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Hypergraph Group Recommendation Model Enhanced by Cross-Channel

Self-Supervised Learning

SHI Yancui, HAN Xiangyu
(College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: With the rapid popularity of multi-party decision-making applications such as group travel planning and online
movie watching, group recommendation has become a key tool for alleviating collective information overload. Existing
methods, however, often overlook the high-order collaborative relationships both within and across groups and suffer from
data sparsity. To address these issues, we propose the hypergraph group recommendation model enhanced by cross-channel
self-supervised learning (HGRS). The model comprises a user-level behavior channel and a group-level behavior channel. In
the user-level channel, we construct a heterogeneous structure that couples a user—item hypergraph with a user—user social
graph to jointly capture user interactions and social influence. In the group-level channel, we build a group-level hypergraph
following a triplet pattern and compute hyperedge weights to mine high-order inter-group interactions. Finally, to mitigate
data sparsity, self-supervised learning is integrated to establish complementary information flows between the two channels,
effectively enhancing group representations. Experiments on the Mafengwo and CAMRa2011 datasets demonstrate that this
model achieves superior recommendation performance.

Keywords: group recommendation; hypergraph convolutional network(HGCN); heterogeneous graph; self-supervised learning

i HHEA: 2025-11-15; {&EIH#A: 2026-03-29
ELWB: ExAQRRESRBIIH (62377036)
1EZ /T LR (1982—), %, WkfRE N, FIEd%, syc@tust.edu.cn



020

HetE RGUE NG B 8 A R, 2
NIRRT 55 AT X 2 IR SR A A 2 A4
W, ok AR RGRZEX A H PR, ok
WE PR T SR R, TR B T R
GENAB A, I C RO U R I 7T T . A
HEFE R G0 0 2 T AR B S HE A H P B A i
U, A RO 7 A i 1] i 22 52 Bt A
I RERE RlE AN [E P WG B g, ORUEHERE B N 25
MR Z N, ICE MR R A 22 =7
PEMEII, SRR 2T 45 1 ) . A A4
A7 2R e o FHE S Rk ATL A A 5 R ZELF) i 40 3
N, A A HERE TR AN B B ARG (n
SERIBUMBCR AN 56 BCGRELHHEFEAT 5501 ax oy 5 i)
B, HARE NS B A 5 3E b ) F A
P S R sem B R . Rk, BFRE 5N T
R, WA SR s o0 B2 B A i
SCWRLE . SR, IXEETTIEAE — e R O e
U873 A (AR5, 4140 PIT (personal impact topic) %) 4]
e ¥ die BB I O B AR R SR LA R i,
COM(consensus model) 15 74 B {7 5% FH 7 1) 5 1 B
IR T H e i 388, (HIX LU S 2% 1 [
—ANFH PAEAS R RS2 e AR AT e —FE

W 5 TR T 22 IO 4% 1R A T AL A4 HE 7 s )
R, 428Uk 17T K. Cao &FOE IR )
TR BB AHERE b, $R v ) B A AR
(AGREE) , 1ZA Rk A\ Bdha sh 25 22 > il 5 5
W& . Deng SEMJEE 7 ENREE SHEER g6
ERAIER (KGAG) , FI SRR AR5 H
(] ORI R &« Zhang SFEIE 1 e ) [ 2 0 W 2%
TR (HetGRec) , LATGERATBENLIEAE = /5 LI AE ik
AR = AR JE T B, PRl XUZ = )1 4 R
HABETT SAE B . XL HEAS AR I I HE R AR
S ABVE Z B ) 0 BN EEZE Y () P R
PEAT SRS, MK T A ZE P R 2 R B A2 R s e
MER R

BEXE Bk )@, A SCHR HY S I TE H B R
i B OB A e 2 B B hypergraph  group
recommendation model enhanced by cross-channel
self-supervised learning, HGRS) . #&A¥&it 1
RAT G MR AT VIEE . 76 AT s
vh, R P - I E EE EAH -F  RS E  eA
SEK, FIHHEESFIMNZS (hypergraph convolutional
network, HGCN) #fi4& F /511 H 18] & 2% 1) =i B P
ER R, RN R & RE RIS 2 £ 5h

