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Abstract Recommendation systems can effectively address the problem of information overload, attracting
extensive attention from both academia and industry. Collaborative filtering 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 systems. In this paper, we first categorize the algorithms
based on the problems that they aim to solve and then provides a comparison and analysis of representative
algorithms within each category. We also summarize commonly used datasets in experiments and briefly
introduce the key evaluation metrics. Finally, we discuss the challenges and potential research directions.
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Fig. 1 The classification framework for the algorithms
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Table 3 The comprehensive comparison of algorithms for robustness problem

R 1 ik R T fh A Bt
PinSAGE™” WAL SEnE YIZAER R é%ﬂ)ﬂ TR
LightGON"" faift GCN MRS, IR R T 3 3
HashGNN""" W75 SR, KR W T B

Hamming 18 HLREJ LS 25 1a] 22 T B35 L
HS-GCN'™ Hammi ng 2% ] GON B  RHE BE, ETRAE
B O R 22
LR-GCCF™” B GON R EHBR (5 Bk TP 1
GraphRPI® R Eg@mﬁ%gmﬂmﬁﬁ iiﬁﬁgax

S HEE N \

B B AT 4k

DGR FEY HIEN R ONN f 4Bt 7 T B EA

¥ 4k

et o e e BV BN RIRE

KMCLR[;m] [‘Jﬂ*}l%ﬁ’ IB%HST% EU\FIZJJXJ u;&F“ﬁ%ElﬁTTB% ﬂﬁ‘é%fﬁi%
=

HIM T4 2/ DRI o

Light6eL " Ty T FrA TR RRE A AT
S 5EH e

. N IEERVS

RocsE™ b SR AT A B WAL, B o

1




3. 4 H 213 PR iE)RE
3.4.1 E TR P — o B E %

Liu 285 AR T B GY BAR S s A B (Interest-aware Message-Passing GCN
for Recommendation, IMP-GCN) , Z& kR —F EGRRIRHEH 2 784N~ 2K, B
Ja I BB AR A A, 2w T — AN Te R BT B AR s, R AR AT DL
AR B A ARALGE I P UL R A B, SRR T L PATEEEREAE . %5
FRE BT SN, RR A SRR R i B . (E, R R
T e s, 5 5N e .

N T BEE KGRI 2 P P R AT, (RIS G S S BRI E 2k, Sun N TR T
FH T 4R35 (140 8 A2 AN B R 2% 5232 (Neighbor Interaction Aware Graph Convolution
Networks for Recommendation, NIA-GCN) . NIA-GCN 5| A\ 7 — i (48 JE 32 B A i bk,
5410 GCN B Rk B AL s {5 BATE, & RAIR HARTY fi5 H AR & 2 A () ot
ZH ., B EAREZ B, NIA-GCN $m TR ILMRIEGE S, Meqlaeasa sdh
TR RE B o 12 IR B R A e B RS R E R R R, SR T i
IR, BT HEE R RMERE . BR, FRMERSEISIIE L, PR R

B TR REE, KEEEOA RS B, Kk, Wang 25N "HR
T 20 & KB E R JE S (Multi-Component Graph Convolutional Collaborative
Filtering, MCCF) . MCCF 4 H /' -Til H &2 B &l Kon A 2 MK, B BT £
A FRHESUZ RS B N T I AR A B SRR g AT s, 8 — AR L
K2 SN RN R, ME B RA R SRR N T D el P g,
MCCF #&tH 7 AR FENLE], ZHUHNE S 5] N — NS Rk Eh A1 A - -0 H
SR X A ER T RN . B2, ZHHMBHEEIETEER, AE5HH
fR AR

3.42 BETHEA B 40 B EE

Wang 28 A\ 5 AR RE I B[R 50 (Disentangled Graph Collaborative Filtering,
DGCP) e H F AT H K75 SRR RS, B e A WA RN RIERR IR . WARRH
PENT S P ERRRAE, T E R R R S Z SR . IR TN T TR N 2
TR NG R, DB 2 M 3SR R o P A A8 R il L mT DA B G b 42
TP EEEEZHNER, NMEMA P 8. (B2, B SRR iESER
B CHAE B

AT AR 2B, Wu 25 NP TR R SO R G B BB
(Graph Convolution Machine for Context-aware Recommender System, GCM) , %% ki@
HEIANETXER, ¥R TGP -2 K, AR U BRSO3k E 2
PIRFAE AR MEAS B, DUHCORFHBIHESE D3R, M2 1 BN s B A AR 3 B0 i~ i)
e HZ, ZFEESIN BTN ORI AT AE 2 51N 5 A5 S .

FATHE— PR AR AN FE AT 255 LS 200, IR B AT I R s 0 A B2 44 PR kAT
TR, SRR 4 Fron.

*4 HERTTREBHOBEESEELE

Table 4 The comprehensive comparison of algorithms for oversmoothing problem
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Table 5 The descriptions of datasets
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