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Convolutional Neural Networks (CNNs)


are powerful in image classification

CNN



CNN

How to incorporate relationship


 among data samples?
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(e.g., co-purchase)
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Graph Convolutional Network (GCN)

the SOTA model for capturing relationship

5

5

GCN

[1] Kipf and Welling. Semi-supervised classification with graph convolutional networks. ICLR’17

(e.g., co-purchase)
CategoryImage + Relationship
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How to compute the embedding of node ?<latexit sha1_base64="z7LxThQIKHHIi/0dZnUkJqmiYsg=">AAAB/3icdVDLSgNBEJyNrxhfUY9eBoPgKWxE1GPQi8cEzAOSJcxOepMhszvLTK8Qlhw8e9Vv8CZe/RQ/wb9wNokQoxY0FFXddHf5sRQGXffDya2srq1v5DcLW9s7u3vF/YOmUYnm0OBKKt32mQEpImigQAntWAMLfQktf3ST+a170Eao6A7HMXghG0QiEJyhlepJr1iqlN0pqPuLfFslMketV/zs9hVPQoiQS2ZMp+LG6KVMo+ASJoVuYiBmfMQG0LE0YiEYL50eOqEnVunTQGlbEdKpujiRstCYcejbzpDh0Cx7mfinlymolDRLB2Bw5aUiihOEiM/2B4mkqGgWBu0LDRzl2BLGtbAvUD5kmnG0kRUWs/mfNM/KlYvyef28VL2ep5QnR+SYnJIKuSRVcktqpEE4AfJInsiz8+C8OK/O26w158xnDskPOO9fZguW3w==</latexit>u
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Graph Convolutional Network (GCN)

Input Features
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Graph Convolutional Network (GCN)

7

① Neighbor Aggregation
(e.g., average pooling)

How to compute the embedding of node ?<latexit sha1_base64="z7LxThQIKHHIi/0dZnUkJqmiYsg=">AAAB/3icdVDLSgNBEJyNrxhfUY9eBoPgKWxE1GPQi8cEzAOSJcxOepMhszvLTK8Qlhw8e9Vv8CZe/RQ/wb9wNokQoxY0FFXddHf5sRQGXffDya2srq1v5DcLW9s7u3vF/YOmUYnm0OBKKt32mQEpImigQAntWAMLfQktf3ST+a170Eao6A7HMXghG0QiEJyhlepJr1iqlN0pqPuLfFslMketV/zs9hVPQoiQS2ZMp+LG6KVMo+ASJoVuYiBmfMQG0LE0YiEYL50eOqEnVunTQGlbEdKpujiRstCYcejbzpDh0Cx7mfinlymolDRLB2Bw5aUiihOEiM/2B4mkqGgWBu0LDRzl2BLGtbAvUD5kmnG0kRUWs/mfNM/KlYvyef28VL2ep5QnR+SYnJIKuSRVcktqpEE4AfJInsiz8+C8OK/O26w158xnDskPOO9fZguW3w==</latexit>u

Input Features
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Graph Convolutional Network (GCN)

② Feature Update
(e.g., MLP)

How to compute the embedding of node ?<latexit sha1_base64="z7LxThQIKHHIi/0dZnUkJqmiYsg=">AAAB/3icdVDLSgNBEJyNrxhfUY9eBoPgKWxE1GPQi8cEzAOSJcxOepMhszvLTK8Qlhw8e9Vv8CZe/RQ/wb9wNokQoxY0FFXddHf5sRQGXffDya2srq1v5DcLW9s7u3vF/YOmUYnm0OBKKt32mQEpImigQAntWAMLfQktf3ST+a170Eao6A7HMXghG0QiEJyhlepJr1iqlN0pqPuLfFslMketV/zs9hVPQoiQS2ZMp+LG6KVMo+ASJoVuYiBmfMQG0LE0YiEYL50eOqEnVunTQGlbEdKpujiRstCYcejbzpDh0Cx7mfinlymolDRLB2Bw5aUiihOEiM/2B4mkqGgWBu0LDRzl2BLGtbAvUD5kmnG0kRUWs/mfNM/KlYvyef28VL2ep5QnR+SYnJIKuSRVcktqpEE4AfJInsiz8+C8OK/O26w158xnDskPOO9fZguW3w==</latexit>u

① Neighbor Aggregation

Input Features

(e.g., average pooling)
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Output embedding    can be fed to the next GCN layer
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Graph Convolutional Network (GCN)

② Feature Update
(e.g., MLP)

