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Study on Graph Collaborative Filtering Model Based on FeatureNet Contrastive Learning

WU Pengyuan and FANG Wei

School of Artificial Intelligence and Computer Science,Jiangnan University, Wuxi,Jiangsu 214122, China
Abstract Graph-based collaborative filtering recommendation techniques have gained significant attention for their ability to effi-
ciently process large-scale interaction data. However, the effectiveness of these techniques is limited by the sparsity of data in
real-world scenarios. Recent research has started to apply contrastive learning to graph collaborative filtering to enhance its per-
formance. Nonetheless, existing methods often construct contrastive pairs through random sampling, failing to fully explore the
potential of contrastive learning in recommendation systems. To address these issues, this paper introduces a collaborative filte-
ring model based on FeatureNet Contrastive Learning(FCL). The model establishes a node feature similarity matrix by computing
the cosine similarity between feature vectors and applying a probabilistic normalization strategy. Using contrastive learning to
perform influence analysis on the node feature similarity matrix,the model captures high-order connectivity between nodes, partic-
ularly demonstrating significant effectiveness in handling datasets with high sparsity. Extensive experiments conducted on multi-

ple datasets prove the effectiveness of the proposed model.

Keywords Recommendation algorithm,Contrastive learning, Collaborative filtering, Graph neural networks.Data augmentation
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5 LWRESHN

5.1 SLIHEE

T VAR BT A FCL LR PERE , i 4 % AL
Bl 4 PEAT 528, f9 3% MovieLens-1M ( ML-1M) ™, Yelp,
Amazon-Books"*"' LA & Gowalla**/ ,

X R SR T AT R R % B A BT R, Xt T
Yelp 1 Amazon Books $(#i4E , iy 2 B 8> F 15 iy H
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B H S A S B e L R AR 100 B THERE L. TF R
B IE B34 5 H AR — A~ 760 LB o 2Rk

#1 BURENSEIHER
Table 1  Statistics of datasets

HAE & il &4 WE HE THEH

ML-1M 6041 3629 836478

Yelp 45478 30709 1777765

Amazon-Books 58145 58052 2517437
Gowalla 29859 40989 1027464

5.2 EfMrigtR

J T VAl Top-N BYHEFETERE R T W Rl 32 48 1 A 35
#r s B 1] 3R @ N (Recall@ N) F1 5 — 4L 37 11 B FUHE 25 @ N(ND-
CG@N), Ho N 4 5% & 4 10,20 1 50, M {4 B — 2 ik,

K F A HEA SR mETO 6k P i R B gl i i BT A 1 AT
He# .
5.3 ITLEE*
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D BPRMF . 5 a3 % B 43 fii (M) fiE 22 4 1k BPR i 5%,
2 ) FH P R BT R R

2) NeuMF") . I Z A HLEUC T MF 5 2L rp (1 25 8,
7 > R Al ER) D S PR R

3INGCF" 3R FHH - — 5y BRI A B 6 & L IR A
FH GNIN 34 58 P 5] 55 98 7 3%

4 MultiGCCF™ . Br T H J7-4 fb =43 &1 38 1% 5% &5 Bt
S Ry o [l 115 8,

5) DGCFEY o I ) & A i 0% 10 22 DL v
TR

6) Light GCN'  féifb T GCN A% i1, fif FL T8 in 7 5 HiE
JE [ aE i

7TYNCLPY i b 25 & 0 5] 2 0 A uF B 24 2T, i) 4544
P FE SCAR R TR .
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R PRSI 1 A T S B B S BT T G — e
o BRI F Bt A LS — 1 R 64, R A Adam 1Eh
AL 2% . 2% ZAE 0. 0001~0. 005 Ja [ 2+, L2 1E 4k &
FOWAELO ° ~10 * Z [6] #E 47 98 % , dropout b R & B 7E 0~
0.8 W N . A BRI ZERETE 1—4 )2,
5.5 LWHERSW

F 251 T FCL 5 H A base-line ¥ 7E 4 MEIE4E I
MMERE L. TS DA 458 .

