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BE HAWZMEHEEAEAEFRNERAZAEEF O ERFE I BB R ITMEZTXE. AT,
IR A T A PR AR AR AR, R AR b B, AT R
AEARHHFZIUEMELRFMEMBEEX R, AEBEAMENAERPASRYE. REEWMEH
ZANF R GPU ik 2 W & FEAT U5 a6 0 kom0 2 W4 )| 2R 89 R 3k, (B s ALY 4
W, REBRAGNEEAETRTEA AL RERC A, 3 GPU FI A HAM. Mo, X FE
GRZFEAER NG BENEMEFERNL. 4t LR, KNAALEWEFME)NELES,
HTHBEFZAB8UZIGFERENEIESSENE, BRXEBIN TS ELFKTR T EARE
TR AR 2. ETX—WE, #1118 ET —NwH CPU-GPU 744305 0y & 1 8 48 1 4 W %
% % (Redundancy-elimination HyperGraph Neural Network, RHGNN) . #% % % 7t 4| JH # 34 |d]
BB B R T SR E T 5 3, AR CPU-GPU #i# f . £k %, RHGNN
RET — A UABLAFCHTRBERPATE &, FRENRR T R ERMEFEREHNER
mE, ER—RA RS LR B A AT AT E. B, RHGNN # o & 28 2 E R B R B &
TS, £ GPU iR X A AL W F M s B FE R BN R B FEZT A T4 RME, #
— BB EF T H. AR RHGNN gy & 2, HATKHE 5 S ai kot oy M E & W& R
% DGL. PyG DL X HyperGef #4T 7T Mt xtth. LA KRR, AXFREAWE MEER 47 H,
RHGNN # % F PyG. DGL 1 HyperGef ¥y G254+ 7 2.5-3.4 &, 2.1-3.1 f&F1 1.4-2.3 .
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ARk, EMA 2% (Graph Neural Network, GNN) P H: ) 41 R 45 5l AL BREE ), TE25%)
HiliE [1~3]. FiRIEE [4~6]. el [7~9] S E AT ER; FFOEE 7Ty . R
GNN BB 2502 > YNGR IR B, (H B AT = A tP e % G — sl 2 (A1 % FR AT Ase, RPALH
PRTIRZ [B] ) 17 BRI AR, IS 0 e i) B B B R S i S AR ). BN, At 52 M 4% . 73
THE AT M 45, 2T R Z BAFAE R BRI &R [10]. XA RN 2 TH R I K FME AR 18
1) GNN 22>] S, ARl 7 HAE A A5 N iR XA 2% ] DA EAT = TR Y
AP FHAHIE (Hypergraph) [11]. 4 T EF BRI S5 HEAT 218 ), M EMZ % (Hypergraph
Neural Network, HyperGNN) Wiz [12,13]. HyperGNN Hid5| Al (Hyperedge) WIS,
RERS B B i i o 6 R TN A 2, S SIS Z R 8 e BAG S BN, FEEsE
PAEYM R, ERRE G WEE W RN EART A, EMEZ ek R IEIMEG N ok X R %
e I, EEERAE TN EE EEEE S, BB IR R R 2 B O . 5ESE GNN A
Fe, HyperGNN FEALBRAL 5y ¢ R AR I B i 50095 %6, HyperGNN BEA% T A Hb il
PR N Z R AR, SR BCE F R WA RE. HK, @l dGI A, HyperGNN BES A 3% %%
fife GNN Hp i BP9 00, 42 S BRIk RE ). b, HyperGNN FEALBEASF-A £5cHfa -t R
o, BENS U M N/ MREASR B> . ., WE LR, I8 I 2% S oL 2 8 el of 28 ) 4%
) —FRRRIE S, 5 BB 5 B TOVE R S I K. £ BTiA, HyperGNN FEASH R K 2
BOAIHEPERE Iy, 7 1R S5 A Bds 1 5% > A AR 55 b B BRI A ) [12, 14, 15].

H T BB HyperGNN BRIl g, — S0 RG g AHgAEE L, Bt DGL [16] F1 Hyper-
Gef [12]. EATFIH GPU pysEtEREIF AT RE 14 HyperGNN Wil Zrid B EA Tk, (HiX 28 R 45
X SRR AR MR ARRAE ) BRSO 4 AP GPU EAFm gy s X TRORBURLY) Hyper-
GNN BALYIZR, 5¢ B8 P FMIRAE 7] S B E A oy B A a3 GPU NfE [12,17], = i
)T IR BERGER M. A TR RO R A 1 [ A 2 R 25 IR, iy — 28 5T CPU-GPU
SEMIFREE R B 2 W 2% 22 S e, 40 NeuGraph [18] F1 ROC [19]. i3k 477 ¥ 2 475 59)1| Z5
1 B AR T 50 M2 AR (batches), SRR I BERE A B A R Y26 57T, NeuGraph
et T SAGA-GNN ZifR iy, aiF8dia A 4nRL 1) 1 =G i 8 GPU A7 ATl Zh, A ek
CPU-GPU BYEHREE R0, H2, BATH SRR EEE, AT 85 A & 4 X R A A %
BIFRThEs Y, Ak RE 2 KR FRE. BS% CPU-GPU MW DA R0 HyperGNN 21| 24 () 41
B, {B4E CPU-GPU S PREE N SC R R HyperGNN BEALIZRA5 AR Tl AR BBk .

