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Abstract:  Social recommender systems based on graph neural networks (GNNs) have achieved promising perfor-
mance. However, challenges exist in GNN-based social recommendation models, such as the neighborhood aggregation op-
eration of GNN-based models amplifying noise in users” implicit behaviors, resulting in suboptimal user and item represen-
tations. Additionally, the heterogeneity of edges in the user-item graph and the user social relationship graph leads to user
representations learned on two different semantic spaces, where direct fusion also results in suboptimal representations. To
address these issues, this paper proposes a social recommendation model based on self-supervised graph convolution and an
attention mechanism to achieve implicit feedback noise reduction. The model captures users” true interests from the original
user-item graph, generating a denoised user-item interaction graph; a novel method is introduced for fusing user vectors to
integrate heterogeneous user vector representations. Experimental results on two public datasets demonstrate that the pro-
posed model significantly improves the recommendation performance over the baseline models. Specifically, on the lastfm
dataset, the performance improvement ranges from 1.18% to 3.87%, while on the ciao dataset, the improvement ranges from
3.56% to 7.31%.The effectiveness of each module is verified through ablation experiments.

Key words: attention mechanism; implicit feedback; graph convolution neural networks; self-supervised learning; so-

cial recommendation

AR H 191 :2023-04-28 5 & (1] H 191 :2024-07-09 ; 52144 T K&k
HE RIS L



152 H, +

EE 2025 4F

Foundation ltem(s):

Science and Technology Innovation Key Research and Development Program of Chongqing

(No.CSTB2022TIAD-STX0006); National Natural Science Foundation of China (No.72074036, No0.62072060)

1 5%

W 5 % Bl L E D A Y PR e e, AT A3
AXRA T E RS, KBRS (5 S K
[F Fof 8 B T s A A I L R AR R R X
[R]85 1, HE A 2R 40 T LA DA TR 5 1) T I5G 1)  U
O P HEE AT B T P A A6 R H | il
B MRSs CR R AE HERE R G BE RE T L O T
AR 45 BT R, L RESR FHAL BRI S HRT, R 5
T2z W HTEAR 22k, an A - 5 (Tiktok | MR
MENE PRFAT) LR 5 (5 T4 L Amazon 55 ) , 138
-4 (e Twitter . Meta  BETRZE ).

ST TR A 242 R 4% Graph Neural Network , GNN )5 ¢
HYRAE 2T RE 7, B T EIR 2  Z48 I HERE RGEN T
UHTHERA A . HEE ARG R AE
B NI (5 =N A S W SRR 7 B A
PO 26 T LA A 412 81075 s 1) v B <08 A S, S5 B B iR )
) b YR AACAL . MR RGBT RE S A P ik R AR AT
DU 1 4 E 28 56 SR At 3 o6 R A FEAE S K A
PET i B T b 2 ) 4 o 4 58 5 % I ] B 47 R B
o SR TR ) R T I AR T A A R 0 T
PE . S HER R G0 B AR A LA M 45 rhr A
) AR 1 08 S5 O 2 >k 34 i FH P A (] B ) FH FH P e
H Y 28 5. LL R ot P 8452 56 ke 1) FH P A g
P NIORS o A PEAHERE'

SR, Ky PP 28 I 248 107 ] Bk S8 HEE R AT SR A7
SR AR . COARHE F P 04 g 58 38 BLAT R i 7 1
F ) it 28 HL PR R AL TP R AT L SO R
koM N U Bu N s e N e SR S N E | S A
S VY 3 S A R AT S o R P ) A B IR
s R, A T X 4 B P S e 4 7 A TS e
(2) fuff FH Pl o 222 ) 4 ) 2 ] P 40 ot 28 L LRI P 1
AC R F RN, Jir N7 B 0 HLA AT 1 g X . Bk
Ui, JH P i 28 B E R RO R BT R T
PR 2 B 22 B AT R . AR P A s R E i
M2 AR BN 7P Z A A A 0C &

FEXTHRAL (1), A SCH LT [ B B AR R
IR S B B = s 5 B e e A A . AL A T
TR AT 0 B2 68, A U ) b s
I A ST R AT R B I 2k, DATRD B K A
rh IR P B X P I A B s e L AT X BRAR (2) , B i —
ASHRL I P 1] 2 3RO il G R s PG o — > =
J2 ) A A 22 25 0k B AN (] 11 9 B 5 B 9 4 1]
HRRHATRS .

2 HEXIE

AR TR P il 22 0 4% )+ S HERE AR T B U A 4
RGN A B o R R G A O T AT S A5
T

(1) FEF bl 2 L 4 3SR E R G2

TEA AR P L P ) i Z [ A2 O R A 2
[ By 4k 52 5 28 T AAR J7 (6 b 2 78 i BB , SR A T 1
MR R IR ARF IR IR Z 2 E RN T
VFZ T 40 28 I 265 ) f LSS AR

RS0 1 P o 2 1) 2 TR AR A 5 0 4% AT 2 1
41 DiffNet ( Differential Network model)'®’. DiffNet & T 4
P& P 2Z ) A 22 S £ T — i T 2 e
AL A HEAA AT | A5 R Al T Ao 22 ) 285 SR AT 44 FH 7 1)
B e G 2%, E 2o 582 0 7 FIORSE R T P P 4 e e AT
S, DA e 5 4 7 1) VR 1k B S %A B2 Y Diff-
Net++ BRI 2RI SEF IR BEEIR A0 2] Rl A P 4
st PEUIF P A 58 O 28 TRT VAl S 72 AT, DA T o 3%
HEFE RS B . DGRec (Graph neural network for Recommen-
dation with Diversified embedding generation )" J& —
BT K 2 W 2R O TS R G, N 425 BT - Ay
i Z A SC AR, IF A Z2 T ABAOK S THIETE Bt
LightGCN (Lightweight Graph Convolutional Network )"
T S S TR B PR A R R 2 T % v ) S R R L B i
TV R T W X 77 2R GE Y TTRR A/, O HL 2 B A 41
M52 2% B AN A, PR 4 T A i 2 IR A )
M 2% JFR LN B HE R R GE, U T ARG A A%
S . Social LGN (Light Graph convolution Network for So-
cial recommendation)" 2" LightGCN Ji JH |4+ 52 #E 7 &
) & A W E S B2 0 IS N BB A
PR IEATRLG DU T B HESOR

