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Scalable Graph Neural Networks (GNNs)
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• GNNs, such as Graph Convolutional Networks (GCNs), achieve 
strong performance on many graph understanding tasks

• There are increasing demands on studying modern real-world large-
scale datasets (million- or billion-scale graphs)

• GCNs are resource-demanding and difficult to apply on large-scale 
graphs: iterative propagation, memory overhead

• Existing approaches are not scalable enough: GBP[1] uses 104 sec. 
and >192 GB RAM on Papers100M (111M nodes, 1.6B edges)

[1] Hanzhi Wang, Mingguo He, Zhewei Wei, Sibo Wang, Ye Yuan, Xiaoyong Du, and Ji Rong Wen. 2021. Approximate Graph Propagation. In Proceedings 
of the ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, Vol. 1. Association for Computing Machinery, 1686-1696.



Highlights & Contributions
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• SCARA Framework: Pre-Propagation Decoupling Model, optimized 
propagation with fast GPU batch training and inference

• FEATURE-PUSH: feature-oriented fast vector-based propagation, 
sub-linear precomputation complexity

• FEATURE-REUSE: efficient reuse among multiple features, further 
saves computation with guaranteed precision

• Performance Evaluation: up to 100× faster precomputation, able 
to process billion-scale Papers100M in 100 seconds



Complexity of Scalable GNN
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• Vanilla / Sampling Model: GCN[2]

1. Iterative Aggregation & Propagation: 

• Pre-Propagation Model: SCARA (ours)
1. Propagation Precomputation:

2. Feature Transformation:
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[2] Thomas N Kipf & Max Welling. “Semi-supervised classification with graph convolutional networks”. ICLR 2017.
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• Vanilla / Sampling Model: GCN[2]

1. Iterative Aggregation & Propagation: 

• Pre-Propagation Model: SCARA (ours)
1. Propagation Precomputation:
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Not scalable to large m and n

Not optimized for batch processing

Only sublinear to n

Efficient GPU batch training
[2] Thomas N Kipf & Max Welling. “Semi-supervised classification with graph convolutional networks”. ICLR 2017.
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0 .0 1 0 2 9 9 4 8 5 0 .0 1 8 1 2 7 9 4 1 0 .3 1 1 2 2 8 3 4 7 0 .2 0 .3 9 5 8 7 9 8 3 8 0 .1 6 7 1 4 5 0 4 4 0 .2 4 9 7 7 7 9 4 3 0 .4 8 1 1 8 1 3 4 9 0 .4 8 5 9 6 4 0 0 6 0 .3 0 9 4 6 7 7 0 6 0 .1 2 0 2 8 7 8 4 5

2 .2 4 1 .3 1 .3 1 1 .3 1 .3 0 .7 3 0 .5 0 .5 2

1 .4 7 9 5 2 4 4 3 9 0 .8 5 8 6 5 2 5 7 6 0 .8 5 8 6 5 2 5 7 6 0 .6 6 0 5 0 1 9 8 2 0 .8 5 8 6 5 2 5 7 6 0 .8 5 8 6 5 2 5 7 6 0 .4 6 2 3 5 1 3 8 7 1 .9 8 1 5 0 5 9 4 5 0 .3 3 0 2 5 0 9 9 1 0 .3 3 0 2 5 0 9 9 1 1 .3 2 1 0 0 3 9 6 3

1 .4 7 9 5 2 4 4 3 9 0 0 0 0 0 0 0 0 0 0

0 .0 9 9 8 9 5 3 6 7 0 .1 5 5 3 5 5 9 2 0 .1 5 4 4 3 5 8 8 4 0 0 0 .3 5 5 4 4 6 8 8 3 0 .1 0 4 2 6 7 3 5 4 0 .4 7 3 3 9 7 6 3 1 0 .1 8 2 3 6 0 9 3 3 0 .2 1 8 8 8 3 2 1 0 .3 5 1 7 9 0 5 7 3

0 .2 5 3 6 9 7 0 7 1 0 .4 2 8 1 4 4 8 3 3 0 .0 5 9 8 2 4 8 3 3 0 .3 3 1 5 3 9 1 3 1 0 .3 9 9 4 3 9 3 4 0 .2 4 9 3 3 9 5 5 4 0 .4 0 .2 0 0 .3 7 7 5 8 7 7 7 2 0 .2 2 0 3 9 7 6 1 7

0 .2 0 .0 6 4 7 4 1 1 1 8 0 .0 4 2 6 5 5 5 8 3 0 .2 8 6 0 2 1 8 8 1 0 .0 3 9 2 3 9 9 4 6 0 .0 2 6 3 6 5 9 1 7 0 .1 5 6 6 8 5 6 4 6 0 .1 5 8 3 5 8 0 4 9 0 .1 2 2 5 2 1 8 1 1 0 .0 6 3 2 0 5 3 8 3 0 .4 0 9 9 4 2 3 4 4

0 .2 0 .2 6 3 0 5 2 3 9 1 0 .2 0 .2 0 .0 6 4 9 4 7 5 3 1 0 .1 1 9 3 9 1 3 8 9 0 .4 0 .0 3 1 7 2 7 0 5 5 0 .2 7 8 4 8 3 7 0 9 0 .2 7 9 9 6 7 5 8 3 0 .2 4 5 7 9 2 6 8 4

0 .0 1 0 2 9 9 4 8 5 0 .0 1 8 1 2 7 9 4 1 0 .3 1 1 2 2 8 3 4 7 0 .2 0 .3 9 5 8 7 9 8 3 8 0 .1 6 7 1 4 5 0 4 4 0 .2 4 9 7 7 7 9 4 3 0 .4 8 1 1 8 1 3 4 9 0 .4 8 5 9 6 4 0 0 6 0 .3 0 9 4 6 7 7 0 6 0 .1 2 0 2 8 7 8 4 5

