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Abstract Recommender systems represent a pivotal technology for addressing information over-
load, enabling the fulfillment of users’ personalized needs. Traditional single-behavior recom-
mendation primarily relies on users’ target behavior data. However, the scale of such data signif-
icantly diverges from that of other behavior data. Consequently, recommendations based solely

on target behavior data struggle to comprehensively delineate user interests, thereby constraining
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recommendation efficacy. To mitigate this limitation, recommender systems have progressively
emphasized multifaceted interactions between users and items, pioneering multi-behavior recom-
mendation. This approach leverages users’ diverse behaviors to holistically comprehend user in-
terests and behavioral patterns, thereby delivering accurate and enriched personalized recommen-
dations. In recent years, the advancement of graph neural networks has provided robust support
for the implementation of multi-behavior recommendation, demonstrating excellence in multi-re-
lational modeling and representation learning for user-item interactions. This paper presents a
systematic review of multi-behavior recommendation research based on graph neural networks.
First, we organize and analyze multi-behavior recommendation methods grounded in graph neural
networks from three modeling perspectives—user interests, multi-behavior associations, and
knowledge-assisted enhancement. Subsequently, we introduce and discuss the integration and ap-
plications of graph neural networks with multi-behavior recommendation in social recommenda-
tion, sequential recommendation, and session-based recommendation. Furthermore, we explore
optimization strategies for multi-behavior recommendation and introduce existing methods imple-

mented via graph neural networks. Ultimately, we offer an outlook on future research directions
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in multi-behavior recommendation.
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KCGNL® AAAI 2021 U-U A .U-1E .11 GCN
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Xia 28 N7 % 1T Fl4 Transformer 5B % GNN
R 247 ] 7 SN HEE Y IR R AT Z 18] iy i Ak
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BGCL o eer - 2 5% BN HY SR R A L S R 0t 4 )
MBCLRec 0. 6810 0. 4050 P EME B AL DY R R L o ) i ok
SA-MBGCL!™ 0.2021 0.1071 BB A 2 (D) R
CIGF"" 0. 7000 0. 4430 L e
(¢p(e, s e,)/T)
HEM-GNN!" 0.2310 0. 0930 L. = E — log explgle. e /j Y
weu Z%Uexp(gé(el,e;)/f)
% 11 POGCN HEgEHIR 37 2R 0 T LG S 5 1 9 R 3 7 S
i HR @20 NDCG @20 f LRI I AE ML Rl | Y6 IE UREAR T, o) Ale?
i 841
0.935 0.084 . L. ) L
i 0. 1512 0. 0948 FIEREARXT ve,, Fl el NRAFEARRT, ¢ (« )RR 1] &
Iy 3 02029 0.1083 NEEAE.c WIRESH., AR L, BidiX
P91 0. 1502 0. 0507 LAY = 2 el TR (O i B 4 N A i = 2 N T )




5 1 B IR A5 o T 1 00 28 T 2% 19 24T R 2k 1109

AR o B0 ol A5 700 27 57 51 196 i L8 4 0 6 il
e v B S N A [a) L,

Xu % N B 247 0 1 W AR HE 4L, A
F1 A AT R PS5 A KT B2 >, S BN A Bh A7 ok 51
HART NG BT . e s dk HbR1T R B
SRR T R B A K B P BRI B, LR 4
W R TR G e e Hoad B R R A S
PR R B T 2 R R It S B . Ui
T RAE TR IFARAD K T 247 Wik LRI RED
TER . (R RLA T 1 o RO B ARAT o 5
M), KA 2 & AR AR | BH 1R 5 Bh A7 o 5 B U B 1
K, MWSER 45 ROk E , HH t HEM-GNN %54 1k &
ST AN R TS . A KRR ZAE 5T
T B, vt — AP R R AR . Bin B AN T
GON &I 247 R X b 20 05 i 1m A 171 0 FoR
RS i g e A O R a1 e A M X L
2 24 55 A I BB A% B AR R b R Y ASURRAE L 52
i AT VR I 2 TN B i B IR 4 . DR SRR o L 18
P13 H B 6P 30,0062 32 TFE 0. 0145, {H AT
WHALH 0. 3078 $2TFE 0. 3441, X Ui HH ik A Mg A
XF b2 2 R T ¥ 11300 H {5 5 58 3, {1 45 455 7 5T
050 ) T 468 TF 3 26775 0 9 e A T BT H Y
o], BARAMEM T RATEMZEZ. HH S T 245
XFATIE AR . N — 25 e R [ 28 B
(2 o B THE 45 (g 36 25 40 A . Zhao % AU i
A AERBR K R B, NS )R 5] 5 £
T NFFIE Bl 5 560 L, SEBL T 7R AT R IR R AF
M2 X oy SECA AL, SC50 25 AR B T B AL X}
B H AR AT Ry HEAT 45 A8 P M I A R0 . AR ST
Fill S s, BRXT HAE  BL S AR B AE NDCG
@10 A PEREAL T [ 0. 0024, FEIRAR T HR @10
0. 112, X — BG4 /R T X b 29 307 B8 2% sk A7
Shy 359 4655 1 50 A S R BB B O o 4 L i AE
R HE T )2 T TR TS5 2R BR A X A0 B AR AL
Y JRBR

B B AP T GON 1 247 M X H
WA Tl B AR IS B R A S R
MOROR T SRALE B AT MR B S B ARAT R RHK, LB
ZAT RAGF R P R G A . % AR DL Bk
PR AF, FFa ok T RS 50 UE B T X B A 2T A 1 4
o e Z UL IR R T B HR @10 KF
AT 0.0923, LA F D1 DL, A 30 3L X6 3 4 G 1 4K
P s AR A AT LA A HL— oM 55 A0 B0 AS U 5
BRI B AT Sy 00 1 1 BB 0 BT S R MR S T

R, T % 85| A 0 F B, TR i itk — 2B 45 4 A7
AT , $ T R A W B 5 o A Y

(AR Ik o L 2 K S BN A A
(0 ARLSR A 3 d5e KAk ol 27 2T 51 0 26 7 i 0% 4 312 21 50
T (0 V8 A 25 0 R 2, B T R R AT 5. Ho,
VAE fER—Fp A 7k 76 247 iR o A3 5
B . 24T e T VAE 75 S50 AR sl s 7 gl
SIA VLR PR AE . 1 R 28 o PR 4 i 2% AR 1, —
7 TSRS AT N W 25 ), — 7 T R AT O AT
B I 45 1 ) 40 (L 1) i, 3 ) A B Tk 7 TR L SR 2 AT
NN A B AL T AL 3k S R, RLE R T AT
Al S 6 285 R W R, VCG AES™ 8% Bl i) Y5 11 1 31 %5 42
HEATHE R B SR o AR E SR P T 3K 00 4 1 TR
DO TR 55 O HRAT O AT ERE R R L T B
WY R B SRR T HART NS LA,
B 5 o A Ak S R RE AR TH IR A v g€ . V-
GMR"“HE P 2247 g B0 e 5 1 98 76 3 7% 25 ]
I A b 34 SR AL L L2 AT HE S Al A . il
A B 2D L g AR R J2 T 2 20 A7 Ry RO v . SR
BRI SR FH 1 KL 02 7 24 3 B A% dk o3 A 1 W) i 2%
S5 AL SH BT R B B AT R 8 22 5, 5 R A B AT N
T, EARAE VDL bR Z 5w R SCRE R L 1
% B HR@S80 PEfetH L il ik T RE T 11 4%,
X4 R T V-GMR Bt Z F577 2 5 10 i =
ML . 25 EHARAT o BB b B, A5 3 555 [ o 25 ] o
T 7 A T R U Bl 3 W AR R s 5 o I o R AT
1EJR IR
5.1.2 HAthrik

Guo % NP3 22 1 9t A7 0 58 A0 PR 4 L4 T
O] R AR IR I RS GON 5 5% 25 1 B 45 1 (3
IR X, AEZAT 55 2 2 R T K ME T B AT N
(18 F 0 SR P A 57 4 A % R R S I Ak rR I A 2
RRA S 5 7 Ak H b R AR A I S B 5 SO iR
AL T WEBHE 5 IR T T U Zhfie t . (R
FE DU DL (1 i v SR E Ok A R AR T 1. 3096, 9
RTAEMEE 4R T (20,57 %), 6 IR 0 1 e 2
TR 22 5 B 58 14 58 HBOHE o 44T S BOHE A G P i
WL AERR SR EFHEA MG S RE T HAEMRK
ZRMEY S L ke