AHR LGSR
HIAEAZ R ). (ERFLH AT miE R, St 2%
A P 3 e A e B, PR = e A R R A
B E A S AL, X e A e SO — N
WA SRR, A3 HGCN 2 ) BEALIR] 1 m o 5%
FRo B, H RS BVHARFR B 2 5 R A ROR
1 R P 3 1 A 2 ) R A AR A SR 1)

1 HMxXIME

1.1 ETF HGCN HYBfLRfEFHE

TERFLHAETEMA S A, G A4S (GCND
A] A 2 ] 25 A6 KA (1) 8 D0 AR BT )2 B FH A, (H
IR AR RN ¢ R, TEIER AR 2 47 s (] R B A8
KF, HGCN [MH I A SR O¢ R B 1k B
Jia 202 Yk R SR A 4 2 I BRSO &R
MM AR A2 P LRI 8] 1 e i AH D 1
Chen S5ISHERELE - Wb B G0 — 8 3 7 A2 10, 7
Fi HGCN i3k mM A B, 7EARIE S B30 R /MR AT
T, e AR RS . Guo SR H —Fh
JE RGBT R N 5 S HESE a8 ) g - T
H B, R EMEM% %P AT N, LA
PR THERE RS vEfR I . T2 B A5 S0 i ) 2 A
Ty EREGEE, WP B4R 3 AMAER
BUBEH LT, JERFH HGCN @R /. WiH . B4l
IR R SR, IXSSHF S Sy T HELL 9 50
M P-TH & H, 20T AR &SN LR,
RAEFZ AL B AE AR ME R R o X IX — 1]
B, AL TRUT RIEE, P g E SR
RiEEML S, HP BB @A N P -5H P
5 H 2 4128 s AON S Ok &, BFA R 1
ZHRRELELIR) B S R E R R R, SR
ZH [A] i O 2 (1 P R A
1.2 BEE¥3

B 2 ST AR bR i ) B B e R B S
PR BE B A 18 7 (8161, 7 B 2H A Ak
H, Wei ZERBENLG L - P A8 B AT HERg Ab 2,
A B RBAL L, SR JE R S HERD BT JS B RN
M AR BME S Li SRS B LR BR AL
RUBEATHE G 0, X REBR AT IS R A AR R AT R
55, ARIRXMOTIE MO P . N TR R R E
BUE R, AR T EWE AR, BRI
JRAGEIZE R, TR AE RN IEE For i dmhs i, @
o s KA SR TE % 2] BB RN BAS B E A
WEMES . MR E T2 EE, X
REFIH BAME B A SRR Mt M 1] 7L



2026 fF  Shifice, S I B R O R AR A HE R AR

2 MEEXEX
21 [EREENX

P 8EA KRN U={uy,...,Un,...Uu}, TIHES
£ AN Higeginein}, HAHEES RN
G_{gl, 40t vg|G|} ﬁ:q:‘|ul | | |G|ﬁ%U%ﬂ_‘_‘ﬂ%F

TH . BAMEE. BIaERI A d s
[, Wi U=RY"  [REE, 1 H &R A T=R"™,
HFHFRIR N G=R",

BEHAMEAE AT S5 A € HARBEA g, AL
I H 370 5 Y={y1,.Yire Y} i AEAEES 1 A4
T H FOKERL A B e . K AS B R K AN H
VE N IIHERESI R
22 BEIEX

BB AR — B EEZA TN, SEEET
AAUER A TS LR T, i 1 foR.
HE E L G=(v",E") , HATH A4 VP AE N AN
MV, I ENME M &iBIN e, HONRRKIBILER
P IEAUEE W, >0, i I #1545 % WeRY™ 74if e 1)
BCE . B B SRR PR HeR™™ 2 IR : Hvev”,
ecE" Hvee ), huo=l, M Nuo=0, TH &M E H
o AEE DeRYM R, Tl v LIRS v AHSCIRA
#EIL e MIREZ M, ﬁd}jﬂm FR I 11 5 R
FSERE BeR™ RoR, 3l e [ BEARFHER I TR v
mﬁ%:%mfzmmo

(a) s (h) &R

51 ZEESBELE

.3.

