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Problems:
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Way to enable contrasitive learning:

Node - Node
Node - Graph
Node - Subgraph

Edge Drop
Node Drop
Random walk

Neural Graph Collaborative Filtering*

User-Item Interaction Graph
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Method i ﬂlﬁifﬁ |
Learning Graph Representations
{X, eRF |veV} WRRm
C=E) e cRF|ecB) h., initialized as hy” = X,
Graph Neural Networks (GNNs) HhHEErLESE X, HB—ARERE

fEBkkEfp: A = UPDATE® (hg“), AGGREGATE®) ({(hE,,’““”, Xuv) | u € Nv}))

vl 4 BRI 2 1 S BB R
ﬁﬂmizﬁﬁﬁéjxemm@ﬁ

f(G) :& hg = POOL({h{®) | v e V})
The Mutual Information Maximization Principle
InfoMax: mngI(G’; f(G)), where G ~ Pg
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pe ~ Bernoulli(w,)
d ~ Uniform(0,1)

AD-GCL: minmax I(f(G), f

pe = Sigmoid

(1og(5) —log(1— &) + we)
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EaEXEmM InfoMax: maxI(G; f(G)), where G ~ Pg
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AD-GCL: minmax I(f(G); f(t(G))), where G ~ Pg,t(G) ~ T(G)
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Edge- dropplng Instantiation X Dropped Edges N | T— )

exp(sim(zi 1, zi o ) ke M MBRKER 2RI RDIERHEE 1
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AL S 2 P R AE 55
Dataset NCII PROTEINS MUTAG DD COLLAB RDT-B RDT-MSK IMDB-B IMDB-M
F-GIN =gt 7827+135 7239+£276 9041461 7487356 | 7482092 86.79+204 5328317 T71.83+£193 4846 + 231
% RU-GIN |72 6298 +0.10 69.03+033 87614039 74224030 | 6308010 5897+0.13 2752+061 51.86+033 32.81+057
% InfoGraph E 68.13 £0.59 72574065 87714177 7523+£039 | 70.35+0.64 78.79+214 S51.11+055 71.11+0.88 48.66 + 0.67
FIX-E S5 @ GraphCL _24' 68.54 +£0.55 7286+ 1.01 8829+ 131 7470+£0.70 | 71.26 £0.55 8263 099 53.05+040 70.80+0.77 4849 + 0.63
gi’ll‘)_—{?k%%a ; NAD-GCL-FIX  69.23 £0.60 7281 4+0.71 88584+ 1.58 74.55+055 | 71564058 8341 +066 5272+£071 7094+0.77 4833+ 047
AD-¥#Hi < NAD-GCL-OPT 69304032 73.18+£0.71 89.05+1.06 74554055 | 72044067 83.74+076 5343+026 71.94+£059 49.01 +093
¢ AD-GCL-FIX 69.67 + 0.51* 73.59+0.65 89.25+145 74491052 | 73.32+0.61* 8552+ 0.79* 53.00+£0.82 T1.57+1.01 49.04 +0.53
[6 AD-GCL-OPT 69.67 + 0.51* 73.81 + 0.46* 89.70 £ 1.03 75.10+£0.39 | 73.32 + 0.61* 85.52 + 0.79* 54.93 +0.43* 72.33 +0.56* 49.89 + 0.66* J
P25 7 BUSUR P BN U 557 2
Task Regression (Downstream Classifier - Linear Regression + L2) Classification (Downstream Classifier - Logistic Regression + L2)
Dataset molesol mollipo molfreesolv ZINC-10K molbace molbbbp molclintox moltox21 molsider
Metric RMSE (shared) (]) MAE (}) ROC-AUC % (shared) (1)
F-GIN 1.173 £0.057  0.757 £0.018  2.7554+0.349 | 0254 £0.005 | 7297 £4.00 68.17 £ 148 88.14 251 7491051 57.60+ 140
% RU-GIN .72- 1.706 £ 0.180  1.075+=0.022 75262119 | 0.809 £0.022 | 75.07£2.23 6448 £2.46 7229=x4.15 71.53x£0.74 62.20+1.12
% InfoGraph ﬁ 1.344 £ 0.178  1.005 =0.023  10.005 £4.819 | 0.890 £ 0.017 | 7474 £3.64 6633 £2.79 64.50=532 69.74+0.57 60.541+0.90
& GraphCL [24 1.272 +0.089 0910 +0.016  7.679+2748 | 0.627+0.013 | 7432+£270 6822+189 7492+442 7240+1.01 61.76 +1.11
\ NAD—GCL-_FTX 1.392 £0.065 0952 £0.024 5840+ 0.877 | 0.609 +0.010 | 73.60+£2.73 66.124+1.80 73.32+£3.66 71.65+0.94 6041+ 1438
;-E NAD-GCL-OPT 1242 +0.096  0.897 £0.022  5.840 £ 0.877 | 0.609 £ 0010 | 73.69 £3.67 6770+ 1.78 74404+492 71.65+0.94 61.14+143
{E AD-GCL-FIX 1.217 £ 0.087  0.842 + 0.028* 5.150 £ 0.624* | 0.578 + 0.012* | 76.37 =2.03 68.24 + 1.47 80.77 £3.92 7142+0.73 63.19 +0.95 J‘
S AD-GCL-OPT 1.136 = 0.050*  0.812 = 0.020*  4.145 + 0.369* | 0.544 + 0.004* | 77.27 +2.56 69.54 + 1.92 80.77 + 3.92 7292 + 0.86 63.19 + 0.95
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Experiments