()RR BHERE RS

PR 22 40 TR I B 43 Ay b 2R A R e 2
i ST AR X B4 BUE PR AT L X
SEAT Sy n] LAASE A TS b S e P B i 4T B =X R 5t
R PR AT 1 W0 B0 WORE o = A A T
FHZ oo 5 (0 M 1) . AR SEAETE f, fy 3 I ()
BAS A A 3R B BE AR AR AR M WA | i e e S A5t
I 5 L L S AR SR B B A R
AN M DR IR TE R AT A I R X MR P Rl AT Ak
PR A O TR 2R 5 A MR 7 R £ R e A R
Giog ) P B 4, O i R) AR M T — Ff B 3L
e MR R SR et , A I e R vl 3 PR 3 A 2K R
By A5 1 PR AR B AR 2% YRR A FGAR B 2R B REAS



o1 M

1 AT M PR AR R L) 2 BB B 5 e M g 4 S 47 153

MR . Wei 5 N R 7E B2 R 15 b AT BB AF7E AN fiE
S W P A5 A, 490An HTP E A H0 BE T /NS
Wy 1Mt — b PO A 4 R R0 25 AR i ok [ Ak
JEVU BAR B e B 52 BAT R F X AT B 5, eI 4k
1 AR I BRIR S 3 b 9 S P AR 2 A
TN B R A R R AR ST L B 4
& 2R 5 AN xR i R A T S R T 4
i AL S R A A7 A, R PR 0 A ) B U
BT, B 2 R LA TR

(3) A W B T HERF R 5

FI B 2 2T D 1 R T R B AR, BE AR
5 SR DN BR S SEAT B IS, FEHERE R GBI A
B 2 2 T LU P B D st 52 1 AT S R P B4
AL FR AR IR P B 248 AT O R 38 5 ] P A1)
sl 14 ) 1 7 L $ R Y Y2 AL RE 7, U/ o M 7 i
AR , AT 42 i 47 AR A P

SGL(Self-supervised Graph Learning) " i\ Jy 3£ T [#]
M2 W25 B HESE RO 5y 2 B AR 2 HAT R
T AR TE P 2 00 4% T 2R 0 A R PR A e,
A H B T B P W S LR SR = AR [R5
Bl I TRT A 45 4 LA I AR 80T A5 22 A il
i BY B A BT 55 8 1 AR B FRH R SR P A
s ) 1) 260 5 SGL R H 248552 > W 7 Uk & 22 iy
TS T B A B e D55

Zhang % N\ AT 1 3L F GNN I He 2 2T 1
FEAZHEREAR R LI BR A 7 22 > P R il i i
71N F) SR A A - 487 1) 80 A B T, s e P B H
i Z B R 2 R AR EARACR . O T G ix A
(] 8, 46 1 % b [l 2% 2] 5% 8 CGL (Contrastive Graph
Learning for social recommendation ) , 3 i3 3" HUR b X 44
SR B AGEE B AT JG 27 ) F - I i ) o) k5
718 38 5 B HR AR P A it 4 B 2 1) i RO L B
Jr 3 ik PR G SR T 6k 4 B2

Liu 25 N1 H T PR 28 00 2% 14 9 17 2 5 R
BEHL 2 33 00 T BO T RE 2 PR AR 77 R PERE , W 2%
il 3K A )R, BT — AN RN 2 S B DL A B
AR A TR B E KRR . BRitZ
AL BIAT F A XT He 4 2% oK %5i% Dt BPR (Bayesian Per-
sonalized Ranking) 35 2K pR B R LA FIREAS g 2 .

3 BRARGERIEZEFRE

PUAT (9 B 2 2 e AR g o B e 5 (A
T B I LG FF MBEHLIEE ) A s 2 A
P, o o o H 2 ] e KAR TR — 19 A [ R P 22 ]
— B, i IMEAN AT R L 22 ] i — B
AL 55 SR AL EAN I W B, 5 R B S IR

b, S e R A P RE

0T R 45 PP A7 7 MR P 7 LU 41 P P s
PR TN, A SCHE T 3 B S B 2 I 28 AT R )
AL, T B 9 P it PR A 7 R M A B, S8 7 sz ke
LS R 14 A MR PR 3 3 P A B 28 T 28 E PR AL
IR REE P Ry A 1) iR . AN 1 BT AR
T3Sy DU AR« BT P 4RI P 3G s A e L A
B I B P R Rl S BRI PE A A AR R

AR AR R ALAS 6 -0 H G ke AR
FERH T — PO IRE A 04 R e ) Uy s, SR
ANRE S 48R 4 40 (R P47 5 ) SR S B -390
Pl B 1 i AR 0 . 3207 R RENS AT ot R ] P S H
ZIANR G FR . A A B X b 5 S S MR R A T O Y3
AR ) s Pl o Ao M P £ 5L, AT AR 2R A DI ZRACR
HH FE B HLAZ #6775 33 R 07 125 AT LS 20 B0 44 1 15 2
FRBIRREE , AT Al BB R AR A PERER B . SR I %
%5 (Edge dropout) 2 3= 2 Y ELHs 3 9 Uy v, il 5
A AL PE I & AR BE SO = 24k i 1, A
I SR Be 2 2T Y PRI i