¥4, HyperGNN BRI 25 A A 77 KR U AT 3Y . 3002 BRUON B ok R 7 Bkt A &
M4 AT AR . AR, 7E HyperGNN B0 A HAE T, 4588 080 TR T 3k
BCHC P PR RS R ] o, R SRATHR I 138 SR, FE NS @ B A rh, ANIal iy 2 a4
FAEEHINES, W2 RS REM F TS T8, XEWE, X TESN TN, HAf
fIE ) i 2 2 A TS AR 58, BT R E R TTARTH AN

Hk, HE@EEAML, BE bR s 2N ETUR, XEWREGRED TR L2 TR
FRAE T S BT T Tk SERRE [n) Bl TR AR 2 NI T 2 i ), 80T RE ) CPU-

1) T4 S HR R PR 2 I 6 e Bt IR T SRR o B2 U D5
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GPU FpEmray. FeileE, MMl MAATE RSN E S, X P U7 w7 8@ 5
I EPERNSE ek X2 PR R PR TV R ) e 4 S 5 A v (17, 36 S o 4R B AR A ) A O 52
SYERAE GPU Jafeh, BTN CPU A2k, S I B AR OO Tl (5
R, IR T T B R 28 SR A BRI AR, BB BRR T GPU ARG, (GRS
TEFEor S5 GPU FHATH ARG ).

N T AR AP ERE, FATR HyperGNN BRI ZRIEAT THE40 204, 150 T LA RIS
C- N N L aR e i B (6 R B A S Bl a1 s o N B i B U SO v 1 B e 2 )
M FRA TSR T TOAR BT AR ALy, 38 5 0 S IV 8 A ) SR T & 9 F—
UCHESEST, AT DASE S0 DA B TOAR T AT ). e, ] 3l e — R AT S A T AR
RE/D BV R ) B (R RE B VU ) i 80 /i (0 S i TS R s AR, TR 23000
SRR 32117 Jir S 3R vy 0 o 5 g /b 3 e 30 5t S5 PRI 5 S 1 20, FRAT] A R T /A A T
SR I R A RARHE [20,21]. X ERWREE, AR/ B AR ) B S o S 7 R F 2
SRR SEX AR, FATATATE 288 HyperGNN BEAURGFF-AT IR Jy, MM 28t
YNGR

HF LR B ER, AT T CPU-GPU SEAIREE ) = I REAR 22 X 2% R 58
(Redundancy-elimination HyperGraph Neural Network, RHGNN) |, ‘& G418 13 Ja /341 2500 7T
REPEEGEAIT R SRR, BAORUL, RHGNN SR —Fp i %) DA A L ) TUAR TH R
PAT ¥, TR HA R S R R R 43 B [ S, SN R P A A [ IO S AR 1) Y
2RV 2 A A% O B B e I 2 (R AR DR A TR 43, B R R — s 2
SN R T RE 2 0 S T0 R, AT S BIRA% i S ] BB /D 1 T AP A 1] R i 2 IR AT RE 2 4%
R TR R, ORPR BB A A T i TUAR TR [, RHEGNN IR 52—l IR m )2
R AE RN, BRI e i) O e MR €15 8 i e (] 1) WU SRR (DI, D0 S i e ) g s A
T2 FHEAE e GPU LN AE, DA B H 7 i i@ A5 FRA. k2 B R AR U T S 42
SN Z BN IR G, F ] A2y B B U5 IR A o IR, R BE T
FHEAEARTE GPU £ R NAE, B PRIX LE05 EE 7 1) 1 TS RERS B s D ). AR SOy 2Lk an T

o WERFNIMAM NS EIFHZE MK RGERAN R, H iR IA B REA R 2R .

o HEi— A CPU-GPU SAM3EE N ke R M4 W 2% 248 RHGNN, B Reig A 2>
IR P 4o 22 N A TR 5 P T A B AL B A E ST 4. [, RHGNN 38 R Fi R B2 IR 4%
FERME, HE— 20 DB A5 T 4.

o Xf RHGNN 5 Hujf i) HyperGNN #{} £4 PyG. DGL #l HyperGef #Ef7Xf L. S2gnsh
SR, RHGNN K HB 1550 > 47.2%-62.3% . 44.8%-67.8% F1 27.1%-42.2%, VEBES 5
BT 2.5-3.4 47, 2.1-3.1 fZ5H1 1.4-2.3 1.