How to compute the embedding of node ?<latexit sha1_base64="z7LxThQIKHHIi/0dZnUkJqmiYsg=">AAAB/3icdVDLSgNBEJyNrxhfUY9eBoPgKWxE1GPQi8cEzAOSJcxOepMhszvLTK8Qlhw8e9Vv8CZe/RQ/wb9wNokQoxY0FFXddHf5sRQGXffDya2srq1v5DcLW9s7u3vF/YOmUYnm0OBKKt32mQEpImigQAntWAMLfQktf3ST+a170Eao6A7HMXghG0QiEJyhlepJr1iqlN0pqPuLfFslMketV/zs9hVPQoiQS2ZMp+LG6KVMo+ASJoVuYiBmfMQG0LE0YiEYL50eOqEnVunTQGlbEdKpujiRstCYcejbzpDh0Cx7mfinlymolDRLB2Bw5aUiihOEiM/2B4mkqGgWBu0LDRzl2BLGtbAvUD5kmnG0kRUWs/mfNM/KlYvyef28VL2ep5QnR+SYnJIKuSRVcktqpEE4AfJInsiz8+C8OK/O26w158xnDskPOO9fZguW3w==</latexit>u

① Neighbor Aggregation

Input Features

(e.g., node classification)
or be used to downstream tasks

(e.g., average pooling)
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Amazon Co-Purchase Dataset [1,2]


     9.4M nodes


     231M edges
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>100GB
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[1] Backman, Evans and Girke. Large-scale Bioactivity Analysis of the Small-molecule Assayed Proteome. PLoS ONE’17.

[2] McAuley et al. Image-based Recommendations on Styles and Substitutes. SIGIR’15.

Challenge: Giant Graphs for GCNs

memory for a 3-layer GCN
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                 training
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>100GB

16GB V100

NOT fit
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Challenge: Giant Graphs for GCNs
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How to train a GCN at scale? Efficiently?

🤔



Category I
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CPU
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Storage in CPU

Swap Swap Swap

Training in GPU
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CPU
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[1] Ma et al. NeuGraph: Parallel Deep Neural Network Computation on Large Graphs. USENIX ATC’19 
[2] Jia et al. Improving the Accuracy, Scalability, and Performance of Graph Neural Networks with Roc. MLSys’20 
[3] Fey et al. GNNAutoScale: Scalable and Expressive Graph Neural Networks via Historical Embeddings. ICML’21

Category I: Swap-Based Methods

Pro: Scalability of Graph

Con: Expensive CPU-GPU Swap
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Category II
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Slicing features across GPUs

Broadcast

GPUGPUGPU
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[1] Tripathy, Yelick and Buluc. Reducing Communication in Graph Neural Network Training. SC’20

GPUGPUGPU
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Category II: Slice-Based Methods
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Pro: Balanced Workload

Con: Expensive Broadcast



Category III
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GPUGPUGPU
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Assigning one partition to one GPU

Point-to-point
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Category III: Partition-Based Methods

[1] Thorpe et al. Dorylus: Affordable, Scalable, and Accurate GNN Training with Distributed CPU Servers and Serverless Threads. OSDI’21 
[2] Wan et al. PipeGCN: Efficient Full-Graph Training of Graph Convolutional Networks with Pipelined Feature Communication. ICLR’22

GPUGPUGPU
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Pro: Reduced Communication

The drawback is not well studied



BNS-GCN
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✦ Identifying drawbacks of partition-based training

✦ Proposing a simple-yet-effective solution

✦ Providing theoretical and empirical validation

BNS-GCN
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GPUGPUGPU

Difference: Dependency among Data

Understanding Partition-Based Methods

Similar to Data Parallelism
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GPU GPU GPU
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Understanding Partition-Based Methods
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GPUGPU GPU
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Communicating remote features

Understanding Partition-Based Methods
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GPU GPU GPU
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Computing local features

Understanding Partition-Based Methods
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GPU GPU GPU

28

Introduction Related Work BNS-GCN Experiments Conclusion

Inner Node Boundary Node

Understanding Partition-Based Methods
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Identifying Drawbacks
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Drawback I: Significant Communication Overhead

Training Time Breakdown

*Graphs are separated into 8 partitions

Reddit ogbn-products
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Drawback II: Unscalable Memory Requirement

Training Memory Requirement
Reddit Dataset

 1.3x
 1.7x

 2.6x
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Drawback III: Imbalanced Memory across GPUs

Per-GPU Memory Distribution

Memory Straggler

ogbn-papers100M (192 partitions)

Introduction Related Work BNS-GCN Experiments Conclusion
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What’s the underlying cause?