BETFH P R RN A 1] 48 A 1) 1 2 DU
) B B A AR v 0 B3k M 7 A SR IBU P R %8, O
A JRRE RS W] P LG SR I . A A I R
B PR R a8 2 1 M o~ SRS e i P R i e
INHNZARRES) . TP SRRl G AR AV AR i — > =
JZ2 A TE AR 22 2858 PR AS [R) R 50T HLEAT S5 I PE Y
FH P i R BT ARG . AR AV i
B RN B T R TR P M B9
IR 1 = A FH P AR B Top-KANHERER i
3.1 S5 EEER

AT XS SCE B KB TS AT SO R . (R
U={u,,uy s, - u, y IR P ES, o u, Fom
FHi MM m AR BB R, V=
Vv s, v, VRIS, b v, R 5 )
M e RED W B R=(, Ju=1,2,3,-,m; v=
1,2,3, -, n), ot r ORI u Xt v B9 AE HOE R (R
i R BTN AP u 5 T W, r,=1,
owWor,=0. [ K ML, S=(s,i=1.2,3,--.m; j=
1,23, -.m)Rm P A 32 G & s, Ros P u,
X FH P ) RS SE 3R 2P AP B T 45
X5 s, =1, 705, =0.

W FWAERE RGEBAY 38 o ik A R (Embed-
ding )RE T A it W S5 81 1] 25 (] o, LA THER AT
Z A ARALEE . o, e, Rl e, 4390 3 FH P u ALYt v
) R e e 3 SRR T w A it v ek k2
PEI 22 W0 2% J 1 [ B R 7R 5 2 k=0 1), &) 1l ) 7 ]
Fu )t v TR AL ] R



154 LN S ¢ 2025 4

I___________________________:::::::::__II_ __________ 1 T T T T T T T T T T T |
| et L P R LA :25”_:.] T H e !
I | e
I | () T 5 WA I
| o v LI TT ] o | fer |
| EELLA
e LT — A |
|
| us  j=1 us up 1 3) | m | |
| s s o I 11§ ¥ |
S [l 1l
[ Y NN \ N N G N | I | !
| 73 Vol 0 |
| COCCIEL), 1 gy 1
! 73
: < LW, !, . B
| \is is iy i i iy :e )D]]:.: :: |:| : : S5 i‘k :
! [ | X |
I O 1T H I
[, Pmsmnn i | |
: e I T I bk’ it I 1 :
| I
| =2 I :: !
i k=l ) ' N |
|
: ! ' R FEMeAY :
| . | ek’ |
! P i " ¥ A )T |
| EXEY 1 il ) B 1] !
B z ! ! m
|
| I | !
N “ ) N PR |
e o I R !
Pt |
! |
: s b A Us us uy us Uy |
| Uy Uy :
|
: HET 2L iy pe |
| T P15 :
| u
© 0 0 0 0O « o ’ “l
: is is iy i3 i i is is iy i3 i i uy |
|
|
18 14 AR T |
: L s 1 AN 1y FH P g A ] :
! |
|

JHF FCIHREE A0 P R ) et 2R 5 5 BB

1 AR AHE SR

25 5 F P R i B 52 LR RS R VLR P A 22 56
FAEE S, AL ASHERE IR REE S X T B AR w A
Dy s Bk iR P, A B P u A S R RS

MRS VA R a0 T LA B2 R P
B 1 BOERE W R A S G B . %
T 03 O P 00 g — AT 2R P R P i 4

F, 4SS HEFA R AT 55 02 R B AR P w 7 Top-K 1 Wi O

/il PT BRSNS R ) il B Wy e Wy,

3.2 APEIBENEGRER W= : . ) (3)
T2 7, T M P Y B R 4 B v 2 R g Wit W

FRAE SR BUT 248 LU P B 45t rh g
AT REA , T LM I A ) [ 3 SRS R e 3 R
FIHUHIRTHE P A SR, A SRR S S W 7 LS
AR ISR P FLAR UL, X TP u R A B AR S

ZJa, s () R (5) B, D4R B T E o
B threshold A5 HY ¥ /N T B TH0VE 25 1 20 514
B0, AU B KT BE TR TR 7208, B B g
i W FH P LSS TR T

VA o PR LR w B P A 1 e, (T B o { 0, w <T "
R, R A (1) FIR (2) s 0T Wy W T
x,=a(e,e,) (1) 0 ... 1
__exp(x,,) W’=(E ) (5)
= (2) s

>exp(x,)
k=1

FErb a(+) MBI B2 JEE &k o K, A 1o FELAGE P P9 B D A
URERE B RR B [RIREHL, 0 T P AR UP B — R

o, w BRI P LSBT R . na(6) By
71 R JEURR B4 P P S E AR R S W EA TR LT R
B, BIVATAE B 9 FH P 0 i 1] F) S 45 31 28 T T



pis
&

1 AT M PR AR R L) 2 BB B 5 e M g 4 S 47 155

us us u
Uy up
T 2GR
[iBlEE T
is is iy i3 i i

P e A
: T ORI S38 |
|
| |
: 0.83 0.01 0.03 0.01 0.6 0.06 !
|
| SN T o TV
! P——— e | 00> 001 0.86-0.0270.03 0. o [
: R W SR R e 02 000 047 048 003 001 |/ ik R :
: 0.04 0.04 0.04 0.08 0.01 0.79 |
|
| et PR A VER AR '
| R AR !
o Py BT AT !
I I
B2 T B S SRR ) PR S

LRI A B P o P AR A R R R Y
FH P4 & BRI A T 385 A P, SR FH P A 1 HL L S SRR R
EEHATH .
R,.=ROW' (6)
o, RIZJE AR B P 0 i PR B 238 HLE P L R, R HE T
FH P 52 % 8 A W L X 17 B, © R X I e
EY
3.3 APEEXRTHEEER
R T RLAR E R ORI 58 56 R TR
Pl AS [ A 54 P ) d 367, AR /N B R — S B I
FA P ) FROR Al A B . 2Rl 22 5 R T
RN RO B TR BT AR [ P ) R R 2
WP R R Z R A PRE DG &R . BAAORE, 4 b,
B 53 R 7R R P PEURID P 4 52 5 2 P 7 A
] 3R, O T RE T 2 M B0 A IS B 1 e
b FE TR TC R B b, Oh, BHEE R, T3
‘erﬂﬁﬁ
X,=(hoh.h. ) (7)
PR IS I 1) 8 X, ANAEAT T R, F R 0] 5 08 1
HIRHEAT T W Z 8] U R 5 B A DF R S5 i 1) 1 X,
TEN B> =2 A A 28 IR 4 v A R 2 B P 1)
HFR XA 2N = (8) TR
X,=0(&X,+a,)
X,=0(&X, +a,)

