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Summary

Challenge 1: Large hypergraphs cannot be entirely loaded into GPU memory.

e Solution: we use hypergraph partitioning to divide the large hypergraph into
smaller partitions.

e Challenge 2: Information loss (e.g., split hyperedges) can be caused by partitioning.

e Solution: we use contrastive learning and propose two additional techniques.

* Goal: to find high-quality node representations on large-scale hypergraphs
* Previous Work:
* Limited downstream tasks: A few single-entity level downstream tasks have
been used to evaluate the hypergraph neural network models.
 Small-scale benchmark datasets: The evaluation of current hypergraph neural
network models has been limited to small datasets (10k-scale). o
* Underdeveloped training strategy for large-scale hypergraphs: Most of the
current hypergraph learning approaches are not scalable.
 Contributions:
* We present two new pair-level prediction tasks.
* We construct and publicly release two large-scale hypergraph datasets.
 We propose PCL (Partitioning-based Contrastive Learning), a scalable
contrastive learning method for hypergraph neural networks (HNNs). ~>

We propose PCL (Partitioning-based Contrastive Learning)

* We first divide input hypergraphs into several partitions.

 Then, we train the HNN encoder via contrastive learning, by regarding each
partition as a mini-batch of CL.
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Background: Hypergraph & Contrastive Learning
 We propose two additional tools for PCL to mitigate information loss.

* Hypergraph: A set of hyperedges that allow e P-10S: Partitioning-technique that recovers lost topological information.

containing any number of nodes * PINS: CL-technique that encourages the encoder to learn inter-partition
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* Previous research on hypergraph contrastive learning has a scalability issue when
dealing with large-scale hypergraphs.

Concept of P-10S Concept of PINS

Traditional contrastive learning paradigm
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* Goal: To predict whether given two hyperedges are split from one or not
* Application: researcher disambiguation, user identification
* Task2: Local Clustering
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