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GCL Methods

Graph Collaborative Filtering

User/item embeddings
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VAE(Variational Auto-Encoder) G RALE
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VAE(Variational Auto-Encoder)

--------------------------- Ideally they are identical. ~ ~---------------------
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VAE(Variational Auto-Encoder)
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VAE(Variational Auto-Encoder)
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Variational Graph Reconstruction
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Variational Graph Reconstruction
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Contrastive Learning
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Algorithm

Algorithm 1: The Algorithm of VGCL

Input: user-item bipartite graph G;

Output: Parameters Ogyn = E® and Oy p = [W, b];
1: Randomly initialize parameters ©gnn and Oy p ;
2: while not converged do

3:

Sample a batch of training data;

4:  Calculate graph inference parameters y and o (Eq.(12) to
Eq.(13));
5:  Estimate node distribution Z by parameterization (Eq.(14));
6:  Generate contrastive instances Z’ and Z’’ by multiple
samplings (Eq.(17), Eq.(18));
7. Compute prototypes C, and C, based on K-Means
clustering algorithm;
8:  Compute node-level contrastive loss LN (Eq.(19));
9:  Compute cluster-level contrastive loss L (Eq.(23), Eq.(24));
10:  Compute variational graph reconstruction loss
Lerso (Eq.(26));
11:  Update all parameters according to (Eq.(28));
12: end while

13: Return Ognn = E® and ©pq1p = [W, b].
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Table 2: Recommendation performances on three datasets. The best-performing model on each dataset and metrics are
highlighted in bold, and the second-best model is underlined.

Douban-Book Dianping Movielens-25M
R@10 | N@10 | R@20 | N@20 | R@10 | N@10 | R@20 | N@20 | R@10 | N@10 | R@20 | N@20
BPR-MF 0.0869 | 0.0949 | 0.1296 | 0.1045 | 0.0572 | 0.0443 | 0.0934 | 0.0557 | 0.2152 | 0.2011 | 0.3163 | 0.2343
LightGCN | 0.1042 | 0.1195 | 0.1516 | 0.1278 | 0.0679 | 0.0536 | 0.1076 | 0.0660 | 0.2258 | 0.2192 | 0.3263 | 0.2509
Multi-VAE | 0.0941 | 0.1073 | 0.1376 | 0.1155 | 0.0645 | 0.0508 | 0.1046 | 0.0632 | 0.2188 | 0.2101 | 0.3185 | 0.2418

Models

CVGA 0.1058 | 0.1305 | 0.1492 | 0.1359 | 0.0719 | 0.0562 | 0.1128 | 0.0690 | 0.2390 | 0.2306 | 0.3454 | 0.2641
SGL-ED 0.1103 | 0.1357 | 0.1551 | 0.1419 | 0.0719 | 0.0560 | 0.1111 | 0.0686 | 0.2298 | 0.2239 | 0.3274 | 0.2541
NCL 0.1121 | 0.1377 | 0.1576 | 0.1439 | 0.0727 | 0.0571 | 0.1124 | 0.0701 | 0.2281 | 0.2222 | 0.3274 | 0.2531

SimGCL 0.1218 | 0.1470 | 0.1731 | 0.1540 | 0.0768 | 0.0606 | 0.1208 | 0.0743 | 0.2428 | 0.2356 | 0.3491 | 0.2690
VGCL 0.1283 | 0.1564 | 0.1829 | 0.1638 | 0.0778 | 0.0616 | 0.1234 | 0.0757 | 0.2463 | 0.2400 | 0.3507 | 0.2725




EXPERIMENTS

Table 3: Ablation study of VGCL, VGCL-w/o C
the variational graph reconstruction part.

— Douban-Book
N@2!
LightGCN 0.1512(-) 0.1271
SimGCL 0.1731(14.48%) | 0.1540(+21
VGCL-w/o C | 0.1776(+17.46%) | 0.1575(+23
VGCL-w/o V | 0.1722(+13.89%) | 0.1547(+21
VGCL 0.1829(+20.97%) | 0.1638(+2¢
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Figure 3: Performance comparisons under different user groups.
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ELBO(Evidence Lower Bound)iE#E T~ 57
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Variational Graph Reconstruction
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