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Abstract Recommendation system can effectively address the problem of information overload, attracting
extensive attention from both academia and industry. Collaborative filtering recommender algorithms based
on graph neural networks have emerged as a widely adopted technique in recent years. These algorithms can
effectively represent user and item features and learn intricate relationships between users and items. Therefore,
they have become prevalent in the field of recommendation system. Firstly, the paper categorizes the algorithms
based on the problems that they aim to solve and then provides a comparison and analysis of representative
algorithms within each category. The paper also summarize commonly used datasets in experiments and briefly

introduce the key evaluation metrics. Finally, the paper discuss the challenges and potential research directions.
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Fig. 1 The classification framework for the algorithms
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Table 2 The comprehensive comparison of algorithms for data sparse problem
i ik BRI o A
NGCF2 WRENRR e TR Az s G IR
AGON™! T e BT R R e (R PR — S A RS
Multi-GCCF™) % FGTE ﬁﬁﬁﬁﬁﬁﬁ;ﬁgﬁﬁ“ﬁﬁﬁﬁﬂ RIS B MR T 3 A e
SimGCLE ST o HRL B T A 035 L4 4 VB R AR G BRI 3
XSimGCLE! spattpssy A SmOCL MARRLERIC DI e sorperpres
e L A LB ] U e 0
PR . LI S S SR BRSIT, B T S 0 A
DHCF! ACEHESE TR T FT e 2 S| A SRR L A
HykL o o i
MBGCNE LN W RS ER SR S AU B R (3
KMCLR ST MR ST ﬁ@gggggﬁﬂ’M*ﬁﬁgﬁﬁﬁ AN Bl £ 5
SGLB w23 U B T I B R TR g5, AR

LR NEWOE RBON B[R] g8 =2 T IE AR e, B
SRR e T IR AU AR . 2L R E
BRUZ . ERZEMTNE 3 5B H K

() EEBRZET, SHAMKZHE GRS
VEARNIE], ZBVEL T T RAIE S M e 4 A 2 14
TE R AMARAER GON #E, H P Fm H e —
EREEENNAE, AREGHETAAS.

(2) EHERZ T, 1ZHEAUE AL
HEEG, B — 2530 M & &E 6 m &%
xR, NG Eoi—MNMERN ER RN
1/(K+1), Hf, K NEH), BREEHHF
AT H RN

(3) FETM ZE ¥ FH P AN E 1) B B
WAL, 15 B &I UME .

MY, LightGCN Bk itk 1 dx v
GCN, K7 T WM R . HAERRMERE
FE R E R RA RS, BH T,
A L&

RGBT WA M HER R A HEA
WD R A A AT A 2 18], H X A 5 VR AE TR
P LB R A A R SR A R R, R

THFERGRI Y JEME. Tan R HERE R
43 1) B fh 22 X 5 15 A5 2% 2] (learning to Hash with
graph neural nnetworks for recommender systems,
HashGNN) 59%, i TG 7 o8 208 FH P A
JR AR AE 2 s WSt 31 Z s A 1m) & b, ATRE
JEL 05 38 S TR O 2 e PSR AR . XM
77 T A R DR M 2R, SR AR AL T
R & ST e LR APR=IR g = PR TR TN
B UK, PRACE Y B LS XU . (H
K&, ZFEIRBN T AR A A
AR VA 2006 A R, Liu 255742 T
17 Hamming 7 [A] &3 F1 I 4% (Hamming spatial
graph convolutional networks for recommendation,
HS-GCN) %%, it 7#F Hamming %5 18] @ kF
AERE RS B B4R S RSk BRI,
BV S T R )RR AE 1) B R OR Y
BEHI G A5 S, JF7E Hamming 250 EiHEEA1Z
R EE R Hok, i E X — MR THREEE
) Hamming Z*[A] &, F|F Hamming 7% [ 5530
SR e R S EAT BB 5, e, A
MBI AT HEYE . SRR TR LA



4 RIRML, S5 F T EIRRZE P24 (0 Uy R L BB HE 77 S i SR IA 9

) ) TV AR b, 1% 07 VAT B 4 b Ak PR o ) S
AR, TR SR RE RS EE,
HashGNN H1 HS-GCN 5Ly AN nl gk ot 12k 1
HEER.