A HARTRHLWT 5 2 NGB R 2 W 11 SOREUE T B B3 a3k
RO T BT, BATN ARG 5L, 5T LI M AT R, SB675 N ghie ST X T
PE; 67 5 B E5 A SCTAE.
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Figure 1 An illustrative example for hyperGNN model
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2.1 BEHEMEEMEE

AP (11,14, 22]. EEGEFE R UECN G = (V. H), o V RENBE TS, H For
RS SEEEAER R, R e A SRR USRI, V] A H| 3313 R

. MBI by F1 by B A IEE TSRS (B N (hy) NN (hy;) # 0), XS TS 8RR

PRI phee Mg [12,13,23]. B LM (Hypergraph Neural Networks, HyperGNN) 22—
LT T AL B B S5 8RR TR B IR, 54448 GNN K], HyperGNN B2 B 12 dR T8 &
IR 3R, TR N A2 2R G5 AR A5 ., AT B A R A T R 2 (R 2 J 6. Al 1 B,
T P Ao 28 I 4% 1) HE T RS 5 4 R DU AS S IR, B SR AHE L BT B (Feature Projection, FP) |
AP B, TSR AERAE  (RIRRAE ) ) 38 A 4o 220 D) 2 WIS 380 — A B v A B R RAAE 25 ) o, Ry St
HIFAIE R AL F E I RIL. BTSN A B (Hyperedge Aggregation, HA) | ¥ it 2
rh, I P T A TS R o SR A R AR R RN, DA 22 AT (B B s o S k.
e USSR EP B (Vertex Aggregation, VA) | %W BeRFER 2 A FRFAE AR A% 126 0] 5 AR IE 1 TS,
W R A SREATOS I BNRHE, J—5F 8 TR MEERE. a8 EEHNEL (Vertex
Update, VU) , 38 iz & &1 i1 22 00 265 2 6] T00 Rt (A RRAIE i) A7 5000, RF SR 65 Ja 1R S RN T s A B 25
BRI, AR R 2 TV SRR 2R

R L o 22 IO 28 i T S AR I AL, P BAE R B S5 R F AR G FExX i, B4
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Kl 2 HyperGef ft HyperGNN BiELJ|ZpigPEfEsPr: (a2) /8 NVIDIA Tesla V100 [illg HGNN il
ff) Roofline 4+H; (b) HyperGef fEAIIBRARIBIN LRI #; (c) HyperGef il HGNN Boting
TUA BN DA Bl iR LEBil; (d) HyperGef ff NVIDIA Tesla A100 EYIZAS IR BRI 53 fir il
SM FiHI#

Figure 2 Studies of the performance of HyperGNN model: (a) Roofline analysis of the HyperGNN model on
NVIDIA Tesla V100; (b) breakdown of training time for HyperGef across different datasets and models; (c) ratio

of redundant computations to total vertex computations in HGNN training on HyperGef; (d) latency breakdown
and SM utilization of HyperGef while training different models on NVIDIA Tesla A100

AT ORI SR T A% it HERAAR I B AL T DA AR AR
X(he)' = Fi (Uy (X(z;)"V]v; € €))
X (X)) =0 (Us (Fz (X(he)'|e € N(vy))))

Horb, X (@) A1 X (Re) /\”'J%/%Dﬁ,ﬁ z; Ml he IIFFAE. Fr, Fo, Ur, Uy Mo 53 3128 TH SAL 3 P i
AR WURUR Ao A, R SR R AR 00 S ek BOMIT R AL

CK YP WM

(1)

2.2 BE#HEMEREEY

PR g, RO E R, SR T DOR SR 51T (Compressed Sparse Row, CSR)
XTI [3,5,8,9], PATTEFEARSH]. IR TE 250 I TR A T, 7EX BIRAT A%
JEET CSR Wyl sifefift, MR CSR A& 5T CSR A8 UL TSR CSR A=
ANECA TS WAE (Vertex Offset). #8i1%& 5] (Hyperedge Index) FITH S 4FAE (Vertex Features) .

RGBS B TIURURE R 5 R TSR RS B 875 S T ) R S A i R 5 [
R IR AN E R L. BT AP AL A 7 T RRAE A .

P 22 vs IEHW%IW% (1) ARG SEBES. 5 GNN o, TUGHRHEE -5
MIERAIATR G, XLEAEEATUE. e HyperGNN o, 5IATHARE, ERFELNLE
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BRSO TL5 6. (2) MK SHUR A, ONN MHAE— YR B h e AR B
A ML, HyperGNN RAVZHEA TN, BT E AR EBES, RIRHIET
WIS T 00523 . IRk, HyperGNN AEA5MER AU AL BT 62 HO A 2% 5.

