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Abstract Graph contrastive learning is widely employed in recommender system due to its effectiveness in mitigating
data sparsity issue. However, most current recommendation algorithms based on graph contrastive learning start to
learn from only a single perspective, severely limiting the model’s generalization capability. Furthermore, the over-
smoothing problem inherent in graph convolutional networks also affects the model’s stability. Based on this, we
propose the multi-perspective graph contrastive learning recommendation method with layer attention mechanism. On
the one hand, this method proposes three contrastive learning approaches from two different perspectives. From a
view-level perspective, it constructs perturbation-enhanced view by adding random noise for the original graph and
employing singular value decomposition (SVD) recombination to establish SVD-enhanced view. It then performs
view-level contrastive learning on these two enhanced views. From a node-level perspective, it conducts contrastive
learning on candidate nodes and candidate structural neighbors using semantic information between nodes, optimizes
multi-task learning with three contrastive auxiliary tasks and a recommendation task to enhance the quality of node
embeddings, thereby improving the model’s generalization ability. On the other hand, in the context of learning for
user and item node embeddings by graph convolutional network, a layer attention mechanism is employed to
aggregate the final node embeddings. This enhances the model’s higher-order connectivity and mitigates the over-
smoothing issue. When compared with ten classic models on four publicly available datasets, such as LastFM,
Gowalla, Ifashion, and Yelp, the results indicate that this method achieves an average improvement of 3.12% in
Recall, 3.22% in Precision, and 4.06% in NDCG. This demonstrates the effectiveness of the approach proposed in this
work.
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Table 2 Information Statistics of Four Datasets

R2 AMBRENFEREITR

Hohu sk A% T H %k LHEL Wi /%
LastFM 1892 17632 92834 99.72
Gowalla 25557 19747 294983 99.94
Ifashion 31668 38048 618629 99.95
Yelp 29601 24734 1517326 99.79

1)LastFM”. 62 & & [ Last. fm 35 76 48 % 'R &
e P A A 2% | bR A R SR R IR E B
PR 28 045 o AR B TIORR . & AR ST AR
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Table 3 Performance Comparison on LastFM and Gowalla Datasets

% 3 LastFM #0 Gowalla ##E5& _FRI1EEERTLE

- LastFM Gowalla
R@10 R@50 P@I0 P@50 N@I0 N@50 R@I0 R@50 P@I0  P@50 N@I0 N@50
NGCF 0.1379 03236 0.0694 00325 0.1237 0.1905  0.1435 03287 0.0503 0.0246 0.1156 0.1681
LightGCN 0.1501 03428 0.0752 0.0345 0.1340 02039  0.1660 03794 0.0594 0.0290 0.1335  0.1942
IMP-GCN 0.1519 03435 0.0753  0.0345 0.1299 0.1995  0.1702 03753  0.0586 0.0279 0.1372  0.1958
SGL-ED 0.1702 03733  0.0848 0.0372 0.1488 02217  0.1782 03872 0.0636 0.0300 0.1438  0.2037
SGL-ND 0.1723 03734  0.0858 0.0374 0.1535 02265 0.1697 03577 0.0618 0.0285 0.1391 0.1931
SimGCL 0.1692 03707 0.0845 00372 01507 02238  0.1705 03864 0.0618 0.0299 0.1386 0.2001
HCCF 0.1664 03633 0.0820 00361 0.1467 02184  0.1729 03693 0.0611 0.0287 0.1386  0.1952
NCL 0.1739 03800 0.0861 0.0379 0.1539 02289  0.1773 03922 0.0633 0.0301 0.1427  0.2040
LightGCL 0.1705 03676  0.0849 0.0368 0.1518 02232  0.1745 03847 0.0616 0.0298 0.1393  0.1999
AutoCF 0.1769 03646 00867 00363 01552 02239 0.1788 03956 0.0641 0.0306 0.1446 0.2066
LA-MPGCL (#3C)  0.1811 03833 0.0902 0.0382 0.1624 02357  0.1888 0.4002 0.0679 0.0315 01536 0.2143

Hehese /% 237 0.87 4.04 0.79 4.64 2.97 5.59 1.16 5.93 2.94 6.22 3.73

e BAIRE AR SCHRS LA-AMPGCL (U8 FRfE, X LU B9 Fe (8 T RIZbR/R. Recall, Precision, NDCG 73 lf#i5 A R, P, N. HEAEIETHE LA-
BIT 2.37%.

MPGCL AN F i E P RE SR THF O, BN, 5 LastFM 4 R@10 $8FR, 7EXF BRI, AutoCF KM, LA-MPGCL 52 M,
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Table 4 Performance Comparison on Ifashion and Yelp Datasets
% 4 Tfashion 0 Yelp 303E 5 FHMEREXTEE
o Ifashion Yelp
R@I0 R@50 P@I0  P@50 N@I0  N@50 R@I0 R@50 P@I0  P@50 N@I0  N@50
NGCF 0.0393  0.1277 0.0251 00167 00370 00668  0.0472 0.1522  0.0455 0.0299 0.0572  0.0937
LightGCN 0.0443  0.1394 00275 00181 00414 00736  0.0505 01601 0.0478 0.0309 0.0610 0.0991
IMP-GCN 0.0473  0.1476 0.0304 00193 00456 00792  0.0510 0.1609 0.0486 00316 0.0619  0.1002
SGL-ED 0.0481 0.1460 0.0300 0.0191 00453 0.0783  0.0527 01617 0.0502 00312 0.0647 0.1019
SGL-ND 0.0454 01311 00289 00175 00432 00719  0.0577 0.1744 00541 00337 00698 0.1102
SimGCL 0.0500 01546 0.0314 00202 00472 0.0823  0.0542 01690 0.0522 00332 0.0663 0.1058
HCCF 0.0456 0.1416 0.0293 0.0189 0.0435 0.0758  0.0590 0.1783  0.0559 0.0348 0.0711 0.1121
NCL 0.0486  0.1517 0.0307 0.0197 00458 0.0804  0.0555 0.1743  0.0523 0.0337 0.0664 0.1078
LightGCL 0.0493  0.1483 0.0310 00196 00468 0.0802  0.0584 0.1785 0.0553 0.0346 0.0708  0.1120
AutoCF 0.0502 0.1541 00318 0.0201 00475 0.084 00642 01903 00602 00370 0.0771 0.1203
LA-MPGCL(ZE3)  0.0542 01623  0.0337  0.0211  0.0509 0.0871  0.0644 01935 0.0607 0.0373 0.0777 01218
PERESR T % 7.97 4.98 5.97 4.46 7.16 5.70 0.31 1.68 0.83 0.81 0.78 1.25
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Fig. 3 Comparison on each metric of the models on four datasets
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10 B 3 A~ F5 A5 1 A8 Ab 5 O, B A AN 7 B 3 2k ik
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¥8#5 Recall@N, Precision@N, NDCG@N(N X 10 1%, 50)
B S 7 L E I TP S SN 7 N o = W S =1

T E IR, LUK A NGCF B9 Recall@N 18 it
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Fig. 8 Visualization of the embedding distribution in LastFM
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