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Details:

The graph structures generated from
before may be suboptimal.

Maximizing the mutual information in
the contrastive learning may push the
representations of different views to
capture wrong information.
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00O : User’ s Interacted items
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Figure 1: A possible illustration of some user’s
interactions and preference. Dotted circles de-
note possible augmentation representations.
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Figure 2: The overview the CGI framework. We integrate both the node-dropping and edge-dropping
views together for a more comprehensive representation, though they can be applied separately.
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Figure 2: The overview the CGI framework. We integrate both the node-dropping and edge-dropping
views together for a more comprehensive representation, though they can be applied separately.
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G\ = {{vi @ Y | v; € V}, €}, 8)

Gepy = V. {ei; © pl) | eij € £}, 9)

W = MLP(el"); w = MLP([e{";e"]). (10)

gD

EV, = GCN(ES Y, 60,), EY, = GON(ELLY, 65)), (12)
p = o((loge — log (1 — €) +w)/7), (1)
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Figure 2: The overview the CGI framework. We integrate both the node-dropping and edge-dropping
views together for a more comprehensive representation, though they can be applied separately.
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views together for a more comprehensive representation, though they can be applied separately.
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Table 1: Comparison among models. Boldface denotes the highest score and underline indicates the
best result of the baselines.

Mme

Model Yelp2018 MovieLens-1M
NDCG@10 RECALL@10 NDCG@20 RECALL@20 | NDCG@10 RECALL@10 NDCG@20 RECALL@20
BPRMF 0.0138 0.0209 0.0191 0.0373 0.1225 0.1376 0.1407 0.1882
NCF 0.0224 0.0356 0.0289 0.0566 0.1430 0.1546 0.1576 0.2027
NGCF 0.0242 0.0384 0.0319 0.0629 0.1462 0.1651 0.1667 0.2285
LightGCN 0.0344 0.0530 0.0445 0.0850 0.1696 0.1865 0.1863 0.2420
DNN+SSL 0.0217 0.0344 0.0286 0.0564 0.1096 0.1238 0.1250 0.1714
SGL 0.0367 0.0552 0.0473 0.0891 0.1800 0.1965 0.1972 0.2520
CGI | 0.0392 0.0584 0.0501 0.0932 | 0.1979 0.2180 0.2152 0.2772
Improv. +6.82% +5.90% +5.93% +4.58% +9.95% +1091% +9.13% +9.97%
p-value 1.29e-3 3.53e-3 7.00e-4 3.5%-4 8.89e-4 4.22e-4 4.83e-4 5.07e-5
Model Douban
NDCG@10 RECALL@10 NDCG@20 RECALL®@20

BPRMF 0.0496 0.0526 0.0516 0.0613

NCF 0.0694 0.0706 0.0659 0.0734

NGCF 0.0794 0.0823 0.0784 0.0897

LightGCN 0.0862 0.0876 0.0845 0.0940

DNN+SSL 0.0712 0.0738 0.0703 0.0804

SGL 0.0912 0.0906 0.0910 0.1012

CGlI | 0.0991 0.1007 0.0979 0.1119

Improv. +8.69% +11.18% +7.55% +10.55%
p-value 1.99e-3 4.40e-3 1.52e-4 1.60e-4
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Model YCIP2018 YE|p2018 Movielens-1M
ode NDCG@10 RECALL®@I10 model model
- 0.05-1 mmm LightGCN == LightGCN
LightGCN 0.0344 0.0530 e SGL 0121 sGL
CGI 0.0392 0.0584 - CGl == CGI
SGL-ND 00356 00544 0.04 - 0.10 A
CGI-ND 0.0369 0.0569
SGL-ED 0.0367 0.0552 _ _ 0.08
CGI-ED 0.0379 0.0579 T 0.03 ©
Q Q
; o o
Model MovielLens-1M T 0.06
NDCG@10 RECALL@10 0.02 1
LightGCN 0.1696 0.1865 0.04
CGlI 0.1979 0.2180
SGL-ND 0.1765 0.1948 0.011
CGI-ND 0.1934 0.2119 0027
SGL-ED 0.1800 0.1965 '
1 2 3 4 5 1 2 3 4 5

Table 2: Comparison among models. Figure 3: Performance of different item groups
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Figure 4: Performance comparison over different noise
ratio. The bar represents the NDCG@ 10 and the line
represent the performance degradation ratio.

ATAI

Advanced Technique of

Artificial Intelligence

0.7 0040 0.0700
0.6 s GCL 00675
0,028 4
0.0650
0.5
ﬂ 0.4 g} 0,036 ~0.0625 éj
] o] F0.0600 =
g 0.3 a E
= . [-0.0575 o
02
L 0.0s50
0.1 0,032 4
. - 0.0525
0.0
0.030 - —L 00500

0 2500 5000 7500 10000 12500 15000
Training step

NDCGELD Recall@ll
Metric

Figure 5: Effect of Information Bottleneck
on Yelp2018
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Table 3: Performance with Other GNN variants.
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Model Yelp2018 Movielens-1M Douban
NDCG@10 Recall@10 NDCG@10 Recall@10 NDCG@10 Recall@10

GC-MC 0.0214 0.0278 0.1350 0.1491 0.0671 0.0739
SGL+GC-MC | 0.0218(+1.9%) 0.0281(+1.2%) | 0.1412(+4.6%)  0.1577(+5.8%) | 0.0687(+2.3%) 0.0762(+3.1%)
CGI+GC-MC | 0.0218(+2.1%) 0.0282(+1.7%) | 0.1422(+5.3%)  0.1585(+6.3%) | 0.0687(+2.3%) 0.0765(+3.5%)

NGCF 0.0242 0.0384 0.1462 0.1651 0.0794 0.0823
SGL+NGCF | 0.0260(+7.4%) 0.0418(+8.9%) | 0.1609(+10.1%) 0.1871(+13.3%) | 0.0833(+4.9%) 0.0857(+4.1%)
CGI+NGCF | 0.0272(+12.5%) 0.0431(12.1%) | 0.1660(%13.6%) 0.1937(+17.3%) | 0.0840(+5.7%) 0.0875(+6.3%)
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