2.3 BAAREFENE-E

PR R GiAE 3 HyperGNN BB ZRINT, 38 55 10 i 35 K 10 TUA VT S0NT g 0 K A% s T i
FLASRYL, 552 BN ER 2 UORBU A — TS A RFAE ) B, X8 OB 2 (R AR 3 4 D B 1
P HRREMNSERZRRAIL TR REH 2R AZFABOIEWTUREAERES S
HEREWRGUHE. BELENSTURPIUR— B ARHE B R, 2440 [F R A A W T
OB AR B ST T, St T A I VSR S AR A R

NN AR P, AT B E R HyperGNN 245, HI HyperGef [12], FEA A &6 4R
(Cooking200 (CK), CoauthorshipDBLP (DB), CocitationPubmed (PB), YelpRestaurant (YP) #
WalmartTrips (WM)) AR A HyperGNN #i# (HGNN, HGCN F1 UniGNN) Il Zx3E47 1 )
ST, WK . BB ARG A E % 5.1 5717, | 2 (a) ik T HyperGef 1
DB ##iifk B2k HGNN B Roofline 734, RIVAK i, HA F1 VA [rBERIUNNAFZ IR, 1l FP
VU TSR, SEZ, WA 2R 520 HyperGNN BRI T 25, JT
HJRTE HA A VA BB, WAFH SER A Bt — B IR T RGEMIZRReR. | 2 (b) R T HyperGef
TEA R B S EINZRAE Hyper GNN AL 1 PAT I ) 70, 7T LATE B 00 3R A A T 2R A ) A T IS
(] 5 BTN T 67.5%-83.8%, WA 1 HyperGNN BRI Ry 1 2, i Hak bR 7~ GPU if
AR TS AN X —BG 2R T AT A R P 2 -

JUARB TSI, AT 1 6] TR ER HyperGNN BRI Zd R i R ToR TR AE
AT ho ERRE I S PITALL vo, v2 M vr BIRHEIT R, 2856 IH 208 BCF E 0BG BB ho
AORAIE . )RR, FEIAT b ISR AT SBRBUUR, v2, vr, vs Al ve FRFAE T 5, TSR A5 ik
W hy BRAIE ) & X BRTEE K BN TR vo Al o7 FFAE I S A BRI AT vo BYTIURUR i
2ARWGEI ho #1 A3 BYFFAERI &, ARG B vo BORRAE & AHUML, FEIET v RITIER G
B ARG ho FHEME. WA 2 (c) Pis, i 82.3% WIS ALEI T2 TUAR K.

PSR AT, TEA HyperGNN YIZkadfe v, R 2 L0000 URFAIE 1) 501 S i e 4k 1%
PR SRR/l GPU NAFA R, WAtE R CPU-GPU 3@ {5 K 15 1% Le 4, PA

SRR, LA, BT AR 6 S ARG A IS, AL IR T VP15 % T AR TL A
ST, T — T A A 0 B AT P B U, 0 U AR B BB 25 )
EETV‘]X?%\%E/‘J;)&@, iﬁ)ﬁ?ﬁiﬂ’ﬂ?\]ﬁ%ﬁm/@ﬂ GPU Wﬁfﬁ“ﬂ%{f&'ﬁ‘]‘@@ ﬂn@ 2 (d) }5)]’,5‘_\‘7
CPU-GPU B ERRE 5 (it 76.2%) AF HyperGef F 2 70400, R EANTHEA [EFE /T 5,
VSR AR, SRR GPU AR AL

2.4 GIHS3H
WAL 3 R HyperGNN BRI ZREARRE, FATHG AT P ILEL.
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Figure 3 Data access studies of the HyperGNN model: (a) the ratio of the accesses of the vertices data that can
be shared by different number of hyperedges; (b) the ratio of the accesses refer to the input features of the top
« vertices to those of all vertices

WA 1. HyperGNN #2945 2R 3 a9 RO, #F & 3 a8 R ef PATA 2 R A
oy, CAVELER RAZAT ] R IUET I AR R TR % 09 4 AR o) & KAl A (R AT R 5T el i A AR FY
A EEIG, B E N A SRR R TR, B 3 (a) B8 1A RBRE g8 4 5%
i SR TS AR BTSSR E 2 32.9%. HAHE, TPt 8 At = TS H0E S
BRI A 72 16.2%. 242 5 02 (B 3 SR TR BRIy, S0 AL 1) 2 B
HZHITAR. X2 NLE HyperGNN BB IZd ey, BER IR BRI R G#IE, NHE

