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Graph Structured Data is Ubiquitous

Trafflc Network

Ridgefi Leoman 1/
idgefi/ /i /
c Tet’e\rbor:>‘+ . Par y
Ip0 Fort Lee:
dgefield

Cliffside |
Park

Social Network Knowledge Graph

g Long
\*": Cit

Internet of Things

Ty GC
A? il
2
E\:/]/mmn\\g
m

.Ha




I——— T
Graph Neural Networks

- GNNs generally adopt a neighborhood aggregation paradigm.
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- Most famous GNNs are trained end-to-end with task-specific labels,
which could be extremely scarce for some graph datasets.
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Self-supervised Learning on Graphs

- Graph Contrastive Learning
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Disentangled Graph Contrastive Learning

- The formation of a graph is typically driven by many latent factors.
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- Existing methods characterize graphs as a perceptual whole.

- The learned representations contain a mixture of entangled factors.
- They may lead to suboptimal performance and harm the explainability.



Model Framework
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Experimental Results

- Graph classification performance

MUTAG PTC-MR PROTEINS NCH IMDB-B IMDB-M RDT-B RDT-M5K COLLAB og bg-mol hiv
SP 852424 582424 751405 730402 556402 38.0+03 64.140.1 39.6+0.2 = 716 74.6
GK 817421 573414 717406 623403 659410 439404 773402 41.0+02  72.8+03 NS W= DGCL Jalc '
WL 807430 580405 729+0.6 80.0+0.5 723434 47.0+40.5 688404 46.1+0.2 - o mss  GraphCL 73.2
DGK 874427 60.142.6 733408 803405 67.040.6 44.6+05 780404 413402  73.140.3
MLG 879416 633+1.5 761420 80.8+13 66.6+03 41.2+0.0 - - - /2
node2vec 72.6+102 58.6+8.0 575436 549+16 = = — < = -
sub2vec  61.1+158 60.0+6.4 530456 528415 553415 367408 715404 36.7+0.4 = <
graph2vec 832493 602469  733+2.1 732418 71.1405 504409 758+1.0 47.9403 = '
GVAE  87.740.7 61.2+18 - _ 707407 493404 87.140.1 52.8+0.2 - O
InfoGraph 89.0£1.1 617414 744403  762+1.1 73.0409 497+0.5 825+14 535410 70.7+1.1 O
GCC - - - _ 72.0 49.4 89.8 53.7 78.9 o
MVGRL  89.7+1.1  62.5+1.7 - - 742407 512+0.5 84.5+0.6

GraphCL  86.8+1.3  63.6+1.8 744+05  77.9+04 71.1£04 50.7+£04 89.5+0.8 56.0+0.3  71.4+1.2
DGCL 92.1+0.8 65.8+1.5 76.4+0.5  81.9+0.2 75.9+0.7 51.9+04 91.8+0.2 56.1+0.2  81.2+0.3
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Experimental Results

- Feature correlation analysis
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Conclusions

- This paper proposes a disentangled graph contrastive learning
method.

- This paper proposes a disentangled graph encoder and factor-
wise contrastive learning approach.

- Extensive experiments demonstrate the superiority of the method.
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