Fig.1 Comparison of ordinary graph and hypergraph
23 HRBEEX

e AL At b, HE— e T RS, A
S EE AR, RSB, For

gy G=(V"E"E), B ={e, ={u,u}u,u, eV u #u} &4k
il
24 Z=ERKENX

= oS RRE A H 3 AT A LA E 2 JA]
(PIIA R BRI R e S50« X THRGE I A=(V.E) , Jp
V=G AN M A EE, E N ESH, %
(9:,9,)€EA(9;, 90)<EA(9;, 9)<E | I{gi,0;, gk} 4 i —
e, fEM R G=("E") Kl 2R, %ﬁ%
A=A e={0i,0;,0x} EE", AR IL I T —
ME o XA ETN, WE 2 B,

N g — & 4
/ \ g mmp 2 / I qga
A
gs 6 gs g6
(a) RYE (b)iBE

2 ET=iAmBEE SR

Fig.2 Hypergraph transformation based on triadic motifs
3 Hixwit

31 BEREMEZR

B0 2 BT A ZEL HE R T 9 2R 2 P R 2 TR 1 v
MERR, FHAFEEARFERER A, RSO T
HGRS #& 4!, BARKMELL 41 3 Frow, 4 8 XAT 9 IEIE |
HINESA B RRHERL AP B HEE T EY B 4
G AERSY o

3 ANEXERE
Fig. 3 Algorithm frame diagram of this paper

3



o4
WATRIBIE: A AT il TE L R
a3 S A A R ZEL TR ) S ME G R . P 2R
AT Y TE R Ay g P -1 R S P - P AR
Bl et 254, RINIRH N 2P 5 2400
1 1R FR 3 [ i 47 5 AH A AL A 5 s A AT il &
SEARELE (] R Ok &R, JE IS = e AR A e
PRI ER S R s R R

BB 2B B 9 T MR ARk 1 ) AL,
I SOEAFEARS, MEX 2 IS5, moRtk
HPESHHIOEER TLAME R, EFERITARE
AN e

FRAERE BB O T AR VR A 73 T AN & 3
i e, ASE R T IR ATL 1 i 2 2 >0 O T A i A
H, PN HEREETTEE.

HEFE TP B A FPRFAE Rl B B S 2 R
FoR, TN H AR AT BRI H , B 5 AR AR
IR .

32 MTABE
321 AP BATAHEE

(1 R gk Kl i

FERFHMESR Rt , il EX ae i 3 F - A
Hf oS &, MERLSE 2T P A H 8] B b ok &
Ak T - EEE, DL SRS
HAZHBHKBER. R/, HARREAMUZ AN
FH 50, T HL 32 3045 0 28 v << L ARl A 52 0
g RPN H, 2 T HIMER . it
RICFNA LR FR, W E R A E
G=(V".E"E) , H i V=U FoRH P SE,
E* ={e, ={u,u}u,u; eU,u = u} IR AT EE X T BE
g IR P um, JB IR E =V, 01 54 AR
PO I H AR, Rl g Bl 544 L
AEFRAHTE, B 3 Aok R gk R .