X,=&X, +a, (8)
C X,

Hodr &L &, E M ay, ay, a3 ) R BUESRE RS A B0 R
T S HL 32 A6 Bl FH Mish 2RO E S B0 BB o, Miish

PR BRC — BT R A 1 T I T B S PR, Mish B80S
BRBE T i A7 i 5 AR 2 M L S 8 0 (5 A ofe
BEA AT SR, SRR S 7 i, I HARBBCRIL T
ReLU i pR AL HA T3 A= (9) s «

f@)=xtanh(In(1+e")) (9)

3.4 RAPfYREERSEHER

ot P 8 i P P9 FH P 49 i B KL A
1oL AT SR T B AR 22 I 45 A S %, 53 3
FE WA P B P R i, ORI A

CI) L 40 it PEL DD R 5 20 R 0 i 1] 1) D
Py it 1) BT

=X (10) Fro , RS el Fl el 0 3531 e 7 T Al
Py AE SR ke 12 A ) s d o P R B4 48
R i) s R SR BT AT Y A B 1] R

1

el = e®

veN, N

u

N

v

(10)

(k+1) _ (k)

v u
\ / ll

() AP s R R E B ﬁiﬁ%ﬁ
AN L) 7 [R) R AR 40 Jea 1 s 1 1) o 37 BE B
FUARTY S 1] &, 15 B HAESE k+ 1 R0 1] 530 el

(k+1) _ 1 e(k) (]1 )

user friend

friend € N, Nuser ’ N
GYHP mEFRRNE
TEAFEN T 2Rk A H 9 R 58 56 R IR A
k+1 2 i R 2 5 alad 3.3 4 H Al A
ARASEE k+1 2 P )i 26, Al a B an =X (12)
7R

e

friend



156 H, ¥

EE 2025 4F

e = fusion (e** ", e": )

(4) B2 P A i ) B 3R s

A S AE P b R A 22 56 R BB K2 K]
B 2 W 4545 31 Z2 2 F P A1) 00 ) i 3R X
B[] i Fe RN 30 1 AR A T 2R B A P
Yy e s, Ha H AR an =X (13) Fos

Horr Y k=00, e, & 53 51 32 7500 1 19 FH R i 1)
HER.
3.5 PMELEFER

= (14) frs , YA HERE LR T P u A1) v
Y e 28 1) B3R OR e, Fl e, HEAT N BREERAE 45 21 1) T 43
B3, BA P w5 0 5 v W O 4 1743 . AR 4k T 43 %k
FA) v (I BUHE R P 91, 2 BRI S 3 1 Top-K i HH P A=
Y Top-K M EXEY) i

(12)

(13)

ya=ere, (14)
Denoising-GCN >R DL HA~PE AL HE BPR $ 25
XPRALHATIEAL . BPRAS IS B HERE R 58 b JH 4
A eR AL, H B AR R i AR P 5 W i 2Z 18] A 32
255 B ORI R ) P AT R B IEREAS X T
—NIEREA i FEAIL 5 RAE 1 7 RIE SRR A, BRI
LB FREAS . X T IEFEA A, BPR
UK B R R GRS BV S EE T, B ARt
SR RACTEREASSZ T P B9, e/ MU SR AR 23 ]
FURAES I FH RIS B T B A A 24
XFAEEW AP w, FEREA Ry i FREAS S,
BPR 45 2% pRECE SCAN (15) o«
Loin= z —log O(JA’W'_J;W')

(i) O
Hi,0={(.i.)| (.)€ 0" (u.j)e O | FoRVILEE (u. ))e O
FOREHRE TGRS AT (u, j)e O FoRifint
BERIL S RAT A I A4 P 52 AT R Pl MR SRS
WAL, S dd 1R A5 30 0 S 2 ] A o 1) e i
[Fi) 5 5 KT A5 380 ) e 28 P P R it 1) e 2% 1) 7
T 3.6 1Y H R e R
3.6 BEEFIER
A3 ATTEI IR EE ST P R R A e,
FE T LS 26 G 5 K] b2 20 B FH T 1) B R R
el/, fiE JH A% 52X AR B EE O i 153X 1> Embedding F4AH )
P, 1= (16) s :

similarity ( e, e’u’) =

(15)

el -e" (16)
et ]

e’ ,s)
Horp e — N/ INAIER, Bl 1B 43RE SR O HE BRAR R, 7 X
B R e=10" 1M AL AL AE A i Embed-

max (

ding (AR BEHE AR IR 0T [ — A JH P R B P
oot T RV BB 10 1) i 2% HAE 20 0
e A ARG B 16 i s {(e), el |u e U [ H5E
AT AR ™ 35 25 A P o B P 25
MO L2 R A R E R R 0 R R
{(eef) i) € U | AEENWATR) R A5 . 7
VRO B2 B SIS (17) 7%

1 — similarity ( e, e{,’) ,

label =1

loss (17)

user

max ( 0, similarity (e;, ej’.’)) , label=-1

Hor, label AR%E , label = 1 %75 PIA 1] 5 AH L1, label =
—1 RN WA ] F AN AR . [ BE, 4k A J5LAG 9 P )
st T FR 00 it 4 ] e 87 O e, OB 1) LS BT ) 0 i 1)
o] i 7R A e, W] L SE SOt Y 1) 2 n AR RLAR 2K B
B K (I8 Pims -
1- similarity(e’v,e’v'),
(18)
max(O, similarity(ei,,e}{)), label =-1
e AT RUAT 2 A R A A Bk s, i (19)
F7R

loss

item

+loss (19)

user item

loss , =loss
3.7 EERIZ
Denoising-GCN 73 4 P ME 55, 2 B HEFE AT 55 Fl
HHBI BB AT S . AR AT S I Oy
OB AT O0AL B ) S R pR B =8 (20) s
L=L,+ploss +24] 0|

main ssl

20)

=L, . +loss )+/1||@||§

Horr, @ RIS S50 1 A B SHL, o3 i )
B > H 5 B A IE DU A 5

4 RBEHF

T VAR BT Y A SOV AR S A TT B
A EIFATSCE . FERIE T LAR .

