0000

0.525940.0000
0.600040.0000

0.437440.0000
0.535840.0000

0.525940.0000
0.600040.0000

Graph representation learning

Node2Vec [31]
DeepWalk [30]

0.5436+0.0134
0.677940.0067

0.53794+0.0182
0.7214+40.0106

0.5289+0.0146
0.662840.0072

0.50624+0.0221
0.6486+0.0103

0.5289+40.0146
0.662840.0072

Graph neural networks

GraphSAGE [12]
Cluster-GCN [13]
GraphSAINT [32]

0.664410.0427
0.604040.0212
0.617440.0341

0.7101+0.0560
0.61234+0.0323
0.63324+0.0382

0.6486+0.0563
0.60954+0.0198
0.62544+0.0361

0.6307+0.0632
0.6029+0.0461
0.6140+0.0338

0.6486+0.0563
0.60954+0.0198
0.62544+0.0361

Traditional hypergraph learning

sHL [14]
cpMH [33]

0.879240.0000
0.832240.0000

0.90724+0.0000
0.8798+0.0000

0.871440.0000
0.821440.0000

0.875140.0000
0.8230+0.0000

0.871440.0000
0.821440.0000

Hypergraph neural networks

HGNN (6]
HeNNt (7]
HyperGCN [10]
HNHN [34]
EHGNN

0.899340.0056
0.911440.0073
0.8926+0.0337
0.912740.0171
0.966440.0153

0.91514+0.0080
0.92394+0.0053
0.8988+0.0327
0.92374+0.0121
0.96811+0.0124

0.893740.0054
0.906540.0078
0.8890+0.0392
0.908240.0183
0.965140.0163

0.89714+0.0056
0.9097+0.0076
0.8912+0.0391
0.91114+0.0178
0.9662+0.0157

0.893740.0054
0.906540.0078
0.8890+0.0392
0.908240.0183
0.965140.0163

a) The best results are marked in bold.

® 7 KAREERE ARG ENEITAR/EF (GB)

Table 7 Running memory (GB) for different methods on large-scale datasets

Dataset NN [28] LPA [29] DeepWalk [30] EHGNN
Amazon-reviews 141(CPU) 231(CPU) 234(CPU) 46(CPU) + 12(GPU)
CIKM19-ECOMM 177(CPU) 352(CPU) OOM 50(CPU) + 23(GPU)

Ji S T FENS 5. Node2Vec. (RSB 2 > 5k Bl /B A M4 ST aT prid, & kAN
17 BAFEH, SEEIRIZIT. NN A LPA RN EMES )57, XA IR B, ket b
B, SR, BELHESE 2] 5 iR R UGE B HOE I 2 75 BRI R AR, R A% . DeepWalk
J7 A EHGNN J7iE3 N IAGN 5 21 7%, IZRMr BORER ZE Rl — 20824, T DeepWalk ZEMFT B () #E
. EHGNN fER A Bt EAHEL DeepWalk B4 2%, RITIFER K. SR EHGNN 173 P fgic
1T DeepWalk, TM7E FH 13 A E IR BURERS AR /N LY, & T rl 852 1 va .

Kl 6 #—P R T EHGNN 5Xf AL 4 MRS LR mIFas — demfiZe oAn. AW ar e
R, AE A KA EIESE Amazon-reviews Al CIKM19-ECOMM |, EHGNN #5RY 7543 285k 15 143 i)
FEES W T T U TR —— IR R e, WAE G SR/, TZE AN /N EL R A Walmart-trips
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Table 8 Running time for different methods on large-scale datasets

