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input layer output layer
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T. N. Kipf and M. Welling, “Semi-supervised classification with graph convolutional networks,” ICLR, 2017.
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2008 Cora 2708 5429 1433
Citeseer 3327 4732 3703 6
Pubmed 19717 44338 500 3
2017 Reddit 232965 11606919 602 41
2020 Yelp 716847 6977410 300 100
ogbn-products 2449029 61859140 100 47
ogbn-papers100M 111059956 1615685872 - 172

Weihua Hu, et al, “Open Graph Benchmark: Datasets for Machine Learning on Graphs,” NeurlPS 2020
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Feature Vector

[nput Sampling Aggregation | Combination
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Xin Liu, et al, “Sampling methods for efficient training of graph convolutional networks: a survey,” IEEE CAA J. Autom. Sinica (2022)
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¢ EKFBik P =R E ( node-wise )
¢ TEXREFT=HAGIZE (layer-wise)
¢ BEFFEHFAGZE (subgraph-based )
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1. Sample neighborhood 2. Aggregate feature information
from neighbors

¢ PinSAGE : S3RIBXEEEAIL-hopsB

label

3. Predict graph context and label

using aggregated information
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W. L. Hamilton, R. Ying, and J. Leskovec, “Inductive representation learning on large graphs,” NIPS, 2017

R. Ying, R. He, et al, “Graph convolutional neural networks for web-scale recommender systems,” SIGKDD, 2018
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J. Chen, J. Zhu, and L. Song, “Stochastic training of graph convolutional networks with variance reduction,” ICML, 2018
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J. Chen, T. Ma, and C. Xiao, “Fastgcn: Fast learning with graph convolutional networks via importance sampling,” ICLR, 2018
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W. Huang, T. Zhang, Y. Rong, and J. Huang, “Adaptive sampling towards fast graph representation learning,”
Advances in Neural Information Processing Systems, 2018 18/24
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|Cluster-GCN

4 Motivation
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W.-L. Chiang, X. Liu, S. Si, Y. Li, S. Bengio, and C.-J. Hsieh,
“Cluster-gcn: An efficient algorithm for training deep and large graph convolutional networks,” SIGKDD, 2019 9y /24
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1. EREEFARIIFIEXSE I cluster
2. B batchFEiEgaT 1 cluster , #HaFE ( BFcluster[BJRUER )

3. EFEERERAGCN
21/24



¢ =1RHESR (XlR. B)
1. LISBEERERERTAESIRI2EAL ( FastGCN ) MRS , AR FHE
2. LA ERORISATOIERIEL | BT E
3. BEWLNE  BEERALFE

H. Zeng, H. Zhou, A. Srivastava, et al, “GraphSAINT: Graph sampling based in- ductive learning method,” ICLR, 2020. /
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