NS B K, Chen &M 2R VLR 2
K6 A1 I 2% (revisiting graph based collaborative
filtering: a linear residual graph convolutional
network approach, LR-GCCF) 577k, fifi 2k 5%
ZEERIN G AP I E LR, HAme
NG ARE AT A Bk 22 1 mis A R F R A E
TR ] A BAE R 2% b R BT, A AR
e LA R B

R 1 OR B B EAE AN, RIS R
MR it & — iR i B B M 777k . Zhang 251
P — 3T GCN i 3 I 1) 48 — 5 ST AE
2% (GCN-based user representation learning for
unifying robust recommendation and fraudster
detection, GraphRFI) 5%, $ATHERE 5 IKVER I
PARIAE 5% o AE Hoim 2 om0 27 ST A, PRI
VEB AL TR e IRV O3] B shii e
G PP ER A AL B Dok, T EHE
5 LA v B TN 3R 22 7 2 RV S A T 4 A o
HUEE R AL . XA TR B o, RIEAFAE
Fe Wi, WEE AR EHELE
3.3.2 FETHsE AL I H o ER S

Liu 548 0 R R % & B [ 3 3
(deoscillated adaptive graph collaborative filtering,
DGCF) HVEUEW] GON il & 2 /MRS B AL 1%
P E S AEAE 3 B IR L. o EIRAR
JRI R AN ] E B AR R 2. bR B AR T
ZESMLRE R EE T, R T AR S
Yo ok BB, ZEVEBOT T ANk E
FEEM— D HERNE . B R B %
FEABET RAIE S, BRRY A — 7 B AR
JittE. B, EBLRR Bk B R i A5 .
eRT S ey = [)]| R = BEY VA F=I S PRV

PRI R AR AR

KMCLR 53 51 N1 H -1 5 56 5 40
TR  H ARAT 9B A e o R SR B o A 4l
W5 AR TR s Re, (HE S5 NBHE{E
T B, RGBT E IR AR,
I B 8 S TR DAy M 7 B e R 1 B e )
HARKRY, A7 A BREE R E — RV
FEMER IR R A PURAE SRS R I I B R A
23 I 1) RS 2 B LN IR L B 30 B R

RV B A S A 3 v R g ) s T
AT 1T, AHRZHEA 1 B LA 2] J7 ik 2
XS -3 A2 L AT LS 9 (A0 /3L
Gz, E AT T R R UG SRR (A
P 238 AR oxt LU B, AN BEAR i s O B [ A
i LKy, I BARE &) 52 W S P sh 1 52 i,
BEAR T RERY B . Cai 251 B H (9 9 42
%) i B 17 A 2% 14 ) b2 2 (simple yet effective
graph contrastive learning for recommendation,
LightGCL) Sy FH 73 5 8L 70 i 3R A7 % 3 53
SR AT A 4 R iR Ok R BEAT T 20 AR 5 H R
e, ARG HOR B 1 A 15 Eh, T HRE
MEFE DI, $RE T AT B R A ) R SR
WS, (H2, LightGCL Hikif 4
T e 503 184 55 5 7 R R TR % 20N

bR 7 BEAT BCE MR g1 N B E a1 9 AL
Ye MR T 45 0 2K ORI\ PR 3h 1 &
e A 2 Py [F) 3ck € (towards robust neural graph
collaborative filtering via structure denoising and
embedding perturbation, RocSE) Hi%. B %, %
SR AL T SR AR AE AR 47 IR AR R A L, AN
XS G EAT e b PR . SRS, Bl Xy
PUEBLEBRAE, FEIRN A 5] N AT a0,
Hat— 2R RS EE 5 ST 29 A P A H BN
DA i B ) B (H2, SIANIAIRBI
NS ET

ARG AT A AR EAT SR B LA
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50, i, KMCLR SHEM Light GCL £
72 H AR 5 N 5%, a3k 3 .

3.4 mEEEFEER-

3.4.1 BT EaEH A IH Z 0 B 5%

Liu &8 004808 a0 B R K
1 (interest-aware message-passing GCN for
recommendation, IMP-GCN) &%, 1ZEEAE
—Br SR A B, BEE BB SR
RHEEAE, TR BT A TG B B B A A
B, M R A AR R AR AN R 1) FH P R
LHIWTE, REEFDT B BT EE R
PE. W I AR T BB, ZE LA SR
et RGP RS B2, WoTEe
IR ) e B, A E s S N Ad g«