XTI R AT R G, BRI, EMTHEARGE, MRZZABDIER TG, X8
FC ST ARFAE 1) R A B UOR G AR P RS MR AR o T [ — TR AR AE 1) B > e 22

WG, XA A BN ATk G b R BT R BT AR B s U R AT A

WLEE 2. HyperGNN A2 #48 A I b 9 2 a9 23 W AULYE, BF R R A2 2 R & o & TR &t S
ARV ] NS TR S A A D A AEe) . O T X R, NG TR AT o TR
YRPAIE 1) B B 75 190 VS Ty S D7 PR OB e 191, HG PP T 4 B RS e 1D 141 3 (b) (2o, slind 73.4%
AR P AR PR ERHEAA BT 0.5% AYTIUGURRIE ) BB X SRH, DR e BETHGAE HyperGNN A
BN SR AR P P 2 R M O, HRE R B2 PO EH TS 5115, H ik, FATATARX
SO B USR] B G A i EAF s b, E— 20 i B L i T .

3 BbAHE

BA HyperGNN BEALYIZT 4 (12,16, 24] SR DA ST P22 5 | D5 2ORAL R 1 A T
P o S L I T e S E A R A TN TS s e ]| K Sy S g e o |1 D TR
BRHE, SEOCETURIT RN R BARR 3, FRAR T IGRECR. O TR RO A KBk, A
SCREH T AR DA N D B TUARTH BRIAT O3, R 1 R B IROAY J2 R G A ks, DA S
#4eT+ HyperGNN 7£ CPU-GPU S ERsg T Il ZR1E A
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Algorithm 1 ET 20 A 1) P 5 SR w

Input: Hyperedge set H, base threshold 60y, similarity contribution factor «, maximum block size Spax

Output: Hyperedge block partition result P

1: P < 0; /* Initialize partition result*/

2: Compute the topological similarity matrix T'S(h;, h;) for all hyperedges;
3: visited < 0; /* Initialize hyperedge visit frontier*/

4: for each hyperedge h; € H do

5: if h; ¢ visited then

6: visited < visited U {h;};

7 B < {h;}; /* Initialize a new partition block*/

8: for each hyperedge h; € H \ visited do

9: O(hs, h;) =00+~ - ZveN(him;](h S T2ty /* Compute dynamic threshold for each pari hyperedge */
10: if TS(h;,h;) > 0(h;, h;) and |B| < Smax then

11: B <+ BU({h;};

12: visited < visited U {h; };

13: end if

14: end for

15: P+ PU{B};

16: end if

17: end for

18: return P

3.1 HBaAPOMTRERIITEZE

1E CPU-GPU 3RS, S E R EdRResh (E ik HyperGNN BRI YIZR ) MEREMSN. A TH
RO BAE 5 S aS, AR T DU O TR BRI T . O RO B TS
PN 2 1R A 4 N B B, BB B F VAR A i o 38 ) — 3 S e, AT DA SR/
P TI S ARFAIE ) A 4 S Bl i KA 2 J T A, o e, FRAIEE T — Pl S e 20 0 F M (L BE A,
FH TG 1 20 0 B AR . BRI, 25 AN By A By, BEATTRISREPHICIEE TS (s, hy)
E R

N (h) NN (h))]
N (h) UN (h))]

o, (N (he) U N (hy)| 78838 he 1 by BTEOESERERG, [N (he) O N (hy)| 7838 by A By
RS, TS(hohy) € [0,1], TS(hs,hy) B 0 RFE TSR, HHEE | RFEN
AL EHRS. 3002 IS MR L BE A (0% FE T B2 36 S T OO, Tl 25
SRR dog(v) BOMACRAL Y0 deg (v), K UMM (R EIULHBN, FEAC

vEN (h;)NN (h;)

R L2 TH RO ARRURE Y ST RO, SRR R ik SE T L 2 T S 2 i, sl IR e e R SR A i e
e R IR, AN UAT ASE B i T B0 ) TR AL S B e 22 AR 1B, T L v DA R K R D
YR RG-SR, ATRIE B> CPU-GPU Wil (E AT RS
ETHAMIMUE T'S(hs, hy), BATEAT T — PR30 2T S BUE R 2 5k 7 5kmg. 5 e, 3
TS 2 B AR, AR SE S MU R . 2R)5, JATBIA T —Fihas
BUEHLE], S7E E B AT RIS BRI R, XTSI by, by, FATE S BIE

TS (hi,hj) =
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Figure 4 A simplified example for illustrating our approach

e(hl, hj) ﬂ\:li 1
O(hi, h;) = 0o+ - deg (0) (2)
veN (h;)NN (hy)
Hrr, o SHEAREE, F T o R A BE (Z)f : )deg (v) Sy S B ) HE Z TV )
vEN (hi)NN (h;

JESRAN, PR B N A s BE AR MR L B 0y SRR B DT AR K, 2l T AR (LB B
s, JLSER A R IR, %sh S BIELE &% 8 T AR R CIE, BERS A &y
PRI T RLBE, eI TOR VTR RIS 5 2 R PUS-TA. EScsat, ATt WM 1 6o A1
v UEAT TR AT (4.3 99), FHE BRI T 0.45 A10.3 FEEGIAE.