Hao % APV 5 ARl 251531 U-1 &2 5 A,
W AT R, IR 8 H T4 M Y GNN
R Al B L BRI TSR T S R AL
BALSE o AR A AL R RS B A B
ZHEE, JECEW L HEREREZ T 5 KW



1110 it =

Hl

it 2026 4F

o
&

FH P i B RLAR e MBSSL 78 HR @10 FA 15.3%
Tt DGR T B4l 25 4 % W B S 4 A A Ak
RO . SR R LAY AR S S RS o A Ak
e R SN W S O Y i g i R e 0k €T
8 08 I 4 0 B8 LA A R W AE R XS SO A
VA N7 AT o #7745 S IR R A . IR, AT B R
SR R A T4 GNN 4577 2 DL W W B 5
(1) sl 2 A8 Ak , 38 AR 700 5 e M RN Y2 AL RE T

T8 B AT S 1 5 H AR AT S S0 T RE 51 & R
BRI, BVRSE AL AR B — A7 S 0l - 1k e 48 7 1 [+)
B A AAT R BRI TR, IR AR T A
AR AL B bR b 58, 547 2 ] (9 52 % 00 L) B 8
WM ER . NEMIEIL . Zhang % N %
T Y 1 2548, 5T e AT S Y 56 & L O
HOE T BB GCN FiI BPR SRAEESE WG, 3k
11 iz RS A0 P B8 7 22 000 FU - 3¢ B0 R 4F ik B L
TEH— iR NS AP AL 247 H Aw , BB AT 8% 2% il 158
BRI G . ABBEAVLE WG SEAT Sy b Pk BE AR T 4 T e 22
e/ G HORALR T 1. 47 %), F6 W 2547l o0 A 2 5
A AT O 2R R T RN PR AR R e
B 5 T AT A TE A s A 1 9 R e DL —
PR KRBT I T .
5.1.3 1 i

25 oy, MBS 00 A T LB S 45 4 P
JrEHEAT AR . R UL A T LUK A B A T T
Ko B bsg 2] o W AR T B e AR iR 2 AT R
[ 1 B sOC I A R T B I H i A i (H
1Z O I O B S B PR R 7E KRR R 5 R L
T LA P A E fORE AR 3 7 AR i B TR R
P I 7T LA 25 A S 80O 2 AL S T o R 5 e 4 T K
B E R AR SR AE SR LA X HE A 2R 38w LA
SETAT M vl SO 07 328 1E ffRE AR X, 0 /D T Ak iz
B AERE SRR AT TS B F AR TR
AL B AR T MG S o AR SO A R 2k 1

S WA YN Gk A o ] SR G 2 ) HE SR 3 25 2R
FUE S50 e RE 5 2808 . 25 M pE Ak vl i o e R
52 . PR AR SR P 0 S o0 A o (R JE AR 15 25 K
MG Sth A A7 655 T B AL R I AR K i
TR, S AR R . ROR IR RS HT
P 45 K 3 5 7 3 BB B 181 2 7 T 46 SR, 52
LXK B 5T RCR A D R
5.2 WHITHERHER

FRE B J7 ik 8 1 247 i S s A AR T T
TR BE L (0 R B A7 D9 15 B 0T RE 23 51 A IR A A
ToRMY T S 2 AT e R T PR

(DRI b M 22 B, 2 AT M HETE T
U-T 28 B 38 3 A 55 — 8 [ 47 A nl B0 A4 M 7
AR A2 HD) L 3X B 52 B J0 1 Al S e P 24,
RALBA Y, 247 8 KR A] BE 2 AN AT gk G i 32 B
B A RS R

() ZRIFT NI B TE L2, REEZAT N
TR U-T 52 B J& H & 1Y, H NI SRR £ B2 Ok
B AT N SR B AT M A AR 25 5 . OR A X Rl
22 A% L PRACAE T I 2 AT D eE 2
FAY AR A AR BCH AR AT O R E B3 S IR
FAE R B H bR AT o HE77 rb 18] O 3 £ R
AN

TR XE IR Bk 22 AT O R O A IR
7 T - — 77 T, 4l B2 70 A2 9 M A o AV A T
FUR EARAT 95 95— T3 kAo 22 1 B AT O T 2L
B o BWEFS L B2 0E H AR AT O B TIOORS B2 . e
DALY, B A AN ) 28 B A7 R0 AT A5 UL I 4
AT N ROR B G . AR BE R T 247
R 25 M R HERE 7 15, T AR B 7 B A 2
=R B NS 12 Fon . AT RE A U5
it R0 O BT PR UE 23 P P A 3 3l i R A i SRR B
S5 45 7 30 W T O EAE R B AP REXUE L 3k
13 Fi7R .

F12 HUMITAXBENSTARERE

fi] 51 H 80 & Ay etk ff GNN 257
PKEF" CIKM 2023 Ak 5 Ak Ak GCN
THGAMR™® ESWA 2023 HEASZE H Ak GCN
ppTL WWW 2023 GCN
W 1 2 5 BCIPM! SIGIR 2024 GCN
MULEM"™ CIKM 2024 N ‘ GAT
GHTID"® WSDM 2024 K i e GCN
TMCLF] DASFAA 2023 GAT
MSSRH" CSCWD 2024 GCN




5 W R 45 . KET R P02 245 1 247 R HERR 25 8 1111

R13 HUTABGREBRAEMERLE

15H HR @20 NDCG @20
i 0.935 0. 0841
Jon oty 0. 1542 0.0948
W 3K 02029 0.1083
T HE 0. 1502 0. 0907
5.2.1 ZAT R KM BYHERE ik

ZAT R HERE R W AR A AL P 247 ik, U
I R AT A B Sk B 8 et REAE AR I TR R
SRR R T RS R S R R E R .
FIAT R B BEAILYE | = 8504 T X AT 55 2 1 £ 5 5
BRI i P R A v e R B8ORS . S ST
FH P O G 8 A, o5 00T Sy i) DG B0 1) 2 20 S B A
22, I BEARBITY Y 12 AL RE 1 L HI 55 HEFERBOR .

Meng % NW7 2 3 T 9047 MR B9 247 Ry HE
FE R B AT 55 2 S I ROCR B AT o T
TR IFAT A BEOR [R] (47 2 2] IE A S 1) 28 B 5|
A WG B2 . BERDEE 2 AT 55 24 2 ff bR L 3k =238 4%
FUREA B4y, L3R4 F TR A R 84 H Tk
IR 2E I TR S A B TN . X R O T R S 28 i T
TEAL G TN B o 2 [ L, HE B 1T AE B0 A M s
(EASVE B2 8 DL DS A2 RUBE TR /N (AT D SR B
TG, {F L IS A kR I R IR CHR @ 10 2y
0.1130.NDCG@10 3 0.0582), iX —Jz 233k
FI 25 WAL 1 570 R Ak T i IR A K i 4 D A 1) A
RS Y M 343 DL sE oy R #E . IINZRad B b, R
At TP PO 2847 Sy i B IR 25 S SOE SR BE A B E vh g . T
DUV A = FAT Sy, W 7 A B, 2 Rl 25 AH I 6k
b SRR AR AE TR 25 . X RN TR 22 0B 5 B
FRPER G, M EE 5] A Rk

Chang %5 A" 3% 3 THGAMR 5%, 3t F 5 4iF
ARARLBE A7 FH P S 43 A, ) A 22 A 45 0 R T 19 8T 28
HE L, BB P AL {8 B R R R A
Jr B e AH G TE L N AT L 4R T E B AR A
PE . %R W AT HR A R 6 AR TG 45 R O Ak
O SEVAEUJE: 3 3ot R 8 2R 4 AR U A A% 1 e AR v i T
YeAs 5 o G2 M 2k - Vi I 000 52 0 . BRI R AL
ARFEANHPEE T — B B E PR
TN o 2 AR, AR BE A B T R R L 2R
KW T H P & 2 FE 1 A7 78 4 77 45 5% 6 5 1
11 s 7E KU