🤔
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GPU GPU GPU

Understanding Communication Volume

Inner Node Boundary Node

The -th partition has           inner nodes and            boundary nodes
<latexit sha1_base64="QF0D4wkT1WgheESpVDmlct07Muc=">AAAB/3icdVDLSsNAFJ3UV62vqks3g0VwFZISW90V3bhswT6gDWUynbRDJzNhZiKU0IVrt/oN7sStn+In+BdO2gha9MCFwzn3cu89Qcyo0o7zYRXW1jc2t4rbpZ3dvf2D8uFRR4lEYtLGggnZC5AijHLS1lQz0oslQVHASDeY3mR+955IRQW/07OY+BEacxpSjLSRWnRYrji2swB0bK9WrXsXhtSrV55bhW5uVUCO5rD8ORgJnESEa8yQUn3XibWfIqkpZmReGiSKxAhP0Zj0DeUoIspPF4fO4ZlRRjAU0hTXcKH+nEhRpNQsCkxnhPRErXqZ+KeXKVoIplYO0OGln1IeJ5pwvNwfJgxqAbMw4IhKgjWbGYKwpOYFiCdIIqxNZCWTzXcA8H/SqdpuzfZaXqVxnadUBCfgFJwDF9RBA9yCJmgDDAh4BE/g2XqwXqxX623ZWrDymWPwC9b7F6HVlwc=</latexit>

i
<latexit sha1_base64="DwLoLOzp72q/iLQ/dTba4iZPvM4="></latexit>

n(i)
in

<latexit sha1_base64="i9PeEgC6HwZ1sjSDvy+L+Tm1dN8="></latexit>

n(i)
bd
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<latexit sha1_base64="5QXMbS2O5W4kHKh0IZk8VgpLwtk="></latexit>

Voltotal =
X

i

Vol(Gi) =
X

i

n(i)
bd
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Comm. Volume ∝ # Boundary Nodes The -th partition has           inner nodes and            boundary nodes

GPU GPU GPU

Min-Cut is not Optimal

Understanding Communication Volume

Introduction Related Work BNS-GCN Experiments Conclusion
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Understanding Memory Requirement

② Feature Update

(e.g., mean)

(e.g., MLP)

① Neighbor Aggregation

Input Features

<latexit sha1_base64="p7eQGghD6gZ/AJMmQxdlYklkCqU="></latexit>

Mem(Gi) / 3n(i)
in + n(i)

bd}
Aggregation:     


Linear + Activation:  
<latexit sha1_base64="V7c/l50cCzWkfaMce2sA+L92j+w=">AAACC3icbVDLSsNAFJ34rPVVdekmWIS6KUkp6rLoxmUF+4A2lsl00g6dzMSZG6GEfIJrt/oN7sStH+En+BdO2iy09cCFwzn3cu89fsSZBsf5slZW19Y3Ngtbxe2d3b390sFhW8tYEdoikkvV9bGmnAnaAgacdiNFcehz2vEn15nfeaRKMynuYBpRL8QjwQJGMBjJq4lBwkR6n1TYWToolZ2qM4O9TNyclFGO5qD03R9KEodUAOFY657rROAlWAEjnKbFfqxphMkEj2jPUIFDqr1kdnRqnxplaAdSmRJgz9TfEwkOtZ6GvukMMYz1opeJ/3qZAlJyvXAABJeeeTaKgQoy3x/E3AZpZ8HYQ6YoAT41BBPFzAs2GWOFCZj4iiYbdzGJZdKuVd3zav22Xm5c5SkV0DE6QRXkogvUQDeoiVqIoAf0jF7Qq/VkvVnv1se8dcXKZ47QH1ifP1Nem78=</latexit>

2n(i)
in

<latexit sha1_base64="EGob2Z++5mr2pAlsOmtB4LAmORs="></latexit>

n(i)
in + n(i)

bd
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<latexit sha1_base64="5QXMbS2O5W4kHKh0IZk8VgpLwtk="></latexit>

Voltotal =
X

i

Vol(Gi) =
X

i

n(i)
bd

} <latexit sha1_base64="p7eQGghD6gZ/AJMmQxdlYklkCqU="></latexit>

Mem(Gi) / 3n(i)
in + n(i)

bd
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Contribution I: Identify the Underlying Cause

What’s the underlying cause?

