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Executive Summary
• Design Principles:

- Workload-Balanced Efficient Partition
- Fusion Workload Aware Format
- Shared Memory Aware Grouping

• Compared to SOTA Designs:
- 2.25x-3.39x end-to-end speedup over DGL/PyG on average
- 3.31x kernel-wise speedup over cuSPARSE on average
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• Background and Motivation
• Challenges and Solutions
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- Writing conflicts: Shared Memory Aware Grouping

• Experiments
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• Various GNN applications
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Social Network Drug Discovery Power Grid

Point Cloud Recommendation System Financial Service



• A prospective branch of GNN
- Capability of representing high-order structure
- Higher performance
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• Fusion benefits a lot in
- Saving memory accesses
- Eliminating the temporary tensor
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• Efficient fusion is hard for hypergraph neural networks
- Variable shape
- Sparse data attribute

• Sparse tensor
• Imbalance
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Challenge 1: Inefficient Partition
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• Edge-split workload balance partition 
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Solution 1
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Challenge 2: Workload-Agnostic format
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• Workload-aware data format
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• Workload-aware data format-Example

Computational Storage

Solution 2
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Challenge 3: Heavy atomics operations

Overlapping

Source partitions Destination 
partitions



• Shared-memory-aware grouping
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• Baselines
- PyG 2.0, DGL 0.9
- cuSPARSE (CUDA 11.3)

• Models
- HGNN(AAAI’19)
- UniGNN(IJCAI’21)

• UniGIN
• UniGCNII

• Platforms
- NVIDIA 3090 GPU (CUDA 11.3)
- Intel Xeon Silver 4210, Ubuntu 20.04 

• Datasets
- Datasets from [Allset (ICLR’22)]
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Experimental Setup

HGNN UniGIN UniGCNII
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Overall Performance

• 2.25x-3.39x end-to-end speedup 
over DGL/PyG on average

• 3.31x kernel-wise speedup over 
cuSPARSE on average



HyperGef

Ablation Study

• 39% global memory access average
saving compared to cuSPRARSE-based 
SpMM

• 1.53× average speedup brought by 
edge-split partition

• Kernels using shared memory exhibit better 
performance compared to those without shared 
memory grouping. In the overall kernel, we tune 
the threshold parameter 𝑔! to get the best 
configuration.



Summary

Page 26

• The first framework targets HypergraphNN acceleration on GPU
• Make fusion kernel efficient on HypergraphNN

- Workload-Balanced Efficient Partition
- Fusion Workload Aware Format
- Shared Memory Aware Grouping

• Significant Performance Gains
- 2.25x-3.39x end-to-end speedup over DGL/PyG on average
- 3.31x kernel-wise speedup over cuSPARSE on average

Github Code

https://github.com/fishmingyu/HyperGef
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