Dataset Stage NN [28] LPA [29] DeepWalk [3°] EHGNN
Amazon-reviews Testing 7 h 57 min 26 s 1d1h25min2s 13 s 25 min 34 s
Training - - 1d21h5min38s 4d1h40 min31s
CIKM19-ECOMM Testing 13 h 40 min 51 s 17 h 13 min 30 s OOM 22 min 49 s
Training — — OOM 3d1h41 min 27 s
a b
1.or @ *EHGNN 0~4'( )
EHGNN
08 * LPA
DeepWalk 03 )
[©]
g0 LPA ] N
g NN ) g o02f e
Qo
< 04} <
02 Node2Vec, CDMH, GraphSAGE, ClusterGCN, O-1F DeepWalk, Node2Vec, CDMH, GraphSAGE,
SHL, GraphSAINT, HyperGCN, HGNN, ClusterGCN, SHL, GraphSAINT, HyperGCN,
HGNN', HNHN ® OOM HGNN, HGNN', HNHN ® OOM
0.0 1 1 1 1 1 0.0 1 1 1 1
0 50 100 150 200 250 0 100 200 300 400
Memory (GB) Memory (GB)
Lo © Lop @ JEHONN
HGNN*
ClusterGCN SHL ‘HNHN
0.8F EHGNN o
§HL DeepWalk ‘ * 5] HGNN HyperGCN
o S GraphSAGE 08k
- CDMH
% 0.6} CDMH 2
2 @ GraphSAINT g
3 3 GraphSAGE
] LPA @ Node2Vec S © DeepWalk ® LPA
< o4l Y <
: 06l GraphSAINT @ ©
© ’ Node2Vec
NN ClusterGCN S
02F °
HyperGCN, HGNN, HGNN*, HNHN ® OOM NN
0.0 L L L L 1 04 1 1 1 1 1 1
0 10 20 30 40 50 0 5 10 15 20 25 30
Memory (GB) Memory (GB)

6 (MKRFE) 4 MUBRE ERGFENTETHE - EHBENH
Figure 6 (Color online) Space cost-accuracy distribution of different methods on four datasets. (a) Amazon-reviews;
(b) CIKM19-ECOMM; (c) Walmart-trips; (d) House-bills

A1 House-bills b, EHGNN A37EfrA 7k i AR 1 S aF il PE e, fE23 A JT45 77 10, B8 EHGNN
BRI () P9 A7 o FH A 38 o % b 325, AEBT o FH 28 B0 38 & TRl — B g, Hoh = i v I IR 45 25 e
CRFIPERRVE L, HEA LI TE RN . DA S 25 SR B, 78 25 (R84 B D% Bt 1) 240 PR 2 1) R A
HRAE I, EHGNN 1E 7 08 B AN 2 (8] FF 85 PR 5 T3 Re S B35 L 3% mirE /NS a5 |, EHGNN
MRS IR 7 Kk RE.

4.2 HEMERESHRM S

NI P B2 H (0 5 T L BOER B8 B B T SO B K AT 2, AN AE Walmart-trips 24k
AT TN RS R S, 6 BT IR BRI ) ENGNN B ONELE THRInE ) . AL

867



AR T 1 KRR ) s R P b e ) 2%

F o BEVEMEEHRER KGR
Table 9 Ablation study on hypergraph computing acceleration module

Running time for one Running time for one
Method Total running time #Epochs
training epoch (s) testing epoch (s)
GraphSAGE 10.17 2.99 438 min 41 s 2000
EHGNN 27.90 3.93 53 min 4 s 100
EHGNN-fast 9.61 1.43 18 min 24 s 100
(a) L (b)
15k 2.0
1.81
121
1.er
0.9} "
2 & 14r
g 3
—
0.6 12k
0.3} 1.0F
0.0 0.81
0 50 100 150 200 50 100 150 200
Epoch Epoch
x107 %104
10.01(e) 8.0 (d)
9.8F
7.0 F
9.6F
9.4f 60r
£ ot £ sof
9.0r 40t
8.8
3.0
8.6
8.4+ 20F
0 25 50 75 100 0 25 50 75 100
Epoch Epoch

7 (MEIRFE) EHGNN ERE 4 MRS ERRR ST L
Figure 7 (Color online) Convergence curves of EHGNN on four datasets. (a) Amazon-reviews; (b) CIKM19-ECOMM;
(c) Walmart-trips; (d) House-bills

THEIE RS EHGNN #%Y EHGNN-fast, DA o UL #2425 575 GraphSAGE. SR46 45 R
* 9 FoR.