SR 1 TR T S S BUER BT o A, B R A, TR A I r A
U, HRFHAUE SEABUE 0(hi, hy) HEATHEE. AR TS(hiyhy) = 0(hi, hy), WXFED By Al
hy WA R =N sk, =R X—d e, HR A AR k. AR R 2

BA 120 A LR AP T IR o5 B, PR S B SR Bz A T B TR I T BIR A2 4

FATOARE 4R B B A FRATIA 7, B Sent T8 B FA 1R R A0 B, AR HE T 0 A
FHRITE R AR, ATLAR thiEid TS (ho, hy), TS(hy, ha) F1 T'S(ha, hs) Fl T'S(hs, ha) 53514 2/7, 1/4,
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WIHFETU AT, RHGNN (e x/ME CPU 5 GPU Z [alf$iiiEs, 3550 FH GPU MFtfTit
SERE T, M PRI UNZRRE aR.  Ah, @ FME U R B & R A SRR 5 LA, A5
RHGNN g% SRS HERBAZ 18 AR A A0 2 (8] AR ARLE , HE 00 TUAR B TR, P AIG T S4B BEAT SR 1)
BTHI 5.

3.2 BERBMMIESFRIR
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MU L, AT A S SR SR 5

10



R - 5

RLA RISy B8, TEPATEAATMOL R ), s o 7 A HRAR Jha i 10 22 1] ) ARMDURE JEA T 5 B 2
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K, ST, HPATRAL UM BT @. A5 Bl R RN 275, 11T i ik
W DL SEKs v e P TR PRI A B L 2 T I SR S HGEATAE GPU AfFHR, PARLIZ> CPU Hil GPU 2
AP R BRI 6. 3P oK, ARG Ll b B AN R R R A GPU ALPRELSR, PASE
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HINTTEEER, RE AN, TCRRE TP KB 8 1D, FReaxX 2o B R 2 2
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BT, PRTIEEAR R GER R BLRCR.
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N TR LA 323 A L B TU AR R T IR I AT A%, RGHNN 155575 R A4 DL A SR i
D AR MH T3 BAORYE, FATERE], AT PN by M by BRI, FRFERS
AR AT SR e 0 hy |, RIS 6 85 TR S A I SRR, IR 57 02, el b
RIS v, F7E by POATFER, KA o 2O WET by R, XAIHRT R 2%
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i, RGHNN 2 7 —Fh BT IR R AR I ME R T S AR 80, EAERUALBERY
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TR, FATEBAFREE pi A py, 20dG10 b AL Ry BTGP ARG AL E. TEd—Hak U,
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ANTEGE T BT AR ST S R KA.
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1 FS ISP B AR

Table 1 The real-world hypergraph datasets

Datasets Vertices Edges Features label = Max hyperedge degree
Cooking200 (CK) 7, 403 2, 755 7, 403 20 25
CoauthorshipDBLP (DB) 41, 302 22, 363 1, 425 6 2, 838
CocitationPubmed (PB) 19, 717 7, 963 500 3 2, 241
YelpRestaurant (YP) 50, 758 679, 302 1, 862 11 173
WalmartTrips (WM) 88, 860 69, 906 88, 860 12 1, 808

4.4 HH{EROKERSHH

Bl R B R TR S UG, (STl T DURCR Gl AR P i Bl [l 2 4. i AT
MATBES 52 BRI, SRR TR A 9 B BB s BRI U7 ) T A R T TSR 2R, R4
LA EEHRG, IR TS B KR e 1D, I-FX 25 B A2 3] GPU . (e it
SEETRI, Bl RS B A TS S SRR TG R, IFR X S84 A 28] GPU NAFH,
PR TUR R G R B Se B . RO IR UV AR SCRAAIL. Gl e X 5 2 I B i T 2 AT SR A
B, B ] DA ROk T B R VTR AR RS, B OR THUSURHE REAS DU ST, R THEE R R SR

FRSCBURS, 24—l Hsg s A TR AR R 571575, RHGNN SZ RSB — 43401
CUDA AAZpR%, VACSRIZE B AEE TR AT SREEER. 2% A% R BTl iy e a2 e P 4 i A
T, AT SRS R N A B — DX R YRG0 25 31 258 B n] B[R] 58 i T4
X LR B ] CUDA B TR RIER 2R R 5 R TR T HERY, i th LTep 26 F. 5
LIRS, 1% A% B EGA S i0 % 2 B By 1D FIAI TG SRR Hs e . A, FATT (A R
TR X LS R, RUEZ DAAE ] A G A IT DT, (EEERNE, T — I IRRZ HA
25 3 [ v B AT R B TSR R, PRI SR IR 3 s e ) e R K B [ 5 HLRT UM, RHGNN f
PARI IR, 32 B ARORE BB R A 07 2O 9 R e — B SRR A2 JRy A, S T N AL
R, -SSR S A A S AR RE. AT L B S O RS, A DU B R T %
SR A1) AT L T A Al 2