Zhang % ANM2 30 =B Besg S sSe 247
AR R R A . S — BB il g T GNN
(18 5% 2 3 i el 2 ) 4 DA B0 0K sl 1) O 3 20 A

(AT H A T A RS 5 R B RS
B — B B S B S R R AL, i — 2P e e S
S, S B R R S A 1 — RS AR (R
SRR SR A B R 2 AT N Z R LR,
B BR T R BOYE 45 b 18859 4% Vi K i . 78 i 4>
Febr LRI A GE B T = B B U AR S R 4R
WEAEROR 0 A sk H 50 B HdE o5 A 1. 7%,
Wt ] 2 M T RS , T ] TR B T A A AU S X
W I 7 1 TR0 RN 2 o e =2 xR A . DY AL R
SCHSE e Y ISR BT R W KO ) B
A5 ZR G0 1 M 7 (A ADL ARG T A TR ) S A T R I R
Y TR — U,

Yan % AV E) 247 R B R SO B E Ry
B QBB SUTE TN S B AT R B 1 B T I 2R
GCN S8, LT 247 M E B AR MR E . %7
AR ARG B B AU S8 5 P B ARAT R A E 1 150
H A Ol T 8 B AT X e LRSS R
Be T, ORISR M AT RIOT A T B A
5 (1R 4 ) RX A A 4 R B T ST R e S Ak
R A S —

Lee %5 NU7 5 W 22000 FE P 2% o) S L i i H
G5 LM T T o0 F P 0 AE 4R 43 TC 5K e T A
300 TR DG AT B A AE W 7S B AT Oy, DAAR AR T
W RS ], fE LA B BIAGE 5 GAT
B 2R S R 2 P R AR R AR %5 B bR
S [ R 247 O 2 AR B R 68 1 2 3k Ak
SRy i 7 o AR Ay TR v B A A T S Y ) Y s
BT 0.041 (=R IAE , 3% & T R 5 L8
0.026, 2% S F Bk 58% ., FWIR R X 4 T H
FOUETE 2R 5 B e (G E R, AR AT
DPT.TMCL % )y ik frfE 2. 1 %%, TMCL %t 4L
P U5 S AT B L W BN FR A T AL I DPT SR =
MBI B I SRS . T R T B i AnE,
OMERE M A AL, ok, TMCL #1 DPT 4339 51 A
Xof b2 o Fgk 25 3 2, R BT #b s sl 4 B 5 5
ARSI . PR AR T) L2 BEORG Al Ak H A 5| S
TR IHLED 5 B RASZ 8 I R B AT o1 B, ik
2R ROR

Xuan %5 AV B 2 AT X A ST HESR,
3 AT P RO A R M R L T IR
B R T STTS R M VP AR Y SRR A T R X
FREEAT I E R RN R B Y AL
b P R AR R, B AT S B N R AT A A R A
B L 25 SR R SCE R, W 10 %6 R



1112 it =

Hl

it 2026 4F

o
&

Ja B R F HR @10 U F&29 0. 03, {EMH 2
W IS 1 ¥ P25 A R T SO L T T R 7 AT
WEE TR, RinERHHTRET . BEPLRA
WEEREEN I G2 T REds sy
ZE WK S5 S J M AT SR L 5 A B Y e )
TR AT o 1L T A Ry T3 T 0 o X 300 1k e A K
W4T A A A A2 40 A2 2

Li 2 N3 2L T 50 BT A s % 80 25 1
B 3T N R AT O AE BOAT 55 L i Bk R R
GNN KRG 217 0 £ R 4 M softmax 13— 1k 4 HE
R . B R g X R R 2 ) 25 b AR
TR S H AR 55 TE R B MR, AR AR
RUPEBED T AR 7 2 B R EE ok AR SR
S AR FEAR B DX 0, AR L T 1] 4 T, OR
FH“B — K7 BUE M BE, R 51 A KA R BEL T
PKEF %5 5 76 Ul Zrad A2 v >R FH Bl AL 6 R K L 5F 3
1 T Ak B 0 0 3 R PR AR R . B RPAT S5 TR A AR Y R
Gk 25 5 o BE RE 22 BE O MR AR TR . TR ORI
BH L AR LG W AT 1 e 9 4 7 5 75 . #E HR @10 Rl ND-
CGC@10 FAy 4T+ T 18. 11 % F1 21. 17 % , B WLAK
BT R 5 M T BEAE 9 M AEAT 55 B R .

AT Nk A8 T I 5 KR AN 22 96 RN
W A5 28 BN P S A S B AR % B IR Bl Y
FEASHE A R AT, NIk, Liu 8 AV R £
F1 A HE 5 10 3 B 2 ST RESE, 1) 247 Ry 58 HORAE 28
oMY 2 23 [ [R) B 8 I 46 2l o A5 4000 0 1 e o
A AR SR . 38 AR S B O T TR AT R B A T
| AR LA R R A 1 VS E KRR B T L o SO AR
M BT RE T B G 0 o] 45 A M 7 5 0 MR R L
T 0 I A 3 2 B A ok A B RE AL ET AL I 25 2R, B4
PaiTR S € P N A L SN 8 G Ry N i 5 2% 7 N
TERE B e, (BINEE 14 FiR B8V RE7E 5L
edE F 2SRRI R, HMZR 15 WA, UM /N, B
BOHE AT N 2 A 43 ) AN B — R B R R
B S F BT, AP AR B R AL g R R E T
) 2L, [ PR . BRI AR RS K R AT
ST T R A A T X A M R AT R T R A
R sz e tE g 22, WL i — LI s 4 5
AT Ry AL R B O R A 5 K
FMAT R A8 B AR F R 2 [ R i B 51 Ak

+ 14 MSSR HBEH 1B
A& HR@20 NDCG @20
PN 0. 0696 0. 0358
[ER 0.1885 0.1511

F15 KR . BEEHMBEENER

Blie /B TIHME REAR HRRR LS4

KAt 41738 11953 2292594 864785
ok 13024 22347 792062 169150
5.2.2 B

i LN ZAT AR B R T B R B
36 A BEAE AL AT LU o 1 Bk AR A 1 5 B 4 T dls
JE AR HAE T T A T UG B o Ao ol i 4
] A8 2R P e o P A W S T T B A AT
P THIMIA AT 9 B IR SR % Tk S B R
T CH R A L HE s b T R
e R TR AT S R] AE [ N B 5 S o) R O WL
B MERID 15 R G U 22 A s iR , i
PR {E I JE T AR EOCHE S I BN . NG A
JEAUAR AT LA PR 4 1 52 L0 P ] L (H 25 T P 2%
AR HT T 9 A AR A T A I L 3% 05 vk ok DUE B 8l 25
AL . PRSP 3k 1 I 2 MR S T X
O B A - i [ AT 7 sl 5 B 90 e 1) 45 4 i R 5
H SRR . WA BT A AL I AT AT
AT D Z2 AT 55 25 20 A R ) M 7 L2 o5 Rtk OF 4 Ao
RIS, L T TR B IR & 217 R 1E 75
RIS 2 7= A B TT 4

DA Wi B 155 20 A LA 55 5l B AT S 25 16 W b £
ARBEAT ORI B S B . — 5 T, 25 R B
T A WA S DI A B 3t B A 1Y 3 S 1) g
T T B A U BE A2 2% M R A RUMR R . AE R B
Gysme N o 25 WAL 3 o 40 o AT O R TR R
] AR X B o~ i Al B 491 9 A ORE SRR L 4R T B CR R
JiCHE . RV SRR LG 2 o S i) A 5 D0 AR A
BRBEAE JE T LR AT o I b s B ) ) B G SRR
A 20 A 25 W R AT O BN B TR )Z SR R AR
XM G T B AT O AR R AT R
G IR S 53— 7 T, 25 WAL A S ) U A
PR AT A AR A ) AF T BT SR R IO
TN 25 s A R B AT O SRR AT O T SO 32
THIERE S A 00 A [l R 5 HE P sl . B, TMCL
He MR T B Loz S 855 WP S8 T W A4k
MR . R B EE B LS B E S 24
DAL S8 —HEZL A7 R SRl B AT 22 A7 W B L 1
REJH A ) SC B AR