RQ1: AHXFF 32 7%, Denoising-GCN 7£ P~ I8
4 LR BN fiT?

RQ2: Denoising-GCN 4 A =4~ S8, A [m] ) 1 2
Koo nfer S Ferkfg

RQ3: 5& T HI 7 5 52 2% 0 a0 1) 141 48 5 T Bk
Denoising-GCN £ BE Y 51 #ik 4nfnf 2

RQ4: BT 42 5 (9 HI 7 ] & 3 7 fil A B B
Denoising-GCN P£BE Y 51 #ik 4nfny 2
4.1 ZWIMEEHIRE

i FH PyTorch ST Denoising-GCN, FFAE T IR XPS
8950 L4k ATYIIZ% . H/R XPS 8950 it 5 1™ 24 4% Intel i9-

=L, ..+u(loss

user item



o1 M

1 AT M PR AR R L) 2 BB B 5 e M g 4 S 47 157

12900K 4b ¥ #5 Fil — He 24 GB N ££ ¥ Nvidia GeForce
RTX 3090 GPU.
JIT At FH 1 R A i 4 389 o0 4 38 HE AE 1 R v H Hl
£ XIS BRI GTHE B INE 1R
®1 HE&EGITE

Bl lastfm ciao

JH 1892 7375
L/LEA 17 632 105 114
3EH G FHL 92 834 284 086
HAE KRB 25 434 57 544
A ES) 99.72% 99.96%
TR (FE2E X R) 99.29% 99.89%

Lastfm é&?&%”%}kﬁi%%%ﬁ lastfm(https://
www.last.fm/) FUWCEER) . P o] LA AR E 3 SRkt r T
VO VEorAT R T DUE AR B R A5 7740 v] LB 1R 2
fRds . R, FH P T ARYE A O Wb g 4h 38 6 &
ciao ™G A 2 I [ 1 T4 2% L M3 ciao (hitps://
www.ciao.co.uk/) PR . ZBHEEMRE T 730 T H
FURILT T4 KRR . BRI R 4119 L)
43 RN R AR FIERAE | I HLE 88 02 21 i 5 125 K 4k
P B PAFTE A HAT IR IEREAS , BEAL B £ R
FE—AAFAE ) B AHEH P 38 Tl I REARE R TR A
4.2 BEZXAFEEXWELE

R T UG AIE BT HR AR R A A O AR SO B LR
AR GEA TR L -

(1)BPR'™': BPR J& —Fh & F CTR Tk i) i #5 5
. BPROR A T HESR A A vk B AT 55 B e —
AN ICAr R AT A

(2)LightGCN"""; Light GCN J& — Ffr i [R] 5 AUl 25
W2, B 3 1 PR3 R 22 T 446 v )30 BB L 3 42
VL R A0 P4, o] AT AN s R A 4 P P 22 1) A AR R
T HE TR 2R G 0 1 R

(3) DiffNet'® : DiffNet J2 J& T [ #f 28 X 45 ) 11 52 #k
FERAL E 2 R R T AT O A s 5 & A IR ik
AHEAR A ) PR 0 1) R IR 2 R 4 AR
TR 10 2%

(4)Social LGN'"™'; Social LGN 5| A#1:%2 5 £ # Light-
GCN Hfv | 8 1] P 14 i) 8, R Tl A 50 W il 75 3k
FAS A 7 1) e, B T ARG A R 1

(5)SGA™:SGA J&—Fift &1 i 25 X 4 1 28 (K1 1 7 )
RABR . TR A 48 FREUH 7 2 [l g M L
FERH A FER AL B P-4 28 B AP ) S
£ 5 SCA IE I FIFAT ISk, Wi $2 80 HEFE R G IAL
TR 2 0 45 3 B A AL ST AR ) DL

fili FH Adam fE AL, 2% 31 R K 0.001 At AL T #2

ORI U PR Y Embedding /N 64, |
RIHEU /N R 2 048.

{68 = AN FE s SR Tk A5 TR0 R S v A R 7 Top-K |
IR IR, 73 25 (Precision) A3 13 (Recall ) FIFRHE
1k 3 0 B FH I 25 (Normalized Discounted Cumulative
Gain,NDCG) , X 245 F5) 2 FH T Top-K #EAT: 55 .

Recall@20: X T84~ FH B 5000 A9 AT 20 429 b
5SS PR A B S AT A T A S IRk H R
PLSEBRAS H Y S S B THSE TR F P AR, R
HFK M Recall@201H .

NDCG@20: 5 Recall@20 5B (HSEXFF AN
P45 B i RT3 0 R ARHE Y L S8 115 0 B4 i
2091 5 ) DCG B A SEFRAC H ) f 19 DCG {H . KX
BB I — LI AP, FRZ A NDCG@20 1 .

Precision@20: X F 454~ F P, 8 700 A9 15 20 14
i 5 HSEPRAC B R b EA T FL A TR A SRR L
B LA 4 it SR T HAR T P AR, IR L
FK-M Precision@201H. .

4.3 LRSI

W 2 7R, 30 2D WA T LIS B DL T 4518 -

(1) Pr B 20 78 WG A~ B i 48 L 0 BT A7 P 8 b 2
5 F HAWAAY , Denoising-GCN AYHEZERC R AR X F R AR
FEH Social LGN $2£F+ T 1.18%~7.32%.

