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Figure 1: Training curves (training loss and testing recall) of NGCF and its three simplified variants.
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Figure 2: An illustration of LightGCN model architecture.
In LGC, only the normalized sum of neighbor embeddings
is performed towards next layer; other operations like

|_| g htG C N E/J *% dl_Ji{’J\ /D_l = X jj m self-connection, feature transformation, and nonlinear
activation are all removed, which largely simplifies GCNs.
F $ [I If'i E ﬁ%)\% 7]~ E‘] W */ \ In Layer Combination, we sum over the embeddings at each

layer to obtain the final representations.
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/i LightGCN——Matrix Form
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Table 3: Performance comparison between NGCF and LightGCN at different layers.

Dataset Gowalla Yelp2018 Amazon-Book
Layer # | Method | recall | ndcg recall | ndcg recall | ndcg
1Layer NGCF 0.1556 0.1315 0.0543 0.0442 0.0313 0.0241
LightGCN | 0.1755(+12.79%) | 0.1492(+13.46%) | 0.0631(+16.20%) | 0.0515(+16.51%) | 0.0384(+22.68%) | 0.0298(+23.65%)
2 Layers NGCF 0.1547 0.1307 0.0566 0.0465 0.0330 0.0254
LightGCN | 0.1777(+14.84%) | 0.1524(+16.60%) | 0.0622(+9.89%) | 0.0504(+8.38%) | 0.0411(+24.54%) | 0.0315(+24.02%)
3 Layers -NGCF 0.1569 0.1327 0.0579 0.0477 0.0337 0.0261
LightGCN | 0.1823(+16.19%) | 0.1555(+17.18%) | 0.0639(+10.38%) | 0.0525(+10.06%) | 0.0410(+21.66%) | 0.0318(+21.84%)
4 Layers NGCF 0.1570 0.1327 0.0566 0.0461 0.0344 0.0263
LightGCN | 0.1830(+16.56%) | 0.1550(+16.80%) | 0.0649(+14.58%) | 0.530(+15.02%) | 0.0406(+17.92%) | 0.0313(+18.92%)

*The scores of NGCF on Gowalla and Amazon-Book are directly copied from Table 3 of the NGCF paper (https://arxiv.org/abs/1905.08108)
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Figure 3: Training curves of LightGCN and NGCF, which are evaluated by training loss and testing recall per 20 epochs on
Gowalla and Amazon-Book (results on Yelp2018 show exactly the same trend which are omitted for space).
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Table 4: The comparison of overall performance among
LightGCN and competing methods.

Dataset Gowalla Yelp2018 Amazon-Book
Method recall ndcg | recall ndcg | recall ndcg

NGCF 0.1570  0.1327 | 0.0579 0.0477 | 0.0344 0.0263
Mult-VAE 0.1641 0.1335 | 0.0584 0.0450 | 0.0407 0.0315
GRMF 0.1477  0.1205 | 0.0571 0.0462 | 0.0354 0.0270
GRMF-norm | 0.1557 0.1261 0.0561 0.0454 | 0.0352 0.0269
LightGCN 0.1830 0.1554 | 0.0649 0.0530 | 0.0411 0.0315




/i Ablation and Effectiveness Analyses——Layer Combination
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Figure 4: Results of LightGCN and the variant that does not use layer combination (i.e., LightGCN-single) at different layers
on Gowalla and Amazon-Book (results on Yelp2018 shows the same trend with Amazon-Book which are omitted for space).
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Ablation and Effectiveness Analyses——Symmetric Sqrt Normalization

Table 5: Performance of the 3-layer LightGCN with different
choices of normalization schemes in graph convolution.

Dataset Gowalla Yelp2018 Amazon-Book
Method recall ndcg | recall ndcg | recall ndcg

LightGCN-L1-L | 0.1724 0.1414 | 0.0630 0.0511 | 0.0419 0.0320
LightGCN-L{-R | 0.1578 0.1348 | 0.0587 0.0477 | 0.0334 0.0259

LightGCN-L4 0.159  0.1319 | 0.0573 0.0465 | 0.0361  0.0275
LightGCN-L 0.1589  0.1317 | 0.0619 0.0509 | 0.0383  0.0299
LightGCN-R 0.1420 0.1156 | 0.0521 0.0401 | 0.0252 0.0196
LightGCN 0.1830 0.1554 | 0.0649 0.0530 | 0.0411 0.0315

Method notation: -L means only the left-side norm is used, -R means only
the right-side norm is used, and -L; means the L; norm is used.
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