6 REFEMERELR

N E AT GNN 1 247 0 #7751 &



5 1

i ER A . T IR 2 2% 1) 24T A 4 A

1113

JEAERE L A ST A3 38 A7 AR R RO R L £ i 52 0
DUDYPGAS 2 T B0HE 4 B R AT 52 58, LA S AT A 1k
AE B SR MLBLAN SR 16 FTR

F16e NN HEHEEMNER

B HP%E WHE B Jnig W 3%
i 21716 7977 2412586 642622 304576
5 48749 39493 1548126 193747 259747

G L TR SN N TR €1 N AR e
febr it 1 — (s B HCE |/ P | X
H R |, 23 TE DL DLUR Y S BOHE SE b B AR AT
B R 4 1R 99. 82 % FT 99. 98 %, AN P
(915 B FRAT R 8RR 14. 03 YA 5. 33 ¥k, AT LI
EWME . 59 Fh A SCH I B A A B0 A R AT
R Z RN R IE ARG s

H:fZ[J,-logzp, (5)

Forb ok AT R R B, p, AT B 52 R
SH BB B, H Oy AR . 23t 5al DD

BE R YT i W SE =R AT A B B 43 R
0.7181.,0.1913 F1 0. 0907, /] 154 A 1. 1135 Fb 4k,
T T RCHE b, =R AT S Y B 43 00 R 0. 7734,
0.0968.,0. 1298, Al #3424y 0. 9951 FbAe. FHi |, >4
ZRAT RIS, p, #8980, 3333, 1] 15 5 KM
Y9k 1.585 LeAF . Sl A B AR B R AR A
BREAT N ZREEA B, B0 4 e 1 B — A7 ()
W) 43 A .

R VEAG D 2 I AR ROR AR SO B R g
WA E HBHETF R R (HR @K, {5 R
H@EK) fH— {3 it BiT#8 25 (NDCG @K , i 5
I N@K), HEh HOK il N@K fCRE LI
WEAEROR b K 2RI H S, 4 K {EH 550
10 F1 50 I, AR Ty 2 W HEAE ORGSR 17 i
IR RE TR SRS AR SORE BICHE A 1 Sk U RN AL
7 X S B R B R LA K SR 43 7 2 1 R IR
Hb k23 75 7 : https:// github. com/PeijinYang/ MBRec-
survey H1, L& S %,

F 17 REFEMELLE

] i i
ik H@10 H@50 N@10 N@50 H@10 H@50 N@10 N@50
NAH? 0.1922 0.3878 0.1006 0.1443 0. 0815 0.1905 0. 0444 0. 0681
S-MBRecH 0.1697 0.3708 0. 0872 0.1313 0.0774 0.1740 0.0434 0.0642
CMLH) 0. 0588 0.1953 0.0292 0.0584 0. 0299 0.0914 0.0150 0.0282
COPFM 0. 1657 0. 3627 0.0891 0.1323 0. 0287 0.1050 0.0129 0.0293
BCIPME 0.0681 0. 2496 0. 0467 0. 0945 0.1131 0.2473 0. 0631 0.0922
MBSSL# 0.1533 0.3334 0. 0790 0.1176 0.1003 0. 2081 0.0567 0.0801
SA-MBGCLP! 0.2021 0. 3881 0.1071 0.1478 0.0923 0.1957 0.0518 0.0748
THG4MR 0.1555 0.3298 0. 0845 0.1224 0.0762 0.1605 0. 0448 0.0632
EHCF!H 0.1555 0.3298 0. 0845 0.1224 0. 0762 0.1605 0. 0448 0. 0632
GHCF!M 0.1915 0. 3810 0. 0987 0.1046 0.0798 0.1816 0. 0450 0.0671

DL DU B R A /N HL 30 H 5 2R 4 A 46 v,
FIAT Ry B AR SR 5 . ¥ 52 500 46 1 P RN H B
BRI, H 28 BRCHE M B, E X L SE 5, BR
BCIPM #h iy oAt J5 2: 76 DU DL R BUE AL, UL COPF
GIREZAT M4 77 2 7 2 AE DUDL i SR BEOG 3L
2, 43 HF BCIPM #l IHGAMR 6 A4~ 25 I Jy 5 ]
DL BB 7 B R BT L e E A A A .
Ji PR 3 B A S A TR ) M 7 R 5 1) AU Ah AN
[, BCIPM i 4= Jay 2o 8 5K W 78 25 Bk M 75 ) [) B
LT R ET] A A0k U [R5 5, 72 4B B E & 1Y
DUDUES R 4R Elless A R . AEZHL I X e s T4 i A
KA R A AR 28 BEE AT 4% 0 v B AN 4R ik E
R ERE . THGAMR SR B0 43 05 X Bk R 4 il
25 O 11 e 7 A 4 L SRR TS 43 R OB v Y R B
IR R I & N € e &/ S W

Xl 3 i R T RO A b A R D B SR BE B S EE
SR R MR AL BEAR T HERE RO . A UL
(952 , BCIPM FRUAR 38 3 15 s i A A DG 1 5 3ot D g
P2 T AR A A B RIS A F S,
A E . EHCF,.GHCF 5 S-MBRec 3# i B
B AT Ry B e 22 S SCBLT B AT N A AL
I e A B 4 DM RE R (. NAH @ a2
FH P B A it - 1 5 0000 L O 22 A T ¥ A s L
REAH I EHCF 4 =Fh A /Mg 8w . WAL AE A
K F ,MBSSL 5 SA-MBGCL & F %t 2% 3 56w
AN BHF S5 20 A E M i st P RUR R —— M
T ERAEE H@L10 $8hr T WL, —FH MR P A T 1
RER 7 V5 0 SR TH T 23.07% ~31. 63% F1 13.25% ~
21.13% . LA, A SO 2 Y CML 4 g K R F
JE ST, J DR AT i A BROHE A 2 S R SOV B =



1114 it =

Hl

2 4R 2026 4F

e SUS TR NN IRl S PSS R Ep
CML %% Z247 Ay ] 5k . {H 4 60 4 1] s 52 . %%
AR A RIS 2 K ) B 40 F o 52 B B0 58 DG R R 1R
AR (AT o 58 AR SC AR B A7 A o 5% . T BUMNR T 3% 54
HREAR e LA A% B LK F

7 REIIE

T, 24T A HERE B A% O H R 5 T Y o
AL, AR, T ORIE E BLELTE A ARG
5 Ak R Y A RE ) AR B T 2 AT O M U
B M T BB W A7 B O . R, 55 3 1 A M % D
FH ) Z R T RN SF- L DA K R AR HE W 72 L P 247
RS R R L R 2 AT O AR R TR
WIS . AR T 2 A7 M HERE O ST AR, 45 G 4
TERGW VA EZ B br . HERRTE L 28R PE A SRR
PR 38 T A B A RS (L AR R 7 1) L AL 46
KA RIIG SR (1) 24T R HEAE 24T A 1 2 F P (a)
L Z2AT TR () 22 A2 T) AL L B 5 T PR SR 4 DB 7
ZAT HHERE .