(2) Denoising-GCN A5 7 3 1+ 3 = F] 7 52 % Rk
SR P o2 MRS R R B S A S S FH P D R 3 E
A5 R v W RS R 5 I, 2 >0 S0 A0 P AN i 1] 1
I PR TE T e 25 S B HERf M
4.4 SEHRESH

AR H AR A Denoising-GCN B35 =S4T,
Sy BRI TSR A, [ W B2 2] 0 R A R g P ET
AL threshold. AR5 iF 973X =S8 S 800 Denoising-
GCNPERERY M .

(1) [ W8 2 2] i B AR R i A4 5 1)

W, W E 1=0.001 fil threshold=75, 7£ 2 Al
threshold P4 AN 22 YA L T , AL {0.000 1,0.001,0.01,0.1¢
O W 2T 2 R B AR e OB, 308 2o R R AR
Y M E 2R PR A 5% B WA B 2 2 1Y 58 1 % Denoising-
GCNERER M . & 3 T LAE Y, B B B 2 ST AL
AN, Denoising-GCN f4 P BE e 38 in 7 T B . X 2
DRy 19 Bt 2 > R O Hh ) B B B2 A R
TR, QS A W B 24 T AL 1/, & SO
2% A W2 2T AR, AT S SO R () MR R R 5 O
— 7T, QNS B R ST A K, & RO
b BEARORE 1 W 2 2 ARG S SO R 2w T A A
TR 2F 2 NI 5 | RS AR R MR RE () T %



158 H, + ~ 1R 2025 4F
x2 FREBSHMERMNEEILER
A lastfm ciao
PEMNFE R Recall@20 NDCG@20 Precision@20 Recall@20 NDCG@20 Precision@20
BPR 0.1499 0.132'1 0.072 0 0.0339 0.026 0 0.0111
LightGCN 0.276 9 0.278 8 0.1358 0.059 1 0.047 8 0.020 2
DiffNet 0.248 8 0.247 4 0.121 5 0.0527 0.040 3 0.018 2
SGA 0.2497 0.2723 0.0712 — —
Social LGN 0.279 4 0.288 3 0.136 8 0.061 8 0.048 6 0.020 5
Denoising-GCN 0.289 6 0.2917 0.142 1 0.064 0 0.050 4 0.0220
improve/% 3.65 1.18 3.87 3.56 3.70 7.32
0.290 0.290
0.142
0.285 0285 0.140
é\ — % 0.280. §O.ISS
E § 2 0.136
3 g 01
= 027 z 0275 =
0.134
0.270.
0.270
0.132
0.265
10" 10 10° 10+ 107 102 10 10 107 102 10° 104
u # u
(a) BHELE lastfm [ Recall f8 45 (b) BE4E Tastfm | NDCG 545 (¢) BAE%E lastfm |- Precision f§ 45
0.064] 0.051 0.022
0.063 0.050 0.022
o 0.062 0.050 o 0.022 S
%) 0.061 % 0.049 \g 0.021
2 0,060} 2 0.049 E 0.021
0.05
0.048 G
0.058
0.048 0.021
0.057

107! 102 10 107!

u

(d) BUHG%E ciao I Recall 3845

102

"

(e) BHELE ciao - NDCG #8545

10

() BEE ciao I Precision 85

3 PSR AR b ) X AR A RE Y SR

(2) TE D04 58 2 BSR4 1 R 1) 52 i

1B 1=0.1 Fll threshold =75, 7£ u 1 threshold £ ¢
AAERIEOL 228 A A (E, 382k WSS By M RE R B LA
W FEAS [R) 09 1F Tk 5 B2 A X} Denoising-GCN 4 E 1) 52
M . [ 4 SR AN [R] %) 1E DU A6 38 B2 X Denoising-GCN FY52 0
SN NPT DR = S VN i < i R 3 s 1
Denoising-GCN Y PERE GG A [ . 32 K iE I Ak
SHR B 2B e SR ) SRR /N SR T 25 SR AR ek
YER , DRHSEAY A M B A . (R, QS T DU A i g
VNI GON R R Y A NN TR =2 ¢ SR BB E |
A X REEL S Denoising-GCN PEREAR 25 . 1E ) fk o i K
REKR IS, HRAE R P A 7 TS0 . > T k5
A=0.1}, Denoising-GCN 2337 2|3 FE Y 29 58, A A 7Y
AP RE TR B . 24 1 ka8 BE A 2=0.000 1 i, Denoising-
GONARZ 5 52 BNk A, BEAR T RERLIIZ AL e 7, AT

S AR PERE .

(3) A 7 LSO TR fE A 52 )

BEE £=0.000 1,A=0.1,7E A F u (R RE LR,
M 185,75,50,25, 15} B {1 7337 44 threshold H{EL, i i
WSS 1) 1 e A2 A 15 BRI A A il T I P 5
L8 Y FH P W A 5307 %8 threshold X Denoising-
GCN A 52 (0 By 2 1 B8 T X Denoising-GCN A9 52
M ). R T 7 LS XA FT Social LGN 76 P~ $ 4 4R
RS RIEAT TR R/ NA— AR B S A LU
A EY threshold 2552 1 Denoising-GCN AP BE , {H 4L
PSR, B SR T A R threshold,, Denoising-GCN A9
PEREA) LE Social LGN B4 — 28 | 332 A R AN [w] (1) F 3oL
£ threshold FCERAN [F] A TE R BB T, WARRAE AT 4
HH R P B SR B . E 35 B threshold B K, B2
WRE P 09 Dy s 22 AT O R B DR 23 I AN fig S ket



fets . N RSy S N VL e Lp b
o1 M S AL [ B RSB B L S BRI R R (4 4 28 A 159
0.300 0.300
0.140
0275 0.275.
0.250 0.250. 0.120
(=3
0.225 0.225 S
g : :
= 0200 & 0.200 £ 0100
= 0175 z 0175 = 0.080
0.150 0.150 )
0.125 Oet25 0.060
0.100.
010057 102 107 10+ 10" 102 10 10+ 107 102 10° 10
A A A
(a) BHE%E lastfim _F Recall 845 (b) HE4E lastfm - NDCG 545 (¢) BHE4E lastfim - Precision f8 45
0.070 0.060 0.025
0.023
0.060 5 o S
. T
0.050 &
§ % 0.040 é‘) 0.018
é; 0.040 8 é 0.015
g 2 2
e - Z 0.030 £ 0013
0.010
0.020 0.020
0.007
0.010
10" 107 107 10 001057 102 107 10+ 0005, 102 107 10