(2> M1 it BB A

) FH i B S AR B B R A 4158 56 & 1 L P 3R A
FBHRHAE, #H PR O MITH R T $H% N

XOU; 1] 3% N E| HGCN 1, & XK

XD =D H W, B HI X VP [N
Horp: xONE | R RMARIR, D AT s
B RERE,  Ha VBB SCBE R, W B1461k
NHALFERE, PO NANEIRR Z I8 AT 2 3 S 4UE
¥ o

N T AEHAME AR A A P Ros T, B
—ZHEEERU SRR, R - s RS

ARHRLES R
NER S RAO], R FAZHLH] X BG4
H P Rt AT 8o, SN

1+1 I |
ui( Doy y ajwlu(,)
! jeN(i) ) )

exp(hfw,u{")
! Zj'eN(i)EXp(thwlugl))

©)
Hoby oV AR w RS | BRI R, o S
Fup RS F P Ui AR O AR B, W A ] RT3
S8, NP ui A K

BJE, ATAEREZRMMEER, HER%
AR R A 2 stk AT Rl o3, 15 2
For UAMIH R 1

(3) M gfrd s

AR P AR L RSP s AR ) A
TERJIHLED P s IBCRAG 2R, N

g?z?%ﬂﬁ%U?

4)
o E(Wa)
T2 exp(h,Woup)
ujeGy (5)

Ho: weU A i AN E; 4 AP
TEFEVRYLSE R R, W Al h, ]2 2] 25
3.2.2 BLABATHEE

1) FEZH 2 A g

A P K 22 BOBE R A ) T P 08 T B e
BN BT, IR EE KRR, M
AT BRI R R . SR = on A O i i
Mg, VLRBIER AR R S o< R, AT
SEIUSFFAL A R R R R . BT = e RE
3 38 S A A AL X [ 5 P 5K 1), e A A A ) PR
R, FFEPRKERAGEEMERRHRR, X%
SRR AER A 2. RE T M T AR
A DA AR B AR B IA S &R, (BAE SRR HE LR
B R0 2 MR H A G SRR 2], SRR B
P Jea i B o B

¥ H P 06 B N, R 2R L e e
N . WA B PSR 20— A 5,
DU ZE 43 56 B AT T2 TR AR AE —2fad, SR = oA
L BERAN IR L. & 3 MHAMEERFE =
TCAHRE, BRI 3 MRS SO — MEFE W
L, B EIFRIR A Ca o MR SCHR[20]1 771,
FEAZEHEREWTEN T, THA (6) BEItH=
TCUU R AT B R, For  HaHg .



2026 fF  Shifice, S I B R O R AR A HE R AR

H,HI =(CC)oC

(6)
Horp, Hy eRMCUGREAH 2 K1 = oA o AR
B, (HaHg)y NTFUS i AT S § 3L F S 5 ia s,

CeRCUNIRRIEIMAIEIC R HHFA | IR | )
FAEZESE, We=1, ®|Ic=0, cC HiEH: 3 AT
FIEsAE, 1M OC KX LepginFe i i M & I = .
T REALIAARAARE , el 2 P 8 2 o i
B, FAAE S B IR T m e g, 48
PR SCTE BEAH SR MR OR 28, AN i v A 157 14 A 1
P BUERTHE T XN
Ui U, [+|U; AU [+]U; AU, |

sim(g:,9:,0,) =
Im(g;,9;,9¢) U, uU; uU, | @
W _ Sim(givgj:gk)
I!Jvk maX(|U. |1|UJ|!|Uk|) (8)

Hebe B4 g g oA DN Ui Ujs Uk
AP ERALE LR P B, #2000 (7)) 35
REALIAAHURE . O T W ORBCER fELAE O~1 Z[A], $%0
3 (8) HEATIHALALEE, VA fRAARBLEE 73 Ry
A IR

2) HEARIR]

HEAL I BB AR E SON

G =Dy H W, H GY

©)

Horb: GUONEE N ZMIRFABATIR, Dy MR

(REAERE, Wo N IIACESERE, HaHa i =Jcdl

BRI SOSEARIE, v A BRI %]
SR, 23 L EBEEN)G, SNEEFIRK

e 4 N e 1 & St
TR Ty, 193IRHERRG :mZG(I)y i 1S9

tAMFEAHMBHT RN o0 =G, .