7.1 EFZHAEGNNHESITHERE

BEE P AT 0 S AR A, 24T A HERE RGBT
B30 PR NS EE R DOrE S >4 5l i s S W T B
KZH GNN A5 A 3 AT F 2 B3 M DL s AL
WA T IR TR, M AS K B
GNN I 2 530 AR 55 e o 45 31 A R RS 4
RS X PR TSR R8T, ARk BESE AT
DL A5 T T & e ik G 1) 3 285 (61 28 0 2%, 451 3 ik
- P SR A B I [ JR AT 199 759 5 A SR AL AR 30
SEEF IR 2, R, 455 ELF T ES,
BT RE B P 338 BT AT B A B GNN AL, DL 42
T+ 2R G 0 SE I B BE ) . X e WF A O K AT B TR
e GNN 15 8l 25 247 I #HE 17 35 5 b 19 vl 97 8 PR
B, Ay A S R AR S I M R AR AR R S,
7.2 GNNHATHSITAHAEEAFH

HeTE 2 G0 B AN 1 T R o TR T B0 R AE
() 53 AT AN 157 A5 G0 P P 1 3] A % sl 2 AR
Wk M 25 . SR BS54 b, BRAFAE i 2241 , AR
O E RGN SRl N S O ¢ B e R
FLEERR I T AR Z ) 7E 8 3 7 R B B 22 7
P, X2 R R BUE BEHR S R A S BAE T S
R, JUHAE GNN A, 5 T 48 R
BRI R  ABFEVE R A 7 R TR AR B AL 1 b b T
b A7, T 208 S A8E /A 1 YT T AT fig R A R e, S 3

He2ES Bz B 247 M AT 55 AN A - )
RO 52 2%  He AN TRIAT Sy b 1% TR 5 4 o Tl 1y
SSCTE) SR 1 S S0 1k 5 47 o0 3 1K B S B A L A ARG
SR AT SR S A P A TR R OR 2 2] sz B
Oyl RAEFEGE AR AT BLAh , AT 1A S P
WHEZRET 17 RiEREG S 0 T £
115 5 AT 2R R 22 R 547y i B 1Y S I
ez A RCEBELE] . U, R OR AT I T i — R E
W[ E 247 R R S5 4 1 28 fif GNIN PR 4B 422 1 22 53 5
R A5 BAE IR A 5 R i fay . BEITE B AT 2K
PE 25 F REAE 19 2 7 G B AIL A, DT 52 3 22 47 R 4 77
SR AN Y i
7.3 BITAHEENSHEEEE

P FH P A 4 TR R R £ otk
LML RGN EE Hisz—""", i
17 F2 40 TP R R Y A Mk D R
Dot iR Z REE TN R G 2 AR E . AR Z RN
ST A B 2 A 1 Y UG D) R HE R T H RN
[Fi) 5 0 43 A 2 5 T s R B8 R M RS TR
PR R . REZFEHILERE B2
AT H A REAT B HEAE M B I0H R 20 5
ARG REVEA A O] RE AU AF AT 30 B R R 0
H o 55 0[] B, Wl 7 2R 8 X ) A ST R I R
Ko BRMTCIE X T AR RS 55 R 1 2%
SRS R Y FE B R X R 22 A 2 AT N e
AT . X 5 Ok U R T R AR
AR T R T IR X Lk P R Ui
BT BEAA AR 1 N2 AT A KL TEiR JE %t T
AT R SE B AR AT R, AT I H W E 5 i e
mTRETH., H, S EEE T, LHEITHh
WEE M ZRE MR A PR M 00 . e . 2R AT i
23 FIHESE HERA PR 77 A= oh 2, Gl 72 — 35 Z ] 55K °F
it — U A5 R 52 A I L
7.4 ETHEHRBHNESITAHERE

PR SR R 2R O 3R, R o D R R R R B I
SECT A M A A SRR RO TR,
SEHEWT R T S0 R AR Sk TR SR O R
FEHON X 2 AT o A T AT R A 6 R
% o SR AR DGR T R Bk B AR SE &R H AT
KL RE R GEATy 2 M 2 3K B 1 X 25 G K540 i
25 FECHE e e A Bk . SRR I B A R TR R B
SR T — ORI AL A1 R ) R AE X RE R el AT
fif DAL B 5 BE 8 B Aff DX 53 A DG M R SR, AN
JEARAT R Z RN H 2 A B Y e AT,



5 1

B MR A o kT 1 00 28 W 2% 1 247 R 3 25k

1115

B o DR SR A W7 T AR B o 7 AR G 2 IR A 1 i L Al
8 g FIRCHE 25 M8 5 DA A A 0 3 o B R A 1 D0 T 5
VI & 3 | /AN O G E R T I N O PN o5
SRR T RE 05 Bl ik TR 22 A D HE A TR R A R R A 1R
(g b € i BEA I FH P A7 v A RSR 5 &% L BLig P
xRSeI H A SR XA B T ARG B P 4k
JEITH 200 A R R P R

8 % it

S TR P AR TR R HETE R G AR LR
V- R A AR L B A B R A
K P EFMAT A HEFER S T A Z RN S %
WA, 217 A2 8 TR Z W, XK
RIZ5 /iR 217 o b B & KRR HE rh g
LR T REB @R, R AR R T
M FEXF AT R HETE B B SR AR > T AT AR
H a3 2 0 TAERY] T HAEMEAE R G h i s 2,

AR SRR 5 20 L Gl A S AR LR AL — A
FEXT AR C TAESEAT T M . ST B ik
4G = AN J7 I 43 0 T P R G2 2T 6 O T
W4T R i AR B AZ 48 14 J7 2% R U B 3 5 1
Beo WA S50 ks AR XNHATET
GNN 1 247 LA HER 7 vk 247 I P I HERE 7 i
MEITHESEWAETT . ®G ARSNGB E 55
A P A RN B AT o0 A B 2 WA i B, 6 E R O
PRAL Z A7 4 R R M R 1 5 kAl s A4

3 I T AR e, T DL R B T B A s
W 2% 119 2247 R M FEATY A7 FE AR R 10 1k 1 Fn R R 25 )
PR AR SR T O A TR A R R T A A kT
A GNN 247 MHERE . GNN ML T i 247 R 1
O DA R AT S HE T v 22 R e R R A A D g 2
PUHT 5%, Ay B BE Ry 132 7 4 ik — S8 G T el iR ok 247
Sk 77 ) R 1% GRS A

2 % x #t

[1] Huang Z, Lin W, Wu Z, et al. Incremental news recommen-
dation method based on optimal transport and knowledge re-
play. Chinese Journal of Computers, 2023, 46 (10). 2161-
2177(in Chinese)
CHORAR, MR, RIEFE, 5. kT 50t 1% i A0 i 57
Vi A AR S A 22 ) O kL TRIPLEEIE. 2023, 46(10) ¢ 2161-
2177)

[2] HaoJ, Zhang K, Wu L, et al. Conformity-aware debiased

(3]

[4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

neural news recommendation with causal reasoning. Chinese
Journal of Computers, 2024, 47(10): 2333-2351(in Chinese)
Bz fg, SRIR . RO, A AR IR B 2R 2% O R I A
Dk TR, 2024, 47(10); 2333-2351)

Gao C, Zheng Y. Li N, et al. A survey of graph neural net-
works for recommender systems: challenges, methods, and
directions. ACM Transactions on Recommender Systems,
2023, 1(1): 1-51

Bell R M, Koren Y. Scalable collaborative filtering with joint-
ly derived neighborhood interpolation weights//Proceedings of
the 17th TEEE International Conference on Data Mining.
Omaha, USA, 2007 43-52

Koren Y, Bell R, Volinsky C. Matrix factorization techniques
for recommender systems. Computer, 2009, 42(8): 30-37
Rendle S. Factorization machines//Proceedings of the 20th
IEEE International Conference on Data Mining. Sydney, Aus-
tralia, 2010: 995-1000

He X, Liao L., Zhang H, et al. Neural collaborative filte-
ring//Proceedings of the 26th International Conference on
World Wide Web. Perth, Australia, 2017 173-182

Guo H, Tang R, Ye Y. et al. Deepfm: a factorization-ma-
chine based neural network for ctr prediction//Proceedings of
the 26th International Joint Conference on Artificial Intelli-
gence. Melbourne, Australia, 2017.:1725-1731

Lou Z, Zhu J, Zhang W, et al. Role-guided graph neural rec-
ommendation in user-generated content scenarios. Chinese
Journal of Computers, 2024, 47(6): 1288-1303(in Chinese)
CREH, REW, kTR, & AP ERARSRETMHES
1] LR 2 A FE Oy . THREHLAA AR, 2024, 47(6) ¢ 1288-1303)
Xiao G, Li X, Chen Y, et al. A survey of large-scale graph
neural networks. Chinese Journal of Computers, 2024, 47
(1): 148-171(in Chinese)

CHEPK, Z2FB, Fai, 58 KGR b2 W 45 0F 5% 25 38
THRBLAR . 2024, 47(1): 148-171D)