D 51&4 77 %% (in BPRMBP) M L, 36 F GNN 175kt F
RE 8545 X050 T 11 13 155 S8 A i ik R i R 4. 7EFT A
P13 ) 1o 30 6 4R 485 78 of, LightGON 75 K 22 o8 di 4 - &
el WoR 1 AL SR 4 Y A ROHE A B B . Muli-GCCF
E ML-1M 308 48 1 /9 £ BRI NGCF, v] R J& [ o B3
-4 i E A R S T, AN R ROR S
% DGCF B FR A Light GON, At HJ2: 16 7 B B0 46 L

2% F @ W I NCLEY 78 5 AUl 4 B4R i T Hifb
W vk R TN H A 3T O T T R O TET IR AU
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DA LLEF L, FCL 7E45 S48 45 LA fh ToR& k. X —
PR | F X G AT TR S X R X 2 )
SR

% 2 FCL 53407k i PEfe th i

Table 2 Performance comparison between FCL and baseline methods
Dataset Metric BPRMF NeuMF NGCF MultiGCCF DGCF LightGCN NCL FCL Improvement/ %
Recall@10 0.1799 0.1657 0.1844 0.1832 0.1885 0.1876 0.1978 0.2128 7.05
NDCG@10 0.2466 0.2298 0.2524 0.2512 0.2521 0.2510 0.2711 0.2851 4.91
Recall@20 0.2716 0.2518 0.2740 0.2761 0.2778 0.2792 0.2928 0.3075 4.78
Movielens-1M
NDCG@20 0.2569 0.2403 0.2611 0.2615 0.2619 0.2616 0.2761 0.2884 4.26
Recall@50 0.4299 0.4124 0.4342 0.4361 0.4419 0.4465 0.4465 0.4711 5.22
NDCG@50 0.3010 0.2850 0.3057 0.3055 0.3078 0.3092 0.3115 0.3297 5.52
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(830
Dataset Metric BPRMF NeuMF NGCF MultiGCCF DGCF LightGCN NCL FCL Improvement/ %

Recall@10 0.0639 0.0526 0.0630 0.0650 0.0722 0.0735 0.0903 0.0935 3.42

NDCG@10  0.0462 0.0377 0. 0450 0.0455 0.0514 0.0519 0.0659 0.0682 3.37

Yelp Recall@20 0.1041 0.0886 0.1026 0.1055 0.1132 0.1158 0.1367 0.1416 3.46
NDCG@20  0.0576 0.0486 0.0564 0.0577 0.0636 0.0654 0.0817 0.0843 3.08

Recall@50 0.1866 0.1649 0.1864 0.1887 0.1984 0.2013 0.2181 0.2261 3.54

NDCG@50 0.0791 0.0686 0.0786 0.0795 0.0860 0.0877 0.1033 0.1076 4.00

Recall@10 0.0604 0.0511 0.0619 0.0621 0.0740 0.0796 0.0913 0.0944 3.28

NDCG@10  0.0433 0.0354 0.0423 0.0435 0.0518 0.0564 0.0679 0.0704 3.55

Recall@20 0.0957 0.0820 0.0974 0.0994 0.1201 0.1207 0.1379 0.1411 2.27

Amazon-Books N _

NDCG@20  0.0541 0.0442 0.0539 0.0544 0.0642 0.0686 0.0802 0.0821 2.31

Recall@50 0.1682 0.1447 0.0168 0.1689 0.1905 0.2012 0.2166 0.2193 1.23

NDCG@50  0.0725 0.0613 0.0723 0.0729 0.0838 0.0900 0.1016 0.1033 1.65

Recall@10 0.1154 0.1034 0.1187 0.1104 0.1254 0.1359 0.1456 0.1527 4.65

NDCG@10  0.0828 0.0734 0.0851 0.0791 0.0900 0.0871 0.1077 0.1121 3.93

Gowalla Recall@20 0.1693 0.1538 0.1757 0.1621 0.1825 0.1976 0.2084 0.2165 3.74
NDCG@20 0.0988 0.0870 0.1012 0.0935 0.1070 0.1152 0.1209 0.1321 8.48

Recall@50 0.2757 0.2515 0.2813 0.2635 0.2876 0.3047 0.3110 0.3256 4.48

NDCG@50  0.1453 0.1110 0.1267 0.1188 0.1324 0.1409 0.1485 0.1536 3.32
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Fig.4 Ablation experimental results of FCL
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Fig.5 Sparse experimental results of FCL
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Fig. 6 Performance comparison of different parameters
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5 LightGCN W& s aEEmEA T HRATL A RTEH
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Table 3 Performance comparison of FCL combined with different GNN backbones
Method ML-1M ‘ Yelp ‘ Gowalla
Recall@10 NDCG@10 Recall@10 NDCG@10 Recall@10 NDCG@10
NGCF 0.1844 0.2524 0.0630 0.0450 0.1187 0.0851
+FCL 0.1850 0.2539 0.0659 0.0459 0.1194 0.0867
DGCF 0.1885 0.2521 0.0722 0.0514 0.1254 0.0902
+FCL 0.1901 0.2542 0.0744 0.0529 0.1268 0.0917
LightGCN 0.1876 0.2510 0.0735 0.0519 0.1359 0.0871
+FCL 0.2128 0.2851 0.0935 0.0682 0.1527 0.1121