33 BHEFI

FEHI P AT 9@ SE ML 0 AT 9l i A 24T 5
WBEES], PR B IE N BAME B, SRR
MR 8o Y 94T D i 3R P -300 H ) e i
PR R SR P MALAMEA w0 T, M AR
HEAL LT3R BT B TE P20 R PR AR ) g
WOk R S R U o P AT s E R Ah T
HEHJOBTEAE A M b 22 7k RSEBCE 704
FAAZRE M ZNE AL, ST B TE AN 1
P 2 A8 X A TB] 98 AR ORI REAA LN (i 4 (1142
. AT A AR R, W] A B

.5.

] I SQIRAE EHEWT R 4, A AR AN L
M ST A2 BAFAE PR A Rekh 78 . X bEaE 3] 4
A I TE R SO T K ELAME B, HIE R AU MRS
&, G T EER B R HERE .

fEB MBS, 8 SEREAS AR AT o
(7] — AR ZHL 7 AR P A S 2 2 B R HRON 5] B A A
IEREANS . DFEARRE ALy, — &2 N 2 A iEiE
W5 H AR I = i 5 B B H AR U AR T 0.1
MR RN, B — M NS —EIEN S H
PRI R A B B MU 0.1 A
R RN . BURRECN

(9, .97)

Lye=—log
© o(9y,99)+ 2. (09, 90) + o(gy . 9))

(10)

Hrp: o) =exp(0() /7, t NIRERE T KA
MWOIE OB R R R R R, E X
00)=s(h(9.).n(g.)) , Frh 0C) JFIF 1157 K1 e 4
S() THELRSEARMAEE,  hO) ARG, HM R
FoesscBl, HITREF R FER, BT ERmA
I AR XIARA, I Lew BITFEDT S50 (10)
A wm, RIS EE R Rk, 15385
ABURREL N

1 N
Lo = 5y 2 (bue + )

34 FHEME

FE A JEIE 73 ) SR BN R I RE R R, B
ML RSP EIER B RS, &
JRER A AR o RN LB 2% 5] A FIRFE K

(1)

75 N = By VA TR ST RS B = R EES 5 2 S SN ATV =P A)
DTk ¥R G FEN
r=sigmoid Q6 +Q,0° +b) )
gt:regtu"'(l—r)@g? (13)

Horb: QuAIQ AP VIZRRIB EHE; b AmED; r
JNiERE Sigmoid BRHH S BRI AUEME, B E
THP %R o MBEARER o LR T fEd 1)
AEX B, @R R TR (O) BAE, LM
PR PIIMBLE G, 15 2R A B RIR o .
35 EETUN

FETMZE A, StF RN EA-T0E X (001), ¥
BHX R o SOHER i i TRIERAE, IF5%H
ML RN AT PHE, DLRG AR A I H 1952 BAF
o SR, THEREY o g MTIE i A5 Yy



N
WRAETM 2, A R SR,

;=W oW,[g, O gii;]+by) (14)

oo w' AT E R CE [ 5, W, b, 43 5 R
R A i L[5
FEPRALIE SR O 52 20 (A 5532 2% ek 20
ZRRFALNTN H RN, e AR 55 A B R
AMEFEEERATHE G, N
I‘main = Z (ytj - ytj‘ _1)2
t,j,j'eDg (15)
L= I‘ma\in +ﬂ’LssI (16)

Horpe Do BT H BINZREE: (0, 0) A =Judkt

ARMEBLEEHR
A, T o 5WH T TR, BE5WHHEL &
AT H A A B BT S MR S5

4 SLBEHERD

41 HIR&E

N T BHIE HGRS HEAY (G &, 72504 &
Mafengwo fil CAMRa2011 k475286 . 76 5dE ik
P B, g LBRARIIABEA A, RE R
AN LA, (REZAAE 2 LR AED
TEAE 3R H AZ H AR . BT E %I 7 - 3 %45
NINGRERNIRE, T EREHREE R LR 1.