Gai L, Lei L. Dual collaborative topic modeling from implicit
feedbacks//Proceedings of the IEEE International Conference
on Security, Pattern Analysis, and Cybernetics. Wuhan,
China, 2014 395-404

Singh A P, Gordon G J. Relational learning via collective ma-
trix factorization//Proceedings of the 14th ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data
Mining. Las Vegas, USA, 2008: 650-658

Cheng J, Yuan T, Wang J, et al. Group latent factor model
for recommendation with multiple user behaviors//Proceed-
ings of the 37th International ACM SIGIR Conference on Re-
search & Development in Information Retrieval. Gold Coast,
Australia, 2014: 995-998

Koren Y. Factorization meets the neighborhood: a multifac-
eted collaborative filtering model//Proceedings of the 14th
ACM SIGKDD International Conference on Knowledge Dis-
covery and Data Mining. Las Vegas, USA, 2008: 426-434

Liu J, Shi C, Hu B, et al. Personalized ranking recommen-



1116 27 W S | R S 2026 4F
dation via integrating multiple feedbacks//Proceedings of the ommender systems: A survey. IEEE Transactions on

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[26]

[27]

[28]

[29]

[30]

21st Pacific-Asia Conference on Knowledge Discovery and Da-
ta Mining. Jeju, Republic of Korea, 2017: 131-143

Loni B, Pagano R, Larson M, et al. Bayesian personalized
ranking with multi-channel user feedback//Proceedings of the
10th ACM Conference on Recommender Systems. Boston,
USA, 2016: 361-364

Li X, Sun L, Ling M, et al. A survey of graph neural net-
work based recommendation in social networks. Neurocom-
puting, 2023, 549; 126441

Sharma K, LLee Y C, Nambi S, et al. A survey of graph neu-
ral networks for social recommender systems. ACM Compu-
ting Surveys, 2024, 56(10): 1-34

Chen X, Li Z, Pan W, et al. A survey on multi-behavior se-
quential recommendation. arXiv preprint arXiv:2308. 15701.
2023

He Z, Liu W, Guo W, et al. A survey on user behavior mod-
eling in recommender systems//Proceedings of the 32nd In-
ternational Joint Conference on Artificial Intelligence. Ma-
cao, China, 2023: 6656-6664

Bing R, Yuan G, Cai Z, et al. Automated modeling of influ-
ence diversity with graph convolutional network for social
recommen-dation//Proceedings of the 8th Asia-Pacific Web
and Web-Age Information Management Joint International
Conference on Web and Big Data. Jinhua, China, 2024 33-
49

Zhao W, Yuan G, Bing R, et al. Periodicity aware spatial-
temporal adaptive hypergraph neural network for traffic fore-
casting. Geolnformatica, 2025, 29(2): 201-232

O’Shea K. An introduction to convolutional neural net-
works. arXiv preprint arXiv:1511. 08458, 2015

Zhang C, Song D, Huang C, et al.
neural network//Proceedings of the 25th ACM SIGKDD In-

Heterogeneous graph

ternational Conference on Knowledge Discovery & Data Min-
ing. Anchorage, USA, 2019: 793-803

YuP, FuC, YuY, et al. Multiplex heterogeneous graph
convolutional network//Proceedings of the 28th ACM SIGK-
DD Conference on Knowledge Discovery and Data Mining.
Washington, USA, 2022. 2377-2387

Feng Y. You H, Zhang Z, et al.
works//Proceedings of the 33rd AAAI Conference on Artifi-
cial Intelligence: Vol. 33. Honolulu, USA, 2019:3558-3565

Hypergraph neural net-

Kipf T N, Welling M. Semi-supervised classification with
graph convolutional networks//Proceedings of the 5th Inter-
national Conference on Learning Representations. Toulon,
France, 2017

Velickovic P, Cucurull G, Casanova A, et al. Graph atten-
tion networks//Proceedings of the 6th International Confer-
ence on Learning Representations. Vancouver, Canada, 2018
Koren Y, Rendle S, Bell R. Advances in collaborative filte-
ring. Recommender Systems Handbook., 2021 91-142
YuJ. Yin H, Xia X, et al. Self-supervised learning for rec-

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

Knowledge and Data Engineering, 2023, 36(1): 335-355
Gan M, Xu G, Ma Y. A multi-behavior recommendation
method exploring the preference differences among various
behaviors. Expert Systems with Applications, 2023, 228.
120316

Wei Y, Ma H, Wang Y, et al. Multi-behavior recommenda-
tion with two-level graph attentional networks//Proceedings
of the International Conference on Database Systems for Ad-
vanced Applications. Virtual, India, 2022, 248-255

Jiang N, Hu Z, Wen J, et al. Nah: neighbor-aware atten-
tion-based heterogeneous relation network model in e-com-
merce recommendation. World Wide Web, 2023, 26 (5):
2373-2394

Li Q, Ma H, Zhang R, et al. Intra-and inter-behavior cont-
rastive learning for multi-behavior recommendation//Pro-
ceedings of the 21st International Conference on Database
Systems for Advanced Applications. Tianjin, China, 2023:
147-162

Yang H, Rang R, Xing L, et al. V-gmr: a variational au-
toencoder-based heterogeneous graph multi-behavior recom-
mendation model. Applied Intelligence, 2024, 54(4): 3337-
3350

Yan M, Cheng Z, Sun J, et al. Two-stage learning for multi-
Journal of Software, 2024, 35
(05): 2446-2465(in Chinese)

G=WImy, BRET, #hil, % TP B 247 it
T BRAESFR, 2024, 35(05) : 2446-2465)

Yu W. Bin C, Liu W,

behavior recommendation.

et al. Contrastive learning-based
multi-behavior recommendation with semantic knowledge en-
hanceme-nt//Proceedings of the 23rd IEEE International
Conference on Data Mining. Shanghai, China, 2023:1511-
1516

Pan X, Gan M. Multi-behavior recommendation based on in-
tent learning. Multimedia Systems, 2023, 29(6): 3655-3668
Xia L., Huang C, Xu Y, et al. Multi-behavior graph neural
networks for recommender system. IEEE Transactions on
Neural Networks and Learning Systems, 2022, 35(4) :5473-
5487

Jiang W, Duan L, Ding X, et al. Moro: a multi-behavior
graph contrast network for recommendation//Proceedings of
the Asia-Pacific Web and Web-Age Information Management
Joint International Conference on Web and Big Data. Nan-
jing, China, 2022, 117-131

Wei W, Xia L., Huang C. Multi-relational contrastive learn-
ing for recommendation//Proceedings of the 17th ACM Con-
ference on Recommender Systems. Singapore, 2023: 338-
349

Xu W, Li H, Wang M. Multi-behavior guided temporal
graph attention network for recommendation//Proceedings of
the Pacific-Asia Conference on Knowledge Discovery and Data

Mining. Osaka, Japan, 2023: 297-309



5 1

B IR A - T 1R 00 28 I 2% 19 24T R 2k

1117

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

Meng C, Zhao Z, Guo W, et al. Coarse-to-fine knowledge-
enhanced multi-interest learning framework for multi-behav-
ior recomm-endation. ACM Transactions on Information
Systems, 2023, 42(1): 1-27

Gu S, Wang X, Shi C, et al. Self-supervised graph neural
networks for multi-behavior recommendation//Proceedings of
the 31th International Joint Conference on Artificial Intelli-
gence. Vienna, Austria, 2022: 2052-2058

Wei W, Huang C, Xia L, et al. Contrastive meta learning
with behavior multiplicity for recommendation//Proceedings
of the 15th ACM International Conference on Web Search and
Data Mining. New York, USA, 2022. 1120-1128

Wu Y., Xie R, Zhu Y, et al. Multi-view multi-behavior cont-
rastive learning in recommendation//Proceedings of the 20th
International Conference on Database Systems for Advanced
Applications. Virtual, India, 2022: 166-182

Yang H, Chen H, Li L, et al. Hyper meta-path contrastive
learning for multi-behavior recommendation//Proceedings of
the 21st IEEE International Conference on Data Mining.
Auckland, New Zealand, 2021.: 787-796

Cheng Z, Han S, Liu F, et al. Multi-behavior recommenda-
tion with cascading graph convolution networks//Proceedings
of the ACM Web Conference 2023. Austin, USA, 2023:
1181-1189