SR, e ) B B 75— A CUDA NAZRREE, A B A T A7 i B 4 A 2R
A AT EA AL, %R B0 SE UL RO B i 91 3%, IR 5 AR UCRR X Se iR i B v ) T3 4
RN AR AN E] 1 BT N AR AR A A e B AP TR, AR O 28 B 45 R AT
MLIEAE, RIZITCEIBHIATRA . B KE SR R A 8RAE, AR ENXTUAN SRR, HIEEIA
(R T ) 5 S R A A LIS Y, FRAT AT AR A TR il — 52 CUDA iRk, M
TS S AT EE. [, FATERT AR CUDA f9HiMELL (Cooperative Groups) HLiil, Kr£ife
BRI AER 7> s TAE NI LA, BB A TTR G — bR PR ZR. XA 21
FHATI7 0] AU AR B R [ AP, $ETH ARG IARCR. a, M TR A B B R £
HRSE IR, B [ AL BT B I ) TR R A AR AR Y SR A7 5 [l B 4R AT, DA 2k
TREMBEAREGTREM. [, RATESEE 2RISR | RPN IR, T —fik
PRAHE 75
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5 ZWEER

FATHE PyTorch [25] HEZE()ELAY B C++. CUDA C #1 Python 523l 7 RHGNN. fi H., &
NI vE B @, I B, T BRI TR 4 > 5 GNN HEZL.

5.1 SIBEE

BEPE DA, SEIR AU A BECET- 52— 65 2% Intel Xeon 6151 CPU AbFiidy, HEH 3.0
GHz, Jit #% 696 GB DRAM Fll—/> NVIDIA Tesla A100 GPU, HHA 6, 912 /%071 80 GB il
L. BRI  RIE F f KBE A 128, GPU JHM T CUDA 114 iafTI Al 418.67 YRSIAR)T, F:AL
iz AT Ubuntu 18.04 #fERS, Linux WA 4.13.0. Frf EUCHIMEH O3 fitbitfT T

i1z
#

E

s =

Lo 4. RHGNN BB M40 3 > Fii HyperGNN 4, Rl PyG [24], DGL [16] #il
HyperGef [12]. PyG il DGL & H i 5710 GNN AESE, & (TR MA 4 2% 2.5.3 [24] 1 2.3.0 [16].
HyperGef @& 54 3CFf HyperGNN BHUIZRE) GPU fENTHEAHESE. SR20ERR 2, PyG il DGL 2
X R CPU-GPU GBI 51, T HyperGef {UL S 588 BIHRFMIRHE [0 S £ AL G#TE GPU
A e AL, UL, AT 5 HyperGef #1720 F- A RE L I, FRATTHE CPU R A5 T ) 8 L &)
A1 [26~28] YR EIHR MR TR 4, I HuL gl GPU NFEETINZE. X141 HyperGNN
B, FRATINLRT 200 4> epoch F 3 I 5t sty 21 ity (1) VI RS (8], C0 5588 &1 K4« CPU-GPU 441
&+ GPU 5 DA S AE {7 I 2.

HyperGNN ERURETS iR, £ 1 RRT 5 ARt Rn i Egdnsg, 1
(Cooking200 (CK) ), CoauthorshipDBLP (DB) %, CocitationPubmed (PB) ®, YelpRestaurant
(YP) © #1 WalmartTrips (WM) V) , ix#e8daden) 32 (T HyperGNN i35 HBF5EH (12,
22,29]. FAIEELE T =4~ HyperGNN 4% H[l Hypergraph Neural Network (HGNN) [14],
UniGNN [30] #1 Hypergraph Convolution Network (HGCN) [22], &F—AMEZI Y BCEHS R 3 Z IR
o 2 B 128.

