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Introduction and Problem
Setup



Setup

One graph
All nodes have features
Some nodes are labeled

Need to predict labels for
other labels

Split: 10% train, 10% val,
80% test
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Graph SSL Methods



Key approaches

Contrastive methods

Generative (self-prediction) methods



GRACE

Original features

G=(X,A) Corrupted features

Positive pairs

<--—-= Negative pairs (intra-view)

<---> Negative pairs (inter-view)

Zhu, Yangiao, et al. "Deep graph contrastive representation learning." arXiv preprint arXiv:2006.04131 (2020). 8



BGRL

Thakoor, Shantanu, et al. "Large-scale representation learning on graphs via bootstrapping." arXiv preprint arXiv:2102.06514 (2021).
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Hou, Zhenyu, et al. "Graphmae: Self-supervised masked graph autoencoders."” Proceedings of the 28th ACM SIGKDD conference on 0

knowledge discovery and data mining. 2022.



MaskGAE
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Li, Jintang, et al. "What's behind the mask: Understanding masked graph modeling for graph autoencoders." Proceedings of the 29th

ACM SIGKDD Conference on Knowledge Discovery and Data Mining. 2023. 1



Our Current Results



Evaluation Setup
Diverse datasets
Architecture enhancements
Hyperparameter tuning

Unified setup

Luo, Yuankai, Lei Shi, and Xiao-Ming Wu. "Classic gnns are strong baselines: Reassessing gnns for node classification." arXiv preprint arXiv:2406.08993
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Evaluation

Metrics
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Analysis Setup

Real graph with synthetic features
(features are possibly independent of graph)

MLP-probing on top of GNN embeddings

Measure quality of reconstruction of features, edges
and probably other characteristics



Analysis Results

GRACE and BGRL with StrucAug improve feature
reconstruction and vice versa for FeatAug

GraphMAE improves feature reconstruction

MaskGAE improves edge reconstruction



GraphRec (Working Title)

Use both features and structure in generative method

Simply combining MaskGAE and GraphMAE
already outperforms them

With further improvements becomes SOTA



Summary

* Graph SSL is a useful
approach for tasks with low
label ratio

« Always remember to properly
tune baselines

« Combining both features and
graph structure in SSL
objective can be crucial