Liu N, Meng S, Jiang Y. et al. Cascading graph convolution
contrastive learning networks for multi-behavior recommen-
dation//Proceedings of the 22nd International Conference on
Database Systems for Advanced Applications. Gifu, Japan,
2024 3-18

Yan M, Cheng Z, Gao C, et al. Cascading residual graph
convolutional network for multi-behavior recommendation.
ACM Transactions on Information Systems, 2023, 42(1): 1-
26

Cheng Z, Dong J, Liu F, et al. Disentangled cascaded graph
convolution networks for multi-behavior recommendation.
ACM Transactions on Recommender Systems, 2024, 2(4):
1-27

Zhai C, Meng C, Yang Y, et al. Combinatorial optimization
perspective based framework for multi-behavior recommenda-
tion. arXiv preprint arXiv:2502. 02232. 2025

Meng C, Zhang H, Guo W, et al. Hierarchical projection en-
hanced multi-behavior recommendation//Proceedings of the
29th ACM SIGKDD Conference on Knowledge Discovery and
Data Mining. Long Beach, USA, 2023: 4649-4660

Xia L, Xu Y, Huang C, et al. Graph meta network for
multi-behavior recommendation//Proceedings of the 44th In-
ternational ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval. Virtual, Canada, 2021: 757-
766

Zhu X, Lin F, Zhao Z, et al. Multi-behavior recommenda-
tion with personalized directed acyclic behavior graphs. ACM

Transactions on Information Systems, 2024, 43(1): 1-30

[56]

[57]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

Li X, Fu C, Zhao Z, et al. Dual-channel multiplex graph
neural networks for recommendation. IEEE Transactions on
Knowledge and Data Engineering, 2025, 37(6) . 3327-3341

Liu Y, Rao Q, Pan W, et al. Variational collective graph au-
toencoder for multi-behavior recommendation//Proceedings
of the 23rd TEEE International Conference on Data Mining.
Shanghai, China, 2023: 438-447

Fan W, Zhou W, Wen J. Recommendation based on graph
heterogeneous using dual channel cross-adaptive contrast
learning. ACTA ELECTRONICA SINICA, 2023, 51(07) .
1929-1938(in Chinese)

GUh, AL, SO, BT 50 B Y XU 18 32 X H 36 M E
MR, TR, 2023, 51(07): 1929-1938)

Xuan H, Liu Y., Li B, et al. Knowledge enhancement for
contrastive multi-behavior recommendation//Proceedings of
the 16th ACM International Conference on Web Search and
Data Mining. Singapore, 2023: 195-203

Liang S, Zhao J, Li C, et al. Knowledge-aware multi-intent
contrastive learning for multi-behavior recommendation. arX-
iv preprint arXiv:2404. 11993. 2024

Liu T, Li Y. Knowledge-based multi-behavior recommenda-
tion with factor disentanglement//Proceedings of the IEEE/
ACIS 22nd International Conference on Computer and Infor-
mation Science. Zhuhai, China, 2022. 223-228

Li X, Wang N, Zeng J, et al. Knowledge-enhanced dynamic
modeling framework for multi-behavior recommendation//
Proceedings of the 33rd ACM International Conference on In-
formation and Knowledge Management. Boise, USA, 2024
3882-3886

Park G, Yang H, Yeom K, et al. Knowledge-constrained in-
terest-aware multi-behavior recommendation with behavior
pattern identification. Information Sciences, 2025, 692: 121652
Liu H, Zhang X, Yang B, et al. An enhanced influence dif-
fusion model for social recommendation. Chinese Journal of
Computers, 2023, 46(3): 626-642(in Chinese)

G 4s, BR3E, Bpds, 4. JH T4k 34 77 09 34 08 52 I 3 O
B GRALAEH . 2023, 46(3): 626-642)

Guo J, Zhou Y, Zhang P, et al. Trust-aware recommenda-
tion based on heterogeneous multi-relational graphs fusion.
Information Fusion, 2021, 74. 87-95

Xu H, Huang C, Xu Y. et al. Global context enhanced social
recommendation with hierarchical graph neural networks//
Proceedings of the 20th TEEE International Conference on
Data Mining. Sorrento, Italy, 2020: 701-710

Huang C, Xu H, Xu Y, et al. Knowledge-aware coupled
graph neural network for social recommendation//Proceed-
ings of the 35th AAAI Conference on Artificial Intelligence.
Virtual, Canada, 2021. 4115-4122

Zhang L, Zhang W, Wu L, et al. Shgen: socially enhanced
heterogeneous graph convolutional network for multi-behav-
ior prediction. ACM Transactions on the Web, 2023, 18(1) .
1-27



1118 it (=

it 2026 4F

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

78]

[79]

[so]

[81]

[82]

Wu X, Huang A, Yang H, et al. Multi-behavior enhanced
graph neural networks for social recommendation//Proceed-
ings of the 6th Chinese Conference on Pattern Recognition
and Computer Vision. Xiamen, China, 2023: 40-52

Xia L, Huang C, Xu Y, et al. Multi-behavior sequential re-
commendation with temporal graph transformer. IEEE
Transactions on Knowledge and Data Engineering, 2022, 35
(6): 6099-6112

Jiang X, Sun H, He L. Novel behavior-enhanced long-and
short-term interest model for sequential recommendation. In-
formation Sciences, 2024, 679: 121127

Gao Y. Huang X, Tao J. Sequential recommendation model
integrating micro-behaviors and attribute enhancement. Neu-
rocomputing, 2023, 548. 126393

Lu X, FengJ, Han Y, et al. Graphmlp-mixer: A graph-mlp
architecture for efficient multi-behavior sequential recommen-
dation method. Journal of Computer Research and Develop-
ment, 2024, 61(08): 1917-1929(in Chinese)

OSBRI, B4, kiR, %. Graphmlp-mixer. 3 FE-Z 2
TR 1 2 AT T A M O . THSE LRSS 5 R
J&., 2024, 61€08): 1917-1929)

Zheng Z, Hu X, Qiu Z, et al. Bilateral multi-behavior mod-
eling for reciprocal recommendation in online recruitment.
IEEE Transactions on Knowledge and Data Engineering,
2024, 36(11): 5681-5694

Li Q, Ma H, Jin W, et al. Hypergraph-enhanced multi-in-
terest learning for multi-behavior sequential recommenda-
tion. Expert Systems with Applications, 2024 124497

Wu B, Cheng Y. Yuan H, et al. When multi-behavior meets
multi-interest: Multi-behavior sequential recommendation
with multi-interest self-supervised learning//Proceedings of
the 40th International Conference on Data Engineering. Ut
recht, Netherlands, 2024 . 845-858

Yuan J, Ji W, Zhang D, et al. Micro-behavior encoding for
session-based recommendation//Proceedings of the IEEE
38th International Conference on Data Engineering. Kuala
Lumpur, Malaysia, 2022 2886-2899

Yu B, Zhang R, Chen W, et al. Graph neural network based
model for multi-behavior session-based recommendation.
Geolnformatica, 2022, 26(2) . 429-447

Qiao J, Wang L. Modeling user micro-behaviors and original
interest via adaptive multi-attention network for session-
based recomm-endation. Knowledge-Based Systems, 2022,
244. 108567

Yu B, Li X, Fang J, et al. Memory-augmented meta-learn-
ing framework for session-based target behavior recommen-
dation. World Wide Web, 2023, 26(1) . 233-251

Zhang Y, Zhu X, He G, et al. Learning multi-behavior user
intent for session-based recommendation. Expert Systems
with Applications, 2025, 259: 125269

Zhang C, Chen R, Zhao X, et al. Denoising and prompt-tun-

ing for multi-behavior recommendation//Proceedings of the

[83]

[84]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

ACM Web Conference 2023. Austin, USA, 2023 1355-1363
Yan M, Liu F, Sun J, et al. Behavior-contextualized item
preference modeling for multi-behavior recommendation//
Proceedings of the 47th International ACM SIGIR Conference
on Research and Development in Information Retrieval.
Washington, USA, 2024 946-955