5.2 EFHEEES T

Kl 6 i T RHGNN M HAN R GAE 5 N a4 T I 7 A A HyperGNN B ZA9AR
HEAL AT E). AT A i, RHGNN AT PyG,.DGL Ml HyperGef ¥EA A E AL /)
ST 2.5-3.4 %, 2.1-3.1 F5F1 1.4-2.3 fEROPERESR T, X PERESR T ERIR A =AJ7 i B8,
BT A LR R B R 23 SR (4 RHGNN RERS 1 3 & PR B 708 D TUAR T 3. SH45ER 12
MEGZEN TR, RHGNN H 2 8] FAR (DR SAAT RO o EEAHUL Y B SR B e 2, AT A

3) https://deephypergraph.readthedocs.io/en/latest/ _modules/dhg/data/cooking 200.html

4) https://deephypergraph.readthedocs.io/en/latest/generated /dhg.data.CoauthorshipDBLP.html#dhg.data.
CoauthorshipDBLP

5) https://deephypergraph.readthedocs.io/en/latest/generated /dhg.data.CocitationPubmed.html#dhg.data.
CocitationPubmed

6) https://deephypergraph.readthedocs.io/en/latest/generated/dhg.data.CocitationPubmed.html#dhg.data.YelpRestaurant
7) https://deephypergraph.readthedocs.io/en/latest/generated /dhg.data. WalmartTrips.html#dhg.data. Walmart Trips
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Figure 6 The performance of different schemes normalized to that of RHGNN
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Figure 7 The number of CPU-GPU transfer volumes of RHGNN against PyG, DGL, and HyperGef
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SIS, ZRGURENS PRUE 15 F] ¢ 8 T0 A AP AE R, bk 1 e 2 T BAE 55 2 I B A IO ) ) et i
FHEAFHLH A REAR T NAFDT I RAE SR, (A5 RAT 55 BRSSO BUHUAA T, AT 224 T) T R AT

5.3 BiEEEESH

Bl 7 BT RHGNN AHEL T HALRGEAE 5 NSRS N TR HyperGNN B IR
CPU-GPU #fliifi {5 . B LAE i, RHGNN #1# T PyG,DGL #l HyperGef 7E/ [R5 It
RIRWD T 47.2%-62.3% (- 55.4%) . 44.8%-67.8% (°T-¥ 48.3%) F 27.1%-42.2% (*F-¥ 35.6%)
i) CPU-GPU Hflsiifa i X E22 My RHGNN AT 8P 2R AL, @ e % a7
TR AT 60 ) THUAURAAE, A5 Sl v TR R s A T R R AR [ 1, A %080 T CPU A GPU Z [R5
ZW AR S, A, RHGNN ()30 25 50 {8 0 40 S 0 i a5 2 A v A RS () B4 i AE — e,
Pl T B A AR W TS R s, ATk — 2 BRI T a5 4, X LB it i1 RHGNN
fElg B /> CPU-GPU ¥l 4, Tt R BIARCE.

R BT RGN RE, AT & T AR RGTE 5 FadEE Fi TR R HyperGNN 24|
i) CPU Ml GPU FIH%. #ESLiad, 414G 100 ZFHE5—k CPU f1 GPU FI A%, H4E T4
I NBCEE. RHGNN i@ 7E CPU fil GPU Z a8 GEH RT3, R M LA Hon ik T
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Figure 8 The CPU and GPU utilization of different solutions over different datasets
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Abstract In recent years, Graph Neural Networks (GNNs) have gained significant attention for their exceptional
ability to learn and reason with non-Euclidean data. However, real-world graph structures often involve complex
higher-order relationships between vertices, typically represented as hypergraphs. To effectively capture these
intricate features and underlying semantic information in hypergraphs, numerous Hypergraph Neural Network
(HGNN) models have been proposed. Despite the development of various software systems that leverage the
high parallel computing power of GPUs to accelerate HGNN training, these systems still face challenges such
as excessive redundant computation and frequent data communication, leading to suboptimal GPU utilization.
Moreover, these systems are limited to training HGNN models on relatively small-scale graphs. To address these
issues, we observed that multiple hyperedge computations often repeatedly access and compute the identical ver-
tex feature vectors due to significant topological overlap between hyperedges in hypergraphs when handling the
HyperGNN models. Based on this observation, we propose RHGNN, a redundancy-elimination HyperGNN train-
ing system tailored for CPU-GPU heterogeneous environments. RHGNN exploits the overlapping characteristics
of hyperedges to optimize the computation and updating of hyperedge and vertex features, significantly reducing
CPU-GPU data communication overhead. Specifically, RHGNN presents a novel hyperedge-centric redundancy
elimination approach, enabling the system to load the feature vectors of vertices to optimize communication, al-
lowing a single load operation to serve multiple hyperedge and vertex feature computations. In addition, RHGNN
implements an efficient hyperdegree-aware hierarchy caching mechanism that prioritizes frequently accessed ver-
tex feature vectors and intermediate results on the GPU, further reducing communication costs. To validate the
effectiveness of RHGNN, we compared its performance against the state-of-the-art HGNN software systems DGL,
PyG, and HyperGef. Experimental results demonstrate that RHGNN achieves a performance improvement of
2.5-3.4x over PyG, 2.1-3.1x over DGL, and 1.4-2.3x over HyperGef in HGNN model training, respectively.

Keywords hypergraph graph neural network, training optimization, CPU-GPU heterogeneous environment,

redundancy elimination, topology similarity
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