xR1 TLERNBEEER
Tab. 1 Statistical information of experiment datasets

B AEDRE i3 HELHA Tt H % T AT LA DREER R i L
Mafengwo 5275 995 1513 3595 39761 3.61 0.998
CAMRa2011 602 290 7710 145068 116344 500.23 0.935

4.2 FTEEARBIFITNFEHR

¥ HGRS #5815 R RN AT LA, 4R WA
2, M1 HCR. ConsRec. HGRec %% H T HGCN,
FH UL 36 IE HGRS AR 24 {5 FH XU 18 8 BB A 1A R .

HGRec #1 HyperGroup ##& Hi 1 A ok i i i e ] 2t
(0 752, AT 36 UE A SCAE M B 2 ST B R
GLIF. CubeRec. GEDA. Group-GF Jyifr4E B AL
M AR L HE AR

®2 TREIERAERNHIES CAMEEEELE

Tab.2 Comparison of performance among different models on two datasets

o Mafengwo %34 CAMRa2011 ¥4
HR@5 HR@10 NDCG@5 NDCG@10 HR@5 HR@10 NDCG@5 NDCG@10

HCR 0.7668  0.8392 0.6644 0.6881 0.6022  0.8103 0.4057 0.4468
GLIF 0.7961  0.8763 0.7030 0.7163 0.5918  0.7893 0.4030 0.4673
HyperGroup ~ 0.5681  0.6490 0.4652 0.4801 0.5779 0.802 0.3814 0.4490
CubeRec 0.8755  0.9103 0.7577 0.7723 0.6409  0.8210 0.4337 0.4928
ConsRec 0.8844  0.9156 0.7692 0.7794 0.6407  0.8248 0.4358 0.4945
GEDA 0.8060  0.8704 0.6993 0.7266 0.6208  0.7945 0.4203 0.4785
HGRec 0.8573  0.8884 0.7572 0.7674 0.6959  0.8248 0.6391 0.6805
Group-GF 0.9014  0.9150 0.8102 0.8286 0.8016  0.9218 0.4873 0.4991
HGRS 0.9126  0.9265 0.9099 0.9131 0.812  0.8519 0.6651 0.7038
p 0.031 0.027 0.002 0.003 0.041 0.035 0.038 0.029

T DU BB AN T RGO B 2 A D9 2 8 bR ) S AR T 5 R A T 5 2R

HCRI: @it HGCN 2& 3] B Bk miy, 5
0 2 ST A At AR 4 B AT BE A HE R

ConsRecl?2: Rt 1 HGCN Rl & FH 5 .,
B 3 MBS S B WG, T SRAR RS HE R
YHIRFAE

HGRec?3l: j@ it 8 IR 7= 1) v o s 4 DAL
FH B 75 I 3R 7 1) — S50l e EORL T DA % el — 0

TR A% G 17 B2 B BT R L 4, AR Jd
AL EE 2 5, SRR AR M b

HyperGroupt4l: 5| N4y AR N KBS, &)=
e I, RIS S NGF A wls, Sefit P -1 H
A AR R B o

GLIFRA: A oy 40 R Ja) 400 1 2 ST B 2H A 2
A8 FH A 2 T WL A 3 7 A A0 B ) R AIEAF B Rl



2026 G LHfiRE, S PEIEIE [ I S P R R A AT AR

K TR BRI

CubeRecl™@l: 5| N 7 R 2% [AIHEA T HELHAERE,
Ppt—FP LA, RS TE A H AR R S S
TiH Z 2R &

GEDA!; X ] NGCF (neural graph collaborative
filtering) 15X A SR HY FH -+ AT H 2 ] i 22 LA B
FHEBh 23 BRSSP RS E,
AL MR R U7 58 G BRI GT, SRR

Group-GF7: fy#dt 3 F i AHLEL, AR E
Wit s 2 W E e %, R R A FE LA T
ISTRAESAE ,  SEELTE 75 VI SR B0 ] 58 RO 4L HEE

A A Chit ratio, HR) RBIFIH—{k 44
E 25 (normalized discounted cumulative gain,
NDCG) PMESN HGRS HAFN Fabr. HR@K H
T EAEHEFE SR RN K AN thsebrdrd (R
1EHD M5 H $0E, NDCG@K Fl T iFAh 51 %
T H HEFEOUERfPE. NDCG K, FH P B ) T
HHMSHEERT, HEP e .