Yuan G, Yang P, Cai Z. et al. Multibehavior recommenda-
tion with nonoverlapping heterogeneous graph collaborative
filtering. TEEE Transactions on Computational Social Sys-
tems, 2025,(1): 1-13

Jaiswal A, Babu A R, Zadeh M Z, et al. A survey on cont-
rastive self-supervised learning. Technologies, 2020, 9(1): 2
XuJ, Wang C, Wu C, et al. Multi-behavior self-supervised
learning for recommendation//Proceedings of the 46th Inter-
national ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval. New York, USA, 2023. 496-
505

Bin C, Li W, Wu F, et al. Multi-behavior-based graph cont-
rastive learning recommendation. Knowledge and Informa-
tion Systems, 2024 1-20

Zhao Z, Tong X, Wang Y, et al. Multi-behavior contrastive
learning with graph neural networks for recommendation.
Knowledge-Based Systems, 2024, 300 112221

Qian Z, Huang H, Wan Z. The multi-behavior graph cont-
rastive learning recommendation method with self-attention
mechanism. ACTA ELECTRONICA SINICA, 2024, 52
(11): 3684-3698(in Chinese)

CERAS M, siE, J7 T, ma A TEE T LE B 24T 8 B L
SEHEFE TR, B AR 2024, 52(11) : 3684-3698)

Guo W, Meng C, Yuan E, et al. Compressed interaction
graph based framework for multi-behavior recommendation//
Proceedings of the ACM Web Conference 2023.
USA, 2023: 960-970

Austin,

Hao Q, Wang C, Xiao Y, et al. Simplices-based higher-order

graph neural network for multi-behavior

enhancement
recomm-endation. Information Processing & Management,
2024, 61(5): 103790

Zhang Y, Bei Y, Chen H, et al. Multi-behavior collaborative
filtering with partial order graph convolutional networks//
Proceedings of the 30th ACM SIGKDD Conference on Knowl-
edge Discovery and Data Mining. Barcelona, Spain, 2024:
6257-6268

Wang T, Isola P. Understanding contrastive representation
learning through alignment and uniformity on the hyper-
sphere//Proceedings of the 37th International Conference on
Machine Learning. Virtual, Austria, 2020: 9929-9939

Xia L, Huang C, Xu Y, et al. Hypergraph contrastive col-
laborative filtering//Proceedings of the 45th International
ACM SIGIR Conference on Research and Development in In-
formation Retrieval. 2022 70-79

Meng C, Zhai C, Yang Y, et al. Parallel knowledge enhance-

ment based framework for multi-behavior recommendation//



5 1 e A . ST IR 2 M 2% 1Y 24T 0 R 40k 1119

Proceedings of the 32nd ACM International Conference on In-
formation and Knowledge Management. Birmingham, UK,
2023: 1797-1806

[96] Chang Y, Zhou W, Wen J. Thgdmr: interest-oriented hetero-
geneous graph for multirelational recommendation. Expert
Systems with Applications, 2023, 228. 120321

[97] 1LeeS, Ko G, Song H J, et al. Mule: multi-grained graph
learning for multi-behavior recommendation//Proceedings of
the 33rd ACM International Conference on Information and
Knowledge Manage-ment. Boise, USA, 2024. 1163-1173

[98] LiX, Chen H, Yu]J, et al. Global heterogeneous graph and
target interest denoising for multi-behavior sequential recom-
mend-ation//Proceedings of the 17th ACM International
Conference on Web Search and Data Mining. Merida,
Mexico, 2024 387-395

[99] Xuan H, Li B. Temporal-aware multi-behavior contrastive
recom-mendation//Proceedings of the 21st International Con-
ference on Database Systems for Advanced Applications.
Tianjin, China, 2023:. 269-285

[100] LiuS. Xu Y. Multi-behavior enhanced self-supervised graph
learning for social recommendation//Proceedings of the 27th
International Conference on Computer Supported Coopera-
tive Work in Design. Tianjin, China, 2024. 1092-1097

[101] Chen C, Zhang M, Zhang Y, et al. Efficient heterogeneous
collaborative filtering without negative sampling for
recomm-endation//Proceedings of the 34th AAAI Confer-
ence on Artificial Intelligence: Vol. 34. New York, USA,
2020 19-26

[102] Chen C, Ma W, Zhang M, et al. Graph heterogeneous
multi-relational recommendation//Proceedings of the 35th

AAAI Conference on Artificial Intelligence: Vol. 35. Virtu-

YANG Pei-Jin, Ph. D. candidate.
His research interests include Graph
Neural Networks and recommender sys-
tems.

YUAN Guan. Ph. D., professor.

His research interests include intelligent

information and data processing and
large-scale graph data computation.
ZHANG Gui-Xian, Ph. D. candidate. His research in-

terests include trustworthy artificial intelligence and graph

Background

Compared to traditional recommender systems, multi-
behavior recommendation can leverage implicit feedback from
multiple interaction data, and by considering various user be-
haviors and their interrelations, it can more comprehensively
explore users’ interests and behavior patterns. This ap-
proach overcomes the limitations of single-behavior recom-

mendation methods, providing more accurate personalized

al, Canada, 2021: 3958-3966

[103] Zhang G, Cheng D, Zhang S. Fpgnn: fair path graph neural
network for mitigating discrimination. World Wide Web,
2023, 26(5): 3119-3136

[104] Zhang G, Cheng D, Yuan G, et al. Learning fair represen-
tations via rebalancing graph structure. Information Pro-
cessing & Management, 2024, 61(1): 103570

[105] Qi T, Wu F, Wu C, et al. Pp-rec: news recommendation
with personalized user interest and time-aware news popu-
lari-ty//Proceedings of the 59th Annual Meeting of the As-
sociation for Computational Linguistics and the 11th Inter-
national Joint Conference on Natural Language Processing.
Bangkok, Thailand, 2021. 5457-5467

[106] Qi T, WuF, Wu C, et al. Profairrec: Provider fairness-a-
ware news recommendation//Proceedings of the 45th Inter-
national ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval. 2022. 1164-1173

[107] Peng Y., Meng X, Du Z. Survey on diversified recommenda-
tion. Journal of Computer Research and Development,
2025, 62(02): 285-313(in Chinese)

(i, /N, IR, % SRS, TH LB
TG RE. 2024, 62(02): 285-313)

[108] Yang X, Liu Z, Lu S, et al. A survey on debiasing recom-
mendation based on causal inference. Chinese Journal of
Computers, 2024, 47(10): 2307-2332(in Chinese)
CHoBoR, XUE, SR, S TR MEE RS R
AP LRk, HEEHLAE L, 2024, 47(10): 2307-2332)

[109] Wang Y. Liang D, Charlin L, et al. Causal inference for
recommender systems//Proceedings of the 14th ACM Con-
ference on Recommender Systems. Virtual, Brazil, 2020.

426-431

represent-ation learning.

QIAO Shao-Jie. Ph. D. . professor. His research inter-
ests include big data technologies and applications , and do-
main-specific big data analysis.

WANG Sen-Zhang, Ph. D. , professor. His research in-
terests include spatiotemporal big data mining and graph da-
ta mining.

LI Bo-Han, Ph. D., associate professor. His research
interests include recommender systems and knowledge

graphs.

recommend-dations. Given that the graph structure can ef-
fectively capture the characteristics of multi-behavior recom-
mendation, and that Graph Neural Networks have demon-
strated significant advantages in learning representations for
non-Euclidean data, GNN-based multi-behavior recommen-
dation has developed rapidly in recent years and has garnered

considerable attention.
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In this survey, we investigate and summarize the current
research on multi-behavior recommendation based on Graph
Neural Networks. First, we provide a brief overview of the
graph structures and GNN frameworks applicable to multi-
behavior recommendation and analyze the reasons why GNNs
are suitable for this task. Next, we categorize and analyze
the latest advancements in GNN-based multi-behavior recom-
mendation methods across various scenarios, including gen-
eral scenarios, social recommendation, sequential recommen-
dation, and session-based recommendation. Third, we clas-
sify and discuss optimization techniques for GNN-based

multi-behavior recommendation models, including methods

for optimizing the distribution of supervisory signals and
techniques for denoising auxiliary behavior information. Fi-
nally, we outline future research directions in light of exist-
ing challenges.
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