DN SERE W X 2 FH P R G, O A B B
BN E 2, Sun S I T4 1048 R
2T H IR B B AL 4% (neighbor interaction aware
graph convolution networks for recommendation,
NIA-GCN) $ik . 1ZHEGI N —MH R 4R 5 22 H.
REWER, S5£40 GON BykHEERERAM
AR R BE BANE, B R H bR RS A E
Z IR R A2 .o It 25 AR R A2 B AL, NIA-
GCN BE TR m e FOk Rk Re Jy, A EAT

AR IR R AN 4 R R B . BRI R B
R LR i G PR AR R TP A JE R R G A T T
R, femdlEy REIPERE. HE, NIA-GCN
BRI R ARSI R, AR

B 14 2R R AR 4 R AE R Ak, A8 H AR HY
ARt AR E 2, Kk, Wang %541
% 4y & G B [F L € (multi-component graph
convolutional collaborative filtering, MCCF) %
%o MCCF B /- H Z B R R s A%
AR, RS AL RS B A R AR B
AR R AR B R s it TR A
AR T — AN AL 22 ST RS HON 1) B A
H, DSRERARN R Nt — B dud -
T, MCCF Bkfe i A Fenls], a5l
AN ANE R R AN B P -1 X
REX A BT R OR . B2, 24
P EXALSIE ARG R o, A 5 BRARAERE .
3.4.2 FeFHgsR AL I H o B R SR

Wang % OTHE M AR R B B [ 3L R
(disentangled graph collaborative filtering, DGCF)
AT NI H B SRS AR, R AT R
NWBEFRRIERR R . WHERRMICT RN
FRRFAE, SRR T R H K &R A

*3 HEREHEMEENEESSIR

Table 3 The comprehensive comparison of algorithms for robustness problem

WS Sk itk 5 B
PinSAGER BBLIE A IR SURIA T PRI L e
LightGCNF7! faifk. GCN HARITRT R, IS BE R T 3P0 1
HashGNN©™ A5 YR, HER s
HSGON™  Hamming 2 Gox Hmming S BILL LRI AL GO KGR TG
e RO B GON BB o 51 52 3
e R
GraphRFI!™) R IR 0 Rt R IAE A4 A
DGCF! FIRGEIER  RUEN GON AR A AR P L5 15 S
KMCLR®)  BBLEF, WM T E S Sl e 1 20 R0 R T 2 5 9 TS
LighGCL® sl by o DAL IBUIARIL, TTROE g pemtein deonr
RocSE)  hHEMAIAN AR, B R P 8 X 460
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[

MR SN TIHENLHR N B R R ER R R &
R, PLAERGER AR R RN . X R RS AR &
WU AT B8 4 4 B2 1 R P 2 S R 2 RS
S AN AT AR~ ) . H, T iR
AN RE S R BRI RERE R

NTIRE Z e, Wu R T |
T ICEENHERE R A 1 BB AL (graph convolution
machine for context-aware recommender system,
GCM) Bk, AL 5l N BN 30E B et
GEHI -l s A, AR AN B R S
AREUEE 22 (A AEAN QIR RS 2, DALl B HE 7 ok
R4 AP I S Ee AR P O G d I DB 21
ie, ZENEESIN BT SO RN AT RE 4 51 NI

W, HET, ML IMP-GCN™, 11
* 4R,

4 ERHESESEAMRELK

4.1 ERHIEE

HAT, fEWp R pEHER 5L TR, % R
Pa N H P 8 (users) « T H 24 (items) « &2 4L
(interactions) . #£#% (link) « 4145 (domain) , FF7]
%93 147 K (user behavior) A1 F7 34> (user
rating) PI2K, WK 5 PR,
42 EIAMEELLER