A
(d) BARAE ciao I Recall #EF5

A

(e) HdasE ciao - NDCG f5#n

A
0] B 4E ciao I Precision T8¥5

P4 WA B A b T ) A s JEE S R R A R 1

FUR SR X SR AT NG ST A AR SRERATOE KR N A B AR LUR I TARARSERTT

threshold /Iy, B L 077 3 FEA T /NS 43
SRR WU P 19 LS . T4 B Ve B 4

4.5

HE SR
T o3 BT R v AR Y Y B R

1. 1 1
1.0 1.0 1.0
(=3
S 0.8 S 08 g o8
® ® g
= 06 8 0.6 % 0.6
3 a ]
& 04 Z 04 £ 04
0.2 0.2 0.2
0.0 0.0 0.0
SLGN 15 25 50 75 85 SLGN 15 25 50 75 85 SLGN 15 25 50 75 85
threshold threshold threshold
(a) BHasE lastfm I Recall #5457 (b) B4 lastfim | NDCG 545 (c) HHi4E lastim | Precision fE 5
1 1 1.
1.0 1.0 1.0
S 08 S 08 & 08
® ® @;)
= 06 S o6 2 06
0.4 7 04 & 04
0.2 0.2 0.2
0.0° 0.0 0.0
SLGN 15 25 50 75 85 SLGN 15 25 50 75 85 SLGN 15 25 50 75 85
threshold threshold threshold
(d) FH4E ciao I Recall #6845 (e) BUHE4E ciao | NDCG 845 () B4 ciao I Precision $8F5
5 PIAEESE b threshold X260 14 BE A 52 1



160 H, ¥

EE 2025 4F

DA IH S5

Denoising-GCN-0: 1% B /R BRI LB 1 [ Wi 2% )
B, DL IE F 7 I AR B VE T

Denoising-GCN-1: iIZ AR BRI h A8 T [ W 2 )
W, T3 —A~F BEIRIE [ W B 2 T B PR ]

Denoising-GCN-2: i A ABIALEE Fir§& FH P ) s il 15
BEHRAEAGAIASURN, LASSIE TSRl S A g ]

Denoising-GCN-3: 1% 28 AR AU 07 5 1 i e 1 1 A=
BB, DA TE T FH P 2 S MR R 17 R o IR A e
AIFEH .

3G T AR AR AR AL PERE R I, Horp
I ZE SR 58 g R N RIZ 3R .
X3 LIAEH, Denoising-GCN-0 s L ol R MU0/
IR IR SRR W B2 ) i e, HoPERE R BT AN an
Denoising-GCN , 3 5 B AR ST H J F FL S 4 BRIE A 1) €]
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https://github. com/hsianghsing/Denoising-GCN. #X [fij , 4%
SR IT AR — BN JE AL T EAE AR AT P
PASCHE . AN [REE AR n] e 2R AN R F B 7 ) i
JEFIGERE o0 K, X A SR R AR Bl R
IFIE], S T ORI ZR A S AR BE AR AR . B
>J A b2y 2] 5 EOR R B IR, T HOR A AL R AL
Bl A YR [E] A0 A A >R A, T RE R 1 2R
TESZBRI T B AT ATHE . FEARARAIBESE TAE T, AT TR
XX AN 7 DG AR T AL

&% Sk

(L] B, MOV, (T 2E, 45 Rl T2 A R B I+ 3 i 4 2
FEALRE S AR [J]. 32741, 2017, 28(3): 708-720.
HUANG L, LIN C J, HE J, et al. Diversified mobile app
recommendation combining topic model and collaborative
filtering[J]. Journal of Software, 2017, 28(3): 708-720. (in
Chinese)

BT, TLEYE, BAFL, L TR S MR RS
WEFELEIR 1. THENL2AR, 2018, 41(7): 1619-1647.
HUANG L W, JIANG B T, LV S Y, et al. Survey on deep

learning based recommender systems[J]. Chinese Journal
of Computers, 2018, 41(7): 1619-1647. (in Chinese)

GAO C, WANG X, HE X N, et al. Graph neural networks
for recommender system[C]//Proceedings of the Fifteenth
ACM International Conference on Web Search and Data
Mining. New York: ACM, 2022: 1623-1625.

SR, R, SCRW, A5 AR T A B A ) 1 25U AT R D
ZEMERF IR D). BT, 2022, 50(10): 2361-2371.
ZHANG S, GAO M, WEN J H, et al. Self-supervised
learning for alleviating popularity bias in recommender
systems[J]. Acta Electronica Sinica, 2022, 50(10): 2361-
2371. (in Chinese)

HIH, MR, RRRE, 5. BT WEIR G ML E 2
PEHERARL ). 72242, 2023, 51(2): 286-296.

CAO Y, GAO M, YU J L, et al. Bi-graph mix-random
walk based social recommendation model[J]. Acta Elec-
tronica Sinica, 2023, 51(2): 286-296. (in Chinese)

TANG J L, HU X, LIU H. Social recommendation: A re-
view[J]. Social Network Analysis and Mining, 2013, 3(4):
1113-1133.