NIUEYEREIR T AT EENE, SRAXUE t A5 xT
HGRS 5 AR AP 6 25 S AT SR AIE (I 35 1 7K
0=0.05) . #7 p<0.05, W MR E PR 2 5 A 5
THREM: &k, WWAKZERHBEVLF R S B
ASLISIMAL S 10 Ik, DARRORES AR E M.
43 XWEE

HGRS #i%! /& 7F Intel Core i9-14900KF CPU LJ &
NVIDIA RTX 3090 GPU [{fgif}-F &3t b, A
Python 3.10 i PyTorch 2.5.1 HE42 52, #R N2 H
Xavier FElg WILHA T ST IR R, 1 H Adam (R Ab2R
LB S8, ¥ & dropout 2y 0.1, 23]k 0.0001,
IRNGERE R 32, L= AR/ N 512, BRZAN 2, 7kE
AR 10, FEHHIRETSMESE AN 0.2,

4.4 MEEELEER

B 2 vl fEP NS 4E |, HGRS BAL 1) &
WM REFRAR ) B E T 3 AN RIRE R 8 1R g s 7Y
(HCR. ConsRec. HGRec) . S5kAttEAisaLl, 7
Mafengwo #(#a4E -, HR@5 A1 HR@10 43427+
1.12%. 1.15%, NDCG@5 F1 NDCG@10 43532 FF
9.97%. 8.45%; 7E CAMRa2011 #i#i4: I, HR@5
2T+ 7 1.04%, NDCG@5 F1 NDCG@10 4353 TF
2.6%. 2.33%, EfEEMEABEG SR ITEEN
(p<0.05) . iXFH] HGRS A H XU 1 i ] 25 AR 2%
TERHRZH 4 R0 20 18] = B 15 S IR Ak

HGRec A1 HyperGroup #i% H4fs i i £ 7] 42 H

7
THRRTT SR, {2 HGRS B 5| N B B~ I LR
PE Y, XWIE T AERFHMEFE R P 5INH
B ) b 2

£ CAMRa2011 ### 4 |, HGRS # 5! ) HR@10
BEMIC T Group-GF #i4!, HZzERBF S REME. #%
BRI /MYl 2.08, BL—HEH AL AL 2
SR, HABEPARZEAT NERFE BN TR R,
M ATE O 25 B0 2715 rim S FLRBE . TR, /N
SR S BOR AL R K B AR, TR RA
) = e AR R, HEAL R A =B B R &
FRIEW AN, RSO A L XE DL e 70 AR .
Group-GF X F 2 & 20 TG I 2k 1 2 400 B R g il 8-
To e @R R b S AR, DUE I SRS R ) B
A2 H Am i BV AT 58 B AR, B G CAMRa2011 #dfi 4
(FIfe B se HARRAE, DRAE HR@10 FE s ERINFE L.
45 HERSLIG

N T EAE HGRS BB SANHAF A 24k, 18
Mafengwo #ifs 5 b DLF 2R B 5 HGRS A4 A
RIBEAT X EE, S5 3, Hrh HGRS-mh BAYFE[R
FA P 9047 yiBiE, HGRS-gh FEARS B4 24T il
J&, HGRS-ssl HilF2 kR H & ~->], HGRS-gate fi
RARE BRI THEHLH], A I AFAEAR D45 2 B AT R

3 HGRS HEMHRASKINLER

Tab.3 Ablation experiment results among HGRS models
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Fig.4 Performance of HGRS model with different layers
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