I     Significant Communication Overhead


II      Unscalable Memory Requirement


III  Imbalanced Memory across GPUs



<latexit sha1_base64="5QXMbS2O5W4kHKh0IZk8VgpLwtk="></latexit>

Voltotal =
X

i

Vol(Gi) =
X

i

n(i)
bd

} <latexit sha1_base64="p7eQGghD6gZ/AJMmQxdlYklkCqU="></latexit>

Mem(Gi) / 3n(i)
in + n(i)

bd
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Boundary nodes

are  the cause 😣

I     Significant Communication Overhead


II      Unscalable Memory Requirement


III  Imbalanced Memory across GPUs

Contribution I: Identify the Underlying Cause

Introduction Related Work BNS-GCN Experiments Conclusion

Reddit (10 partitions)

<latexit sha1_base64="dJLGibKUZRceEhbNPU8wYQTolTY=">AAACNnicbVDLSsNAFJ3UV62vqEs3wSK4kJpIqS6LblxWsA9oQ5hMpu3QyUyYmQgl5E/8ENdu9QfcuBNx5yc4SVvQ1AvDHM65z+NHlEhl229GaWV1bX2jvFnZ2t7Z3TP3DzqSxwLhNuKUi54PJaaE4bYiiuJeJDAMfYq7/uQm07sPWEjC2b2aRtgN4YiRIUFQacozG8kgb9IXI99NnJqdx5ldBCnzEj9I03P9E5Z6ZnWhWMtg0aYK5tHyzK9BwFEcYqYQhVL2HTtSbgKFIojitDKIJY4gmsAR7mvIYIilm+SrpdaJZgJryIV+TFk5+7sigaGU09DXmSFUY1nUMvJfLWMU51QWFlDDK1efGcUKMzSbP4yppbiVeWgFRGCk6FQDiATRJ1hoDAVESjtd0d44RSeWQeei5jRq9bt6tXk9d6kMjsAxOAUOuARNcAtaoA0QeATP4AW8Gk/Gu/FhfM5SS8a85hD8CeP7BxPMqTM=</latexit>

nbd/nin

5.49
5.45
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How to solve them? One stone three birds?

🤔



GPU
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GPU GPU
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Contribution II: Propose Boundary Node Sampling



GPUGPU GPU
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👎

👍
👎

Step 1: Sampling each boundary node with probability <latexit sha1_base64="+qgUiFLrdcpKm3inLAqnjBFivas="></latexit>p

41
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Contribution II: Propose Boundary Node Sampling
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Step 2: Removing unsampled nodes

GPUGPU GPU

👍

Step 1: Sampling each boundary node with probability <latexit sha1_base64="+qgUiFLrdcpKm3inLAqnjBFivas="></latexit>p
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Contribution II: Propose Boundary Node Sampling



GPUGPU GPU
👎

👍
👎
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Reducing communication volume

43
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Contribution II: Propose Boundary Node Sampling



GPUGPU GPU
👎

👍
👎
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Reducing memory requirement
Reducing communication volume

44
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Contribution II: Propose Boundary Node Sampling



GPUGPU GPU
👎

👍
👎
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Balancing memory across GPUs
Reducing memory requirement

Reducing communication volume

45
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Contribution II: Propose Boundary Node Sampling

(        becomes negligible)
<latexit sha1_base64="OFuBebiZvwLg7zxgC5owBXgVpZk=">AAACCnicdVDLTgIxFO3gC/GFunTTSExwM5lBRNgR3bjERB6JjKRTCjR02knbMSGT+QPXbvUb3Bm3/oSf4F/YAYxK9CQ3OTnn3tx7jx8yqrTjvFuZpeWV1bXsem5jc2t7J7+711Iikpg0sWBCdnykCKOcNDXVjHRCSVDgM9L2xxep374jUlHBr/UkJF6AhpwOKEbaSF3ei/1+chsX6XHSyxccu3pSK7kVmJLTUq38TVzbmaIA5mj08h/dvsBRQLjGDCl14zqh9mIkNcWMJLlupEiI8BgNyY2hHAVEefH05gQeGaUPB0Ka4hpO1Z8TMQqUmgS+6QyQHqlFLxX/9FJFC8HUwgF6UPViysNIE45n+wcRg1rANBfYp5JgzSaGICypeQHiEZIIa5NezmTzFQD8n7RKtluxy1flQv18nlIWHIBDUAQuOAN1cAkaoAkwCMEDeARP1r31bL1Yr7PWjDWf2Qe/YL19AkvFm80=</latexit>

n(i)
bd



We compare the variance of feature approximation

46
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(lower is better)

Method Variance

Introduction Related Work BNS-GCN Experiments Conclusion

Contribution III: Validate BNS-GCN in Theory



Method Variance
BNS-GCN

LADIES [NeurIPS’19]