SHARMA K, LEE Y C, NAMBI S, et al. A survey of
graph neural networks for social recommender systems[J].
ACM Computing Surveys, 2024, 56(10): 1-34.

WU L, SUN P J, FU Y J, et al. A neural influence diffu-

sion model for social recommendation[C]//Proceedings of

[10]

(11]

[12]

[13]

[15]

[17]

the 42nd International ACM SIGIR Conference on Re-
search and Development in Information Retrieval. New
York: ACM, 2019: 235-244.
WU L, LI J W, SUN P J, et al. DiffNet: A neural influence
and interest diffusion network for social recommendation[J].
IEEE Transactions on Knowledge and Data Engineering,
2022, 34(10): 4753-4766.
YANG L W, WANG S J, TAO Y Z, et al. DGRec: Graph
neural network for recommendation with diversified em-
bedding generation[C]//Proceedings of the Sixteenth
ACM International Conference on Web Search and Data
Mining. New York: ACM, 2023: 661-669.
HE X N, DENG K, WANG X, et al. LightGCN: Simplify-
ing and powering graph convolution network for recom-
mendation|[C]//Proceedings of the 43rd International ACM
SIGIR Conference on Research and Development in Infor-
mation Retrieval. New York: ACM, 2020: 639-648.
LIAO J, ZHOU W, LUO F J, et al. SocialLGN: Light
graph convolution network for social recommendation[J].
Information Sciences, 2022, 589: 595-607.
KOREN Y. Factorization meets the neighborhood: A mul-
tifaceted collaborative filtering model[C]//Proceedings of
the 14th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. New York:
ACM, 2008: 426-434.
PRER, ¥, AR, 5. Al 85 5 kU 5 Y
DI BB AR R ], B4, 2020, 31(3): 794-805.
CHEN B Y, HUANG L, WANG C D, et al. Explicit
and implicit feedback based collaborative filtering algo-
rithm[J]. Journal of Software, 2020, 31(3): 794-805. (in
Chinese)
WANG W J, FENG F L, HE X N, et al. Denoising implic-
it feedback for recommendation[C]//Proceedings of the
14th ACM International Conference on Web Search and
Data Mining. New York: ACM, 2021: 373-381.
WEI'Y W, WANG X, NIE L Q, et al. Graph-refined con-
volutional network for multimedia recommendation with
implicit feedback[C]//Proceedings of the 28th ACM Inter-
national Conference on Multimedia. New York: ACM,
2020: 3541-3549.
Tl AR, FEZE R, 5 —Fh g G i URRIE A R
LB T 4 #1R G E FER 1), B4 3R, 2022, 33(5):
1635-1651.
YU X, HE Y D, DU J W, et al. Developer hybrid recom-
mendation algorithm based on combination of explicit

features and implicit features[J]. Journal of Software,



162 I S 2025 4
2022, 33(5): 1635-1651. (in Chinese) iv.org/abs/1205.2618v]1.

[18] JAISWAL A, BABU A R, ZADEH M Z, et al. A survey [23] CANTADOR I, BRUSILOVSKY P, KUFLIK T, et al.
on contrastive self-supervised learning[J]. Technologies, Second workshop on information heterogeneity and fu-
2021, 9(1): 2. sion in recommender systems (HetRec2011)[C]//Proceed-

[19] WU J C, WANG X, FENG F L, et al. Self-supervised ings of the Fifth ACM Conference on Recommender Sys-
graph learning for recommendation[C]//Proceedings of tems. New York: ACM, 2011: 387-388.
the 44th International ACM SIGIR Conference on Re- [24] LIUFU Y W, SHEN H. Social recommendation via graph
search and Development in Information Retrieval. New attentive aggregation|M]//Parallel and Distributed Com-
York: ACM, 2021: 726-735. puting, Applications and Technologies. Cham: Springer

[20] ZHANG Y S, HUANG J J, LI M, et al. Contrastive graph International Publishing, 2022: 369-382.
learning for social recommendation[J]. Frontiers in Phys- [25] KINGMA D P, BA J, HAMMAD M M. Adam: A method
ics, 2022, 10: 830805. for stochastic optimization[EB/OL]. (2017-01-30)[2023-04-

[21] LIUZ, MA Y P, OUYANG Y X, et al. Contrastive learn- 04]. https://arxiv.org/abs/1412.6980v9.
ing for recommender system[EB/OL]. (2021-01-05) [26] ZHU F, CHEN C C, WANG Y, et al. DTCDR: A frame-

[22]

[2023-04-04]. https://arxiv.org/abs/2101.01317v1.

RENDLE S, FREUDENTHALER C, GANTNER Z, et
al. BPR: Bayesian personalized ranking from implicit
feedback[EB/OL]. (2012-05-09)[2023-04-04]. https://arx-

E&E &I

WEE B, 199544, f R KA B S
L LRy T o | e R -2 | S W ISk |
ENERUN =T

E-mail: guoxiangxing@cqu.edu.cn

B #9197 4, T2+ ERR
SN € R QLR IR € U Ak o[ T o
WEFEDT 16 R R G (5 BR Hleser .

E-mail: zhouwei@cqu. edu. cn

HiER H,19794 4, T+ mHRK
E YN RS L T e e e T S A )
JR 55 1A T I I B T

E-mail: zyyang@cqu.edu.cn

work for dual-target cross-domain recommendation[C]//Pro-
ceedings of the 28th ACM International Conference on In-
formation and Knowledge Management. New York: ACM,
2019: 1533-1542.

Mg B ,1969 4, TR 4 KR
SERBE S R B R . E R O o T
B MR

E-mail: jhwen@cqu.edu.cn

BEE L, 1999 4F 4 B RR SR A S
RO B LR A . R WRSETT 100 o IR 45 i
BRI R eI

E-mail: yangjiajia@stu.cqu.edu.cn

X B A, 19834k, E A sl 4E A
TRAT BRA B T AR T . 3= 9T 7 18] 38 15 IR
%5 S e .

E-mail: liuman1@139.com