AN TN bR )P RE AR 75 I SRV (IMP-

= GCN. XSimGCL. LightGCL. MMCLR.
S 1= e N N S e y S S 2 YN v,
B AR AR EET AR S KMCLR) #H7 B 8. Har, £ L&k 5 A4
x4 EEEFEBEBMNEELEAILR
Table 4 The comprehensive comparison of algorithms for oversmoothing problem
iR R 4 ] A7 BB JE fhni B
IMP-GCNU' DUERFEIZEBL 5 & XS [F D Y (e 15T B BER EI e R, A0 SE AR B
NIA-GCN*! ABJE AT ECR Sl BN I DU PSS RIS, TR 2
T ) MCCF™*! ZHEEBI AW AR FRE LA MRS T A%, BN I EA L 5 BRI RRE
DGCF! WRFORMERS AU SRR R R R RN AT RS R E ORI
GCM7 bR SO TR TE 2 R IR I N (E R
x5 BERBBENE
Table 5 The descriptions of common datasets
D= N WH ¥ E Zr H ¥rB-
et HolmsE APER REE - RAHE g et
Gowalla 29 858 40981 1027370 Hh https://github.com/gusye1234/Light GCN-PyTorch/tree/
e master/data/gowalla
17 H s . :
Last fin 1892 17632 92 834 i https://github.com/gusye1234/LightGCN-PyTorch/tree/
master/data/lastfm
Yelp2018 31 668 33 048 1561 406 i https://github.com/gusye1234/Light GCN-PyTorch/tree/
master/data/yelp2018
Amazon-Book 52 643 91 599 2984 108 FiEE
Amazon-kindle Store 68223 61934 982 618 I http://jmcauley.ucsd.edu/data/amazon
@ Z Amazon-Home&Kitchen 66519 28237 551 681 Bl
¥
Netflix 480 189 17770 100 480 507 EER2 http://dataju.cn/Dataju/web/datasetInstanceDetail/32
Movielens 1M 6 040 3883 1000 209 EER2 http://files.grouplens.org/datasets/movielens/
Book-Crossing 278 858 271 379 1149 780 5 http://www?2.informatik.unifreiburg.de/~cziegler/BX/
DoubanBook 13024 22347 792 062 5 https://doi.org/10.18170/DVN/LA9GRH
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PEREML 5 9% R, IMP-GCN. XSimGCL.
LightGCL H k2 .17 N#EFF, MMCLR,
KMCLR & Z AT Nt . ZAT N AE AT N
HEFF I BEAE R R R I, BRAT RHEEACRI A B
AT NIAE BAS BT HERE , T 2 AT SR B 1E
RGBT RS B BT AHERE . 2178
HEFEL 30 LG AT N HERE PR REIR TS

FE AT AR, IMP-GCN 3@ i %14y
DT B 77 2R Al SR 7 B % R, H
B8 by VA N T T SO 7R s A S N 2 O P L
PR IMP-GCN HyEA HIF R I . XSimGCL
HVEA LightGCL Sk 8 imask B} kb = 5] i gt 4
FEEREMI IR . XSimGCL Sy A BT RY 7
AR, ATRCLE R B RS A5 . (R I B
WL 5 2 AN AT B G 5] NP7, AT R 2 R il 4
FEMERE. SR, LightGCL ik BEAE IR B R 4R s
BN, SCRE IS IR R, I R % R U
Bl . FrLL, LightGCL HiE{E AT AfftE
PAF T RAERIR . FEZAT NHEREF, MMCLR &
ERAZAT N ZAEME BAR B ARAT A I
1%. KMCLR HIELEH B 24T NN AR Bk
FINTH A H 6 R AR EG R, BRI T
MMCLR &k,

5 REERE

TE 73 R4 T e B A 2 X 2% 14 P [ 3o 9
R, RS N AT T A
ki, SESRI R IEFIEMEL, 2T K
20 W 258 10 59 BE RE T8 0 P23 T AN H 28 BLAE
A (S, BEI A HER R FERE 25 2R . B
EESIANARE, P XS HERR 45 R (e PR A
ZRVER IR E R EOR, RGP R
KT REIBIE 707 TR AL A EAN R+ LU JLAN 5 T

(1) BERLFRRENE - 472 vy P e 2 X 4 A5 R ) ]
fERENE A — A B RGBT T [ 3 AR A R X

HEFR RIS, W] SR T x4 45 R 2 A
AU -

(2) R ZRETE . A% GE W [R]85 1 M )
THEFRITE, & PEHER LR DR,
AT B X 2 HERE A R AR RN B RIS S
RAE I E ML e a R, 22— MER
HRRMTT o

(3) BAL ORI BEAE H 7 X B AL ORI 1) 5QTE
FESEAN, Gy 6 P Ao 22 o) 45 AR o 78 73 2% B
BaAh, FFRMEATEIRIERE RS, &Rk
AP RIBT ST 17

(4) 15 USRAESF : A0 )Ry P Ao 2 ] 2% A 70 7
JE B OB HE: R Gt AN [ sk A5 2 3t
ITHERE, AR — DA . B, S5iatt
AL I Bl A 2 YA R AT I U AHE Y
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