FastGCN [ICLR’18]
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<latexit sha1_base64="0KwS+waoh7wmycvutjQhQYS8rPc=">AAACJXicbZDLSsNAFIYnXmu9VV26CZZC3ZREirosdePOCvYCTSiT6aQdOsmEmROhpH0CH8S1W30GdyK4cu1bOGmDaOsPAz/fOYc55/cizhRY1oexsrq2vrGZ28pv7+zu7RcODltKxJLQJhFcyI6HFeUspE1gwGknkhQHHqdtb3SV1tv3VComwjsYR9QN8CBkPiMYNOoVSk6AYUgwT27KDqc+TH5AfepINhjC5HTaKxStijWTuWzszBRRpkav8OX0BYkDGgLhWKmubUXgJlgCI5xO806saITJCA9oV9sQB1S5yeycqVnSpG/6QuoXgjmjvycSHCg1Djzdme6qFmsp/LeWEhCCq4UFwL90ExZGMdCQzP/3Y26CMNPIzD6TlAAfa4OJZPoEkwyxxAR0sHmdjb2YxLJpnVXs80r1tlqs1bOUcugYnaAystEFqqFr1EBNRNADekLP6MV4NF6NN+N93rpiZDNH6I+Mz28GVKa5</latexit>

O(|B|)
<latexit sha1_base64="sj/ViT/avs/lUkoH3/KhELxnY4Q=">AAACJXicbZDLSsNAFIYnXmu9VV26CZZC3ZREirosunGlFewFmlAm00k7dJIJMydCSfMEPohrt/oM7kRw5dq3cNIW0dYfBn6+cw5zzu9FnCmwrA9jaXlldW09t5Hf3Nre2S3s7TeViCWhDSK4kG0PK8pZSBvAgNN2JCkOPE5b3vAyq7fuqVRMhHcwiqgb4H7IfEYwaNQtlJwAw4BgntyUHU59GP+A69SRrD+A8XHaLRStijWRuWjsmSmimerdwpfTEyQOaAiEY6U6thWBm2AJjHCa5p1Y0QiTIe7TjrYhDqhyk8k5qVnSpGf6QuoXgjmhvycSHCg1Cjzdme2q5msZ/LeWERCCq7kFwD93ExZGMdCQTP/3Y26CMLPIzB6TlAAfaYOJZPoEkwywxAR0sHmdjT2fxKJpnlTs00r1tlqsXcxSyqFDdITKyEZnqIauUB01EEEP6Ak9oxfj0Xg13oz3aeuSMZs5QH9kfH4DGhCmxQ==</latexit>

O(|N |)
<latexit sha1_base64="gIW4HMcVBcCwAHtMLfQX3lNtcbE=">AAACJXicbZDLSsNAFIYn9VbrLerSTbAU6qYkUtRl0Y07K9gLNKFMppN26CQTZk6EkvYJfBDXbvUZ3IngyrVv4aQtoq0/DPx85xzmnN+POVNg2x9GbmV1bX0jv1nY2t7Z3TP3D5pKJJLQBhFcyLaPFeUsog1gwGk7lhSHPqctf3iV1Vv3VComojsYxdQLcT9iASMYNOqaJTfEMCCYpzdll9MAxj+gOXEl6w9gfDLpmkW7Yk9lLRtnbopornrX/HJ7giQhjYBwrFTHsWPwUiyBEU4nBTdRNMZkiPu0o22EQ6q8dHrOxCpp0rMCIfWLwJrS3xMpDpUahb7uzHZVi7UM/lvLCAjB1cICEFx4KYviBGhEZv8HCbdAWFlkVo9JSoCPtMFEMn2CRQZYYgI62ILOxllMYtk0TyvOWaV6Wy3WLucp5dEROkZl5KBzVEPXqI4aiKAH9ISe0YvxaLwab8b7rDVnzGcO0R8Zn98nOKbN</latexit>

O(|V|)

BNS-GCN has the best feature approximation
<latexit sha1_base64="Ztvs0o8iFvYrARoHrECobNraSJg="></latexit>

B ✓ N ✓ V

boundary neighbor set

neighbor set

global node set

*We fix output nodes and sampling size

Introduction Related Work BNS-GCN Experiments Conclusion

Contribution III: Validate BNS-GCN in Theory



Method Variance
BNS-GCN

LADIES [NeurIPS’19]

FastGCN [ICLR’18]

VR-GCN [ICML’18]

GraphSAGE [NIPS’17]

48
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*We fix output nodes and sampling size