SEMB AL o A« B TRFAE 9 2% X LG 2 T Y 181 Db [R] 3o A 2L 3T 50

147

BERAE OARSCIRI T B TR AE 9 45 X LA ST 1 L B
[f] 3 JE AL Y (FeatureNet Contrastive Learning, FCL) , i i3 4%
GHETEMWIERERE GX L, BIERRES T R
Ak T AR R v R A R R Y R A, iy ik a5 A 3
TR AR AL BE (4 5% W) 7 43 17 o A8 80 TR O R P RN
Vi) F 5 AR AL S DTG 55 T 4 7 OO o B R B P . SR A
REAR FCLEZANAEEE EH0 T A M EL T,
BE A 3 A R BT R ATE ST RN B A3 AT, 1 — 2B B AIE T R AE I
AREITE R T HERE M RE M AR . BRI A SO
ACHE T — A B HEAZ B, 38 S SRR HE 77 R e ) 5 4
HET T /Y AL AR RN R AR B AIF 5 O 1A

2 % x o

[1] RICCI F, ROKACH L, SHAPIRA B. Introduction to Recom-
mender Systems Handbook [ M ] / Recommender Systems
Handbook. Boston, MA : Springer. 2011:1-35.

[2] LINDEN G, SMITH B, YORK J. Amazon. com recommenda-
tions: item-to-item collaborative filtering [ J]. IEEE Internet
Computing,2003,7(1) :76-80.

[3] GOMEZ-URIBE C A,HUNT N. The Netflix Recommender
System: Algorithms, Business Value, and Innovation [J]. ACM
Trans Manage Inf Syst,2016,6(4):1-19.

[4] SARWAR B,KARYPIS G,KONSTAN J,et al. Item-based col-
laborative filtering recommendation algorithms [ C] // Proceed-
ings of the 10th International Conference on World Wide Web.
2001:285-295.

[5] HE X,LIAO L,ZHANG H.et al. Neural Collaborative Filtering
[C] // Proceedings of the 26th International Conference on
World Wide Web. 2017.:173-182.

[6] HE X.DENG K.WANG X.et al. Lightgen:Simplifying and
powering graph convolution network for recommendation [C]//
Proceedings of the 43rd International ACM SIGIR Conference
on Research and Development in Information Retrieval. 2020
639-648.

[7] WANG X,HE X,WANG M, et al. Neural Graph Collaborative
Filtering [ C]// Proceedings of the 42nd International ACM SI-
GIR Conference on Research and Development in Information
Retrieval. 2019:165-174.

[8] WU J.WANG X,FENG F,et al. Self-supervised Graph Learn-
ing for Recommendation [ C]//Proceedings of the 44th Interna-
tional ACM SIGIR Conference on Research and Development in
Information Retrieval. 2021:726-735.

[9] SUNJ,ZHANG Y,MA C,et al. Multi-graph convolution collab-
orative filtering [C] // 2019 IEEE International Conference on
Data Mining(ICDM). 2019:1306-1311.

[10] WU L,SUN P,FU Y,et al. A Neural Influence Diffusion Model
for Social Recommendation [ C]// Proceedings of the 42nd Inter-
national ACM SIGIR Conference on Research and Development
in Information Retrieval. 2019:235-244.,

[11] YU L,DU Q H,YUE B Y,et al. Survey of Reinforcement

Learning Based Recommender Systems[ ] ]. Computer Science,

2021,48(10):1-18.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

LIN Z,TIAN C,HOU Y,et al. Improving Graph Collaborative
Filtering with Neighborhood-enriched Contrastive
[C]//Proceedings of the ACM Web Conference 2022. 2022:
2320-2329.

GORI M,PUCCI A. ItemRank:a random-walk based scoring al-

Learning

gorithm for recommender engines [C]// Proceedings of the 20th
International Joint Conference on Artifical Intelligence. 2007 :
2766-2771.

BALUJA S,SETH R,SIVAKUMAR D, et al. Video suggestion
and discovery for youtube: taking random walks through the
view graph [ C]// Proceedings of the 17th International Confer-
ence on World Wide Web. 2008:895-904.

KABBUR S, NING X,KARYPIS G. FISM: factored item simi-
larity models for top-N recommender systems [ C]// Proceedings
of the 19th ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining. 2013:659-667.

RENDLE S,FREUDENTHALER C,GANTNER Z,et al. BPR:
Bayesian personalized ranking from implicit feedback [C]//Pro-
ceedings of the Twenty-Fifth Conference on Uncertainty in Ar-
tificial Intelligence. 2009:452-461.