EBEIERE (LSS TR BN

Pre-Train Dataset ZINC 2M PPL-306K

Fine-Tune Dataset BBBP Tox21 SIDER ClinTox BACE HIV MUV ToxCast PPL

No Pre-Train 65.8+45  740+08 573+16 S80+44  701+54  753+£19  71.8+25 634106 | 64810

EdgePred 67.31t24 76.0 + 0.6 604 +0.7 64.1 = 3.7 799+ 09 763 £ 1.0 T4.1 £+ 2.1 64.1+ 0.6 65.7+13

AttrMasking 64.3+28 T76.7+ 04 61.0+0.7 71.8 +£4.1 793+ 16 T7.2+ 1.1 T4.7 + 1.4 4.2 +05 652+ 16

ContextPred 6R.0+20 75.7+07 6.9 = 0.6 659 + 3.8 T96+1.2 773+ 1.0 758 +£ 1.7 639 +0.6 644+ 13

InfoGraph m 68.8 = 0.8 753105 584+ 08 69.9 £3.0 75916 76.0 + 0.7 153125 62.7 04 64115

GraphCL [24 6968 +067 T3B8T+066 6053+088 7599+265 7538+144 T847+122 698+266 6240+057 | 67.88 + 085

AD-GCL-FIX T0.01 £1.07 7654+ 082 63.28+0.79 79.78 +3.52 7851 +080 7828+097 7230+1.61 63.07+072 | 68.83+ 1.26

Our Ranks 1 2 1 1 4 2 5 5 1

FWEEI R

Dataset NCI1 PROTEINS DD COLLAB RDT-B RDT-M5K
No Pre-Train 7372 +£024 70404+ 1.54 7356+ 041 | 73.71+£027 86.63 +027 51.33+044
SS-GCN-A 7359 +032 7029 +064 7430+081 | 74.19+0.13 87.74+039 52.01 +020 REERRE
GAE E 7436 + 024 7051 +0.17 7454+068 | 75.09+0.19 87.69+040 5358+ 0.13 btk il 25
InfoGraph [18] 74.86 £0.26 7227040 7578=034 | 7376029 88.66=095 53.61 =031 CAVE 2L IS
GraphCL [24] 7463 +025 74.17+034 76.17+137 | 7423 +021 89.11 +£0.19 5255+ 0.45 VEEMREE
AD-GCL-FIX  75.18 +0.31 7396 =047 7791 +0.73" | 7582 +£0.26* 90.10 + 0.15* 53.49 +0.28
Our Ranks 1 2 | | 1 3
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