More analysis is in our paper 

<latexit sha1_base64="jIDTWqpPz/bwUMe+NOS+B0z8KyI=">AAACLXicbZDPSsNAEMY3/rf+q3r0EiyCHixJKeqx6MWbCrYVTC2T7aZd3M2G3YlQYp/CB/HsVZ/BgyBexbdwU4to9YOFj9/MsDNfmAhu0PNenInJqemZ2bn5wsLi0vJKcXWtYVSqKatTJZS+CMEwwWNWR46CXSSagQwFa4bXR3m9ecO04So+x37CWhK6MY84BbSoXdwNJGCPgshOBtuBYBHefpPDQaB5t2dJF6SEq8pOu1jyyt5Q7l/jj0yJjHTaLn4EHUVTyWKkAoy59L0EWxlo5FSwQSFIDUuAXkOXXVobg2SmlQ3PGrhblnTcSGn7YnSH9OdEBtKYvgxtZ76yGa/l8N9aTlApYcYWwOiglfE4SZHF9Ov/KBUuKjePzu1wzSiKvjVANbcnuLQHGijagAs2G388ib+mUSn7e+XqWbVUOxylNEc2yCbZJj7ZJzVyTE5JnVByRx7II3ly7p1n59V5+2qdcEYz6+SXnPdPbHCp+A==</latexit>

O(|B| �2)
<latexit sha1_base64="P8UzbPsJBl9xF1PEBXI2pJdOpqo=">AAACLXicbZDLSsNAFIYn3q23qks3wSLowpKIqEvRjSsvYC9gajmZTtrBmUyYORFK7FP4IK7d6jO4EMSt+BZO2iJa/WHg5zvnMOf8YSK4Qc97dcbGJyanpmdmC3PzC4tLxeWVqlGppqxClVC6HoJhgsesghwFqyeagQwFq4U3x3m9dsu04Sq+xG7CGhLaMY84BbSoWdwOJGCHgsjOepuBYBHefZPTXqB5u2NJG6SE652tZrHklb2+3L/GH5oSGeq8WfwMWoqmksVIBRhz5XsJNjLQyKlgvUKQGpYAvYE2u7I2BslMI+uf1XM3LGm5kdL2xej26c+JDKQxXRnaznxlM1rL4b+1nKBSwowsgNFBI+NxkiKL6eD/KBUuKjePzm1xzSiKrjVANbcnuLQDGijagAs2G380ib+mulP298q7F7ulw6NhSjNkjayTTeKTfXJITsg5qRBK7skjeSLPzoPz4rw574PWMWc4s0p+yfn4AoCAqgQ=</latexit>

O(|N | �2)
<latexit sha1_base64="B0QP+a4PnR/7VxUoF4zaMMe//lo=">AAACLXicbZDPSsNAEMY3/rf+q3r0EiyCHixJKepR9OJNBVsFU8tku2mX7mbD7kQosU/hg3j2qs/gQRCv4lu4qUW09YOFj9/MsDNfmAhu0PNenYnJqemZ2bn5wsLi0vJKcXWtblSqKatRJZS+CsEwwWNWQ46CXSWagQwFuwy7x3n98pZpw1V8gb2ENSS0Yx5xCmhRs7gbSMAOBZGd9rcDwSK8+yH1fqB5u2NJG6SEm8pOs1jyyt5A7rjxh6ZEhjprFj+DlqKpZDFSAcZc+16CjQw0cipYvxCkhiVAu9Bm19bGIJlpZIOz+u6WJS03Utq+GN0B/T2RgTSmJ0Pbma9sRms5/LeWE1RKmJEFMDpoZDxOUmQx/f4/SoWLys2jc1tcM4qiZw1Qze0JLu2ABoo24ILNxh9NYtzUK2V/r1w9r5YOj4YpzZENskm2iU/2ySE5IWekRii5J4/kiTw7D86L8+a8f7dOOMOZdfJHzscXjeCqDA==</latexit>

O(|V| �2)