L1J,ZHOU P,XIONG C,et al. Prototypical contrastive learning
of unsupervised representations [J]. arXiv:2005,04966,2020.
LIANG M X,WANG S,ZHU J W,et al. Survey of Knowledge-
enhanced Natural Language Generation Research [ J/OL]. ht-
tps://www. jsjkx. com/CN/article/openArticlePDF. jsp? id =
21572.

GIORGI J,NITSKI O,WANG B,et al. Declutr:Deep contras-
tive learning for unsupervised textual representations [J]. arX-
iv:2006,03659,2020.

CHEN T,KORNBLITH S,NOROUZI M,et al. A simple
framework for contrastive learning of visual representations
[C]//Proceedings of the 37th International Conference on Ma-
chine Learning. 2020.

GRILL ] B,STRUB F, ALTCHE F,et al. Bootstrap your own
latent-a new approach to self-supervised learning [J]. Advances
in neural information processing systems, 2020, 33: 21271-
21284,

HE K M,FAN H Q,WU Y X.,et al. Momentum Contrast for
Unsupervised Visual Representation Learning [ C] // Procee-
dings of the IEEE Computer Society Conference on Computer
Vision and Pattern Recognition. 2020:9726-9735.

CESAR L B, CALLEJO M A M, CIRA C 1. Bidirectional En-
coder Representation from Transformers (BERT) Variants for
Procedural Long-Form Answer Extraction [ J]. Engineering Pro-
ceedings,2022,39(1) . 71-76.

CARLSSON F,GYLLENSTEN A C,GOGOULOU E,et al. Se-
mantic Re-tuning with Contrastive Tension [ C] // International
Conference on Learning Representations. 2021:157-169.

OORD A V D,LI Y,VINYALS O. Representation Learning
with Contrastive Predictive Coding [J]. arXiv:8070,3748,2018.
HAMILTON W L, YING R, LESKOVEC J. Inductive represen-
tation learning on large graphs [ C]// Proceedings of the 31st In-

ternational Conference on Neural Information Processing Sys-



148

Computer Science THEMFI2:  Vol. 52,No. 5, May 2025

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

tems. 2017:1025-1035.

RADFORD A,KIM J] W,HALLACY C,et al. Learning Trans-
ferable Visual Models From Natural Language Supervision
[C]// Proceedings of the 38th International Conference on Ma-
chine Learning. 2021:8748-8763.

LU J,BATRA D,PARIKH D,et al. VILBERT:Pretraining
Task-Agnostic Visiolinguistic Representations for Vision-and-
Language Tasks [C]// Neural Information Processing Systems.
2019:13-23.

CHEN D,SONG H Z,ZHANG J,et al. Entity Recognition Fu-
sing BERT and Memory Networks[ J]. Computer Science,2021,
48(10):91-97.

LIN Z,TIAN C,HOU Y,et al. Improving Graph Collaborative
Filtering with Neighborhood-enriched Contrastive Learning
[C]//Proceedings of the ACM Web Conference. 2022;: 2320-
2329.

WANG X,JIN H,ZHANG A, et al. Disentangled Graph Collab-
orative Filtering [ C] // Proceedings of the 43rd International
ACM SIGIR Conference on Research and Development in Infor-
mation Retrieval. 2020:1001-1010.

MOON T K. The expectation-maximization algorithm [J]. IEEE
Signal processing magazine,1996,13(6) :47-60.

HARPER F M,KONSTAN J A. The MovieLens Datasets [J].
ACM Transactions on Interactive Intelligent Systems ( TIIS),
2015,5(4) :1-19.

MCAULEY J, TARGETT C,SHI Q. et al. Image-Based Recom-
mendations on Styles and Substitutes [ C] // Proceedings of the
38th International ACM SIGIR Conference on Research and De-

[35]

[36]

[37]

velopment in Information Retrieval. 2015:43-52.

CHO E,MYERS S A, LESKOVEC ]J. Friendship and mobility:
user movement in location-based social networks [ C]// Proceed-
ings of the 17th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. 2011:1082-1090.
ZHAO W X,CHEN J,WANG P,et al. Revisiting Alternative
Experimental Settings for Evaluating Top-N Item Recommenda-
tion Algorithms [ C] // Proceedings of the 29th ACM Interna-
tional Conference on Information & Knowledge Management.
2020:2329-2332.

YOU Y,CHEN T,SUI Y,et al. Graph contrastive learning with
augmentations [ C]// Proceedings of the 34th International Con-

ference on Neural Information Processing Systems. 2020,

WU Pengyuan, born in 1999, master,is a
member of CCF (No. R7041G). His
main research interests include graph
neural networks and recommendation

algorithm.

FANG Wei, born in 1980, Ph.D, profes-
sor, Ph. D supervisor, is a member of
CCF(No. 39532M). His main research

interests include evolutionary algorithm

and swarm intelligence.

CGRAT g% AT 4D