MSEEE 25 R, U PSR (1) EHGNN-fast SEWSTE ARSI . AR 20 B 1 i 4
THIE EHGNN 4 3 1%; (2) 5 GraphSAGE Mk, EHGNN 7E I Zr IR B BL I 84 epoch
FERT I =T GraphSAGE, 4108 2 %, (Hi1T EHGNN Rei il 2Us, b Hit 50 i 208
FKT GraphSAGE, EHGNN-fast #F—2 i 7 A YIZRAE, 4 epoch FEWS AL FHIN B340 T
GraphSAGE. EHGNN-fast {1755 (8] FFA41 T GraphSAGE 3 ZE R FA —: ¥ %%, GraphSAGE T4
P (1) (A1 P 7 B W e ik AT 2 =), L B iz aze KT 8 B vh (B i B, 33 GraphSAGE 7E i
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17 BB AR I AL TR 22 (0 SR FLvk, P R AR 2 A 1 1 5 M A R I S M 1R B RR,
I GraphSAGE 75225 2 Il 2% Rk RS

4.3  UWEEsLIE

R TR Y EHGNN B8RS St g, AT T Weshitsess. B 7 B7x T EHGNN
BATLE 4 A FSct St IR 48 Erguiesioth 2. M SRie g S, aT LLWIER ), EHGNN fE I 2RI BRI HL
PRIKSR. R, EHGNN BAAE Amazon-reviews, CIKM19-ECOMM, Walmart-trips Fl House-bills £
AR 0 BIAELIE 50, 150, 10 A1 50 ASIZRES R BIIT UG U 8A.

5 RESRFKIE

AT R EIAG T P A 22 D 285 T 5o K RIUABE B3 1 FH 3 ¢ 1 I 25 2 2 B v Bk R, 4 T e GE I
PN 251518 EHGNN. EHGNN £ A 523 (R 8 R THERCRAR I 0 R, 2 il vt 17 7 R AE
RIS T B B B AR 0 v S A g, b 8 SRR ASEER S R 5 T 40 J2 SRR SRR A - T
R BE, R DUEAT R BT H B (0 KSR [ 4 i 9 22 1 m A B 1) /NS -8 P, S B R RS B 1
LT TR BOE BGOSR Bk A Gt 1) 7 B B SRR A A SR BOE B R,
o T AN SO ILRHIE BT R TH SR IT RS, 78 4 AN S0 AR 48 L 1 s a6 25 ARG LLEGIE T Fr i
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Abstract High-order correlations are ubiquitous in the real world, such as the social network, the biological
network, and the transportation network. It is of significant importance to model and optimize high-order
correlations for network investigation. The hypergraph, as a flexible and scalable structure, can be applied to
model the high-order correlations in a natural manner. With the development of deep learning, hypergraph neural
networks (HGNNSs) are widely leveraged for high-order correlation modeling and optimization. Although existing
HGNNSs have shown decent performance on small-scale datasets, they cannot be applied to large-scale data due
to their expensive space cost caused by the transductive learning paradigm in that case. This paper first analyzes
the root causes of the deficiency that HGNNs are unable to handle large-scale data. Furthermore, this paper
presents the efficient hypergraph neural network (EHGNN) towards the million-level data. EHGNN designs the
hypergraph sampling module and the computational acceleration module that is based on single-stage hypergraph
convolution, reducing the time and space cost of HGNNs. Experimental results on four real-world hypergraph
datasets demonstrate the effectiveness and efficiency of the proposed EHGNN.

Keywords hypergraph computation, hypergraph neural network, high-order correlation, large-scale data, vertex
classification
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