<latexit sha1_base64="xMsEWnAW0I3/reoOTHxsM3PerD4=">AAACFnicbVDLSgMxFM3UV62vUcGNm8Ei1E2ZKUVdFnXhzgr2AZ1a7qRpG5pMhiQjlLH/4dqtfoM7cevWT/AvzLRdaOuBwOGce7knJ4gYVdp1v6zM0vLK6lp2PbexubW9Y+/u1ZWIJSY1LJiQzQAUYTQkNU01I81IEuABI41geJn6jQciFRXhnR5FpM2hH9IexaCN1LEPfA56gIElN+PCld8HzuG+dNKx827RncBZJN6M5NEM1Y797XcFjjkJNWagVMtzI91OQGqKGRnn/FiRCPAQ+qRlaAicqHYyyT92jo3SdXpCmhdqZ6L+3kiAKzXigZlM06p5LxX/9VJFC8HUXADdO28nNIxiTUI8vd+LmaOFk3bkdKkkWLORIYAlNV9w8AAkYG2azJluvPkmFkm9VPROi+Xbcr5yMWspiw7RESogD52hCrpGVVRDGD2iZ/SCXq0n6816tz6moxlrtrOP/sD6/AFh959t</latexit>

O(D�2)

<latexit sha1_base64="5icvA+tfyLgfFtMxmkkZgK69z+A=">AAACHHicbVA9SwNBEN3zM8avU0stDoMQm3AnopZBLexUMEbIxTC32cQlu7fH7pwQjjT+EGtb/Q12Yiv4E/wX7sUUmvhg4PHeDDPzokRwg77/6UxNz8zOzRcWiotLyyur7tr6tVGppqxGlVD6JgLDBI9ZDTkKdpNoBjISrB71TnK/fs+04Sq+wn7CmhK6Me9wCmillrsVSsA7CiI7H5RPw1MmEMIuSAm3e7stt+RX/CG8SRKMSImMcNFyv8K2oqlkMVIBxjQCP8FmBho5FWxQDFPDEqA96LKGpTFIZprZ8IuBt2OVttdR2laM3lD9PZGBNKYvI9uZ32zGvVz818sVVEqYsQOwc9TMeJykyGL6s7+TCg+VlyfltblmFEXfEqCa2xc8egcaKNo8izabYDyJSXK9VwkOKvuX+6Xq8SilAtkk26RMAnJIquSMXJAaoeSBPJFn8uI8Oq/Om/P+0zrljGY2yB84H98fnaHv</latexit>

O(D��2)
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Contribution III: Validate BNS-GCN in Theory
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Experiments



Considered Datasets

Reddit, ogbn-products, Yelp and ogbn-papers100M
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Experiment Setup
Introduction Related Work BNS-GCN Experiments Conclusion

Name # Nodes # Edges Environment

Reddit 233K 114M

10 RTX-2080Ti (11GB)ogbn-products 2.4M 62M

Yelp 716K 7.0M

ogbn-papers100M 111M 1.6B 32 x (6 Tesla V100 (16GB))

Dataset Description

Introduction Related Work BNS-GCN Experiments Conclusion
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Experiment Setup
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Considered Datasets

Reddit, ogbn-products, Yelp and ogbn-papers100M


Benchmarked Baselines

ROC [MLSys’20] (swap-based) and CAGNET [SC’20] (slice-based)

Introduction Related Work BNS-GCN Experiments Conclusion



Considered Datasets

Reddit, ogbn-products, Yelp and ogbn-papers100M


Benchmarked Baselines

ROC [MLSys’20] (swap-based) and CAGNET [SC’20] (slice-based)


Adopted Toolkits

DGL 0.7.0 and PyTorch 1.9.1
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Experiment Setup
Introduction Related Work BNS-GCN Experiments ConclusionIntroduction Related Work BNS-GCN Experiments Conclusion



Baselines: throughput <0.7 epochs/s

Training Throughput Comparison
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Reddit Dataset

Introduction Related Work BNS-GCN Experiments Conclusion



54

Introduction Related Work BNS-GCN Experiments Conclusion

Partition-based training: throughput >1.2 epochs/s

Training Throughput Comparison
Reddit Dataset

Introduction Related Work BNS-GCN Experiments Conclusion



BNS-GCN: 8.9x~16.2x  throughput improvement
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Training Throughput Comparison
Reddit Dataset

Introduction Related Work BNS-GCN Experiments Conclusion



BNS-GCN is consistently faster
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Reddit Dataset Yelp Datasetogbn-products Dataset

Introduction Related Work BNS-GCN Experiments Conclusion

Training Throughput Comparison



Memory Saving
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Reddit Dataset

Introduction Related Work BNS-GCN Experiments Conclusion



BNS-GCN saves the memory by up to 58%

Memory Saving

58

Introduction Related Work BNS-GCN Experiments Conclusion

Reddit Dataset

Introduction Related Work BNS-GCN Experiments Conclusion

58%



Without BNS: >75% partitions utilize <60% memory

Balancing Memory Requirement
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ogbn-papers100M (192 partitions)

Introduction Related Work BNS-GCN Experiments ConclusionIntroduction Related Work BNS-GCN Experiments Conclusion



