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[ Abstract] Traditional recommendation models based on contrastive learning first perform data augmentation on the
original interaction graph and then strive to improve the consistency of representations encoded from different
views. Although this method has been proven effective, recent research has found that graph augmentation often
introduces bias owing to the power-law distribution of node edges in graph data: such biases are detrimental to
contrastive learning. In addition, the“graph structure distribution makes the processing of large-scale datasets
computationally intensive, limiting the flexibility of contrastive learning models. To address these challenges, this
study proposes a High-LLow Variance Separation feature enhancement method (HLVS), which not only avoids
direct perturbations to the graph structure but also alleviates the semantic bias problem that exists in traditional
feature perturbation methods. ‘Simultaneously, to alleviate the issue of popularity bias in recommendation systems,
popularity metrics are introduced into the main task, and a new loss function, Popularity Bayesian Personalized
Ranking (PBPR) loss, is designed to balance the representation of popular and unpopular nodes. Finally, by
integrating contrastive learning, HLVS, and PBPR, a lightweight and parameter-free graph contrastive learning
framework, eXtremely Simple Graph Contrastive Learning ( XSGCL), is designed, which can be naturally
integrated into recommendation models to improve training efficiency and performance. Extensive experiments on
five public datasets prove that integrating XSGCL into LightGCN not only significantly improves training efficiency
but also achieves a performance that is better or comparable to that of advanced models. For example, on the
Yelp2018 dataset, compared to LightGCN, the proposed model improves training efficiency by 91.2%. On the
Alibaba-iFashion dataset, Recall@10 and NDCG@10 indicators increase by 32.21% and 33.73%, respectively.
[Key words] recommendation system; contrastive learning; data augmentation; popularity bias; Graph Neural
Network (GNN); collaborative filtering
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Fig.1 Unified random perturbation and high-low variance separation feature enhancement
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Fig.2 Multi-channel contrastive learning architecture (using SimGCL as an example) and XSimGCL
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Table 1 Dataset statistics
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Table 2 Comparison of model recommendation accuracy
By B LightGCN  BUIR SelfCF NCL " DirectAU MixGCF SGL SimGCL  XSimGCL  XSGCL
Recall@10 0.1788 0.1058 0.1167 0.1745 0.0657 0.1762 0.1825 10.110:3 0.1827 0.1899
MovieLens NDCG@10 0.3020 0.1991 0.2153 0.3005 0.0927 0.3012 0.3103 0.1621 0.3158 0.3193
Recall@20 0.2706 0.1811 . 0.1973 0.2599 0.1062 0.2727 0.2746-0.2919 0.2919 0.2927
NDCG@20 0.3036:0.2131 0.2307 0.2942 0.1004 0.306 0 0.3097 0.3249 0.3274 0.3252
Recall@10 0.0975 /0.116 2° 0.054 3 0.1012 0.1005  0.1284 0.1225 0.1204 0.1192 0.1241
Douban-book NDCG@10 0.1149 01379 0.0607 0.1186 0.1136 0.1581 0.1445 0.1426 0.1437 0.1477
Recall@20 0.1492 0.0903 0.0847 0.1513 0.1351 0.1768 0.1709 0.1755 0.1794 0.177 3
NDCG@20 0.126 3 0.0711 0.0671 0.1230 0:1194...0.1624 0.1496 0.1525 0.1572 0.1535
Recall@10 0.0345 0.0407 0.0243 0.0344 0.0421 0.0409 0.0398 0.0431 0.0417 0.0428
Yelp2018 NDCG@10 0.0394 0.0467 0.0281 0.0396 0.0484 0.0469 0.0453 0.0492 0.0477 0.0486
Recall@20 0.0598 0.0435 0.0451 0.0675 0.0711 0.0694 0.0675 0.0724 0.0722 0.0726
NDCG@20 0.0491 0.0355 0.0368 ~0.0555 0.0589 0.0568 0.0555 0.0597 0.0596 0.0598
Recall@10 0.1382 0.1247 0.0407 0.1349 0.1228 0.1409 0.1554 0.1471 0.1464 0.1508
Amazon-Kindle NDCG@10 0.1027 0.0903 - 0.0265 0.0989 0.0882 0.1018 0.1161 0.1079 0.1086 0.1121
Recall@20 0.1888 0.0701 10.0628 0.1903 0.1748 0.2051 0.2063 0.2001 0.2059 0.2079
NDCG@20 0.1200 0.0381 0.0334 0.1181 0.1036 0.1253 0.1303 0.1252 0.1316 0.1323
Recall@10 0.0596 0.0615 0.0431 0.0625 0.0779 0.0778 0.0755 0.0678 0.0784 0.0785
AlibabaiFashion NDCG@10 0.0338 0.0356 0.0236 0.0351 0.0452 0.0446 0.0434 0.0398 0.0448 0.0452
Recall@20 0.0883 0.0709 0.064 0.0914 0.1130 0.1127 0.1099 0.1149 0.1034 0.1147
NDCG@20 0.0409 0.0316 0.0285 0.0429 0.0548 0.0544 0.0525 0.0548 0.0488 0.054 6
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Table 3 Comparison of training efficiency
. - qﬂ% L%l Ullé‘!ﬁ‘é\ HFER/
18] /s Lot AFIE] /s %
LightGCN 5.3 227 1203 58.8
SGL 12.5 45 563 119
MovicLens™ ‘SimGCL 121 137 1658  70.1
XSimGCL 6.6 70 462 7.4
XSGCL 6.2 80 196 —
LightGCN ~ 35.1 296 10390  91.2
SGL 82.4 26 2142 57.1
Yelp2018  gimGCL 84.0 17 1428  35.7
XSimGCL 38,5 28 1077 14.8
XSGCL  38.3 24 918
LightGCN  159.2 76 12099  84.0
Alibaba SGL  263.1 14 3683  47.5
Fashiog > SmGCL 2714 9 2443 20.8
XSimGCL  167.0 17 2839 319
XSGCL  161.2 12 1934 —
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Fig.4 Comparison of the ability to recommend long tail items
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Fig.5 Performance comparison of different models in different interaction density scenarios
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