With BNS: nearly all partitions utilize >80% memory
60
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Balancing Memory Requirement
ogbn-papers100M (192 partitions)

Without BNS: >75% partitions utilize <60% memory

Introduction Related Work BNS-GCN Experiments Conclusion



Training Accuracy Comparison
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Dataset Reddit ogbn-products Yelp

# Partitions 2 4 8 5 8 10 3 6 10

Introduction Related Work BNS-GCN Experiments Conclusion
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Dataset Reddit ogbn-products Yelp

# Partitions 2 4 8 5 8 10 3 6 10

BNS-GCN (p=1.0) 97.11 97.11 97.11 79.14 79.14 79.14 65.26 65.26 65.26

BNS-GCN (p=1.0) is equivalent to vanilla training

Introduction Related Work BNS-GCN Experiments Conclusion

Training Accuracy Comparison
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Dataset Reddit ogbn-products Yelp

# Partitions 2 4 8 5 8 10 3 6 10

BNS-GCN (p=1.0) 97.11 97.11 97.11 79.14 79.14 79.14 65.26 65.26 65.26

BNS-GCN (p=0.1) 97.15 97.14 97.18 79.36 79.48 79.30 65.32 65.26 65.34

BNS-GCN (p=0.01) 97.09 97.03 96.91 79.43 79.28 79.21 65.27 65.31 65.29

Sampling boundary nodes maintains the accuracy

Introduction Related Work BNS-GCN Experiments Conclusion

BNS-GCN (p=1.0) is equivalent to vanilla training

Training Accuracy Comparison



64

Introduction Related Work BNS-GCN Experiments Conclusion

Dataset Reddit ogbn-products Yelp

# Partitions 2 4 8 5 8 10 3 6 10

BNS-GCN (p=1.0) 97.11 97.11 97.11 79.14 79.14 79.14 65.26 65.26 65.26

BNS-GCN (p=0.1) 97.15 97.14 97.18 79.36 79.48 79.30 65.32 65.26 65.34

BNS-GCN (p=0.01) 97.09 97.03 96.91 79.43 79.28 79.21 65.27 65.31 65.29

BNS-GCN (p=0.0) 97.03 96.87 96.81 78.65 78.83 78.79 65.28 65.27 65.23

Dropping boundary nodes decreases the accuracy

Introduction Related Work BNS-GCN Experiments Conclusion

BNS-GCN (p=1.0) is equivalent to vanilla training
Sampling boundary nodes maintains the accuracy

Training Accuracy Comparison
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Dataset Reddit ogbn-products Yelp

# Partitions 2 4 8 5 8 10 3 6 10

BNS-GCN (p=1.0) 97.11 97.11 97.11 79.14 79.14 79.14 65.26 65.26 65.26

BNS-GCN (p=0.1) 97.15 97.14 97.18 79.36 79.48 79.30 65.32 65.26 65.34

BNS-GCN (p=0.01) 97.09 97.03 96.91 79.43 79.28 79.21 65.27 65.31 65.29

BNS-GCN (p=0.0) 97.03 96.87 96.81 78.65 78.83 78.79 65.28 65.27 65.23

FastGCN [ICLR’18]
 93.7 60.42 26.5

GraphSAGE [NIPS’17] 95.4 78.70 63.4

AS-GCN [NIPS’18] 96.3 OOM OOM

LADIES [NeurIPS’19] 94.3 77.46 60.2

VR-GCN [ICML’18] 96.3 OOM 64.0

ClusterGCN [KDD’19] 96.6 78.97 60.9

GraphSAINT [ICLR’20] 96.6 79.08 65.3

Full-graph training reaches higher accuracy

than sampling-based methods

Introduction Related Work BNS-GCN Experiments Conclusion

Training Accuracy Comparison



Conclusion
✦  Identified three key drawbacks in partition-based GCN training


- Underlying cause: boundary nodes


✦ Proposed Boundary Node Sampling (BNS-GCN) to tackle the 

three drawbacks


✦ Validated BNS-GCN in both theory and experiments
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https://github.com/RICE-EIC/BNS-GCN

Introduction Related Work BNS-GCN Experiments Conclusion

https://github.com/RICE-EIC/BNS-GCN


Backup Slides
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Communication overhead is reduced by 74%~93%

Time Breakdown
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Training Convergence
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On Reddit: p=0 has the worst convergence


On Yelp: p=0/1 suffers from overfitting



BNS-GCN with Random Partition
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BNS-GCN vs DropEdge vs BES
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