<latexit sha1_base64="b1vXpvqa7CrfPIawF+nOjnOBIAQ=">AAACJ3icbVBLSwMxGMxq1VpfrR69hBZBEOquB/VY9OJJKtgHtEvJpl/b0CS7Jlm1LP0Xglc9+mu8iT36T0wfB9s6EBhm5oPJBBFn2rjuyFlZTa2tb6Q3M1vbO7t72dx+VYexolChIQ9VPSAaOJNQMcxwqEcKiAg41IL+9divPYLSLJT3ZhCBL0hXsg6jxFjJV61Ex2KIT/Ftq9bKFtyiOwFeJt6MFEr55snLqDQot3JOqtkOaSxAGsqJ1g3PjYyfEGUY5TDMNGMNEaF90oWGpZII0H4yaT3ER1Zp406o7JMGT9S/FwkRWg9EYJOCmJ5e9Mbif16DswBsAwl+IuHJPE+Cc9eBWOhmOpd+wmQUG5B0Wq0Tc2xCPB4Nt5kCavjAEkIVs7/DtEcUocZOm7G7eYsrLZPqWdE7L3p3dsArNEUaHaI8OkYeukAldIPKqIIoekCv6A29Ox/Op/PlfE+jK87s5gDNwfn5BfwfqOQ=</latexit>

ABD</#,
<latexit sha1_base64="b1vXpvqa7CrfPIawF+nOjnOBIAQ=">AAACJ3icbVBLSwMxGMxq1VpfrR69hBZBEOquB/VY9OJJKtgHtEvJpl/b0CS7Jlm1LP0Xglc9+mu8iT36T0wfB9s6EBhm5oPJBBFn2rjuyFlZTa2tb6Q3M1vbO7t72dx+VYexolChIQ9VPSAaOJNQMcxwqEcKiAg41IL+9divPYLSLJT3ZhCBL0hXsg6jxFjJV61Ex2KIT/Ftq9bKFtyiOwFeJt6MFEr55snLqDQot3JOqtkOaSxAGsqJ1g3PjYyfEGUY5TDMNGMNEaF90oWGpZII0H4yaT3ER1Zp406o7JMGT9S/FwkRWg9EYJOCmJ5e9Mbif16DswBsAwl+IuHJPE+Cc9eBWOhmOpd+wmQUG5B0Wq0Tc2xCPB4Nt5kCavjAEkIVs7/DtEcUocZOm7G7eYsrLZPqWdE7L3p3dsArNEUaHaI8OkYeukAldIPKqIIoekCv6A29Ox/Op/PlfE+jK87s5gDNwfn5BfwfqOQ=</latexit>

ABD</#,

• Forward Push on Feature Value
o Initialized by normalized feature vector

o Complexity:

• Random Walk on Feature Residue
o Reduced number of Random Walks
o Complexity:

• Combination: Push Coefficient
o Overall complexity:

<latexit sha1_base64="3xhi0DI4eB6to3Egu7/1c/dQbXU="></latexit>

$ (< · A<0G/V)

<latexit sha1_base64="HvLulTt1f4qIB/R4g5txQEk9rgk="></latexit>

$ (kx k1/A<0G )

<latexit sha1_base64="0S1+W+inpifk56G7M3ibu14F308="></latexit>

$ (
s
<kx k1

V
) =) $ (

p
< log=/_)

<latexit sha1_base64="ivF5N8gMvjOmYAwLAtSKPmyhiTA=">AAACH3icbVC9TgJBGNxTVMQ/0FJjLhITK3JnoZZEG0tI5CeBC9lbPmDD3t5l9zuVXCitbbX0LXgDO2PLM/gSLj+FgJNsMpmZL5kdPxJco+OMrbX11MbmVno7s7O7t3+QzR1WdRgrBhUWilDVfapBcAkV5CigHimggS+g5vfvJn7tEZTmoXzAQQReQLuSdzijaKRK0wekrWzeKThT2KvEnZN88WRU/nk5HZVaOSvVbIcsDkAiE1TrhutE6CVUIWcChplmrCGirE+70DBU0gC0l0zbDu1zo7TtTqjMk2hP1b8XCQ20HgS+SQYUe3rZm4j/eQ3BfTANJHiJhCd8ngYXrv1gqRt2bryEyyhGkGxWrRMLG0N7Mpbd5goYioEhlClufmezHlWUoZk0Y3Zzl1daJdXLgntVcMtmwFsyQ5ockzNyQVxyTYrknpRIhTDCySt5I+/Wh/VpfVnfs+iaNb85Iguwxr809aaX</latexit>

V

<latexit sha1_base64="0S1+W+inpifk56G7M3ibu14F308="></latexit>

$ (
s
<kx k1

V
) =) $ (

p
< log=/_)

<latexit sha1_base64="+jXGRjKZGPWjU8VHc/iU1q7b6XU=">AAACJnicbVDNSgMxGMxq1Vr/Wj16CS2CIpRdDyp4KXrxWMHWQneRbPq1DU2yS5LVlqVvIV716NN4E+nNRzH9OdjWgcAwMx9MJow508Z1R87KamZtfSO7mdva3tndyxf26zpKFIUajXikGiHRwJmEmmGGQyNWQETI4SHs3Yz9hydQmkXy3gxiCATpSNZmlBgr+erYD0XaH17h5OQxX3LL7gR4mXgzUqoU/dOXUWVQfSw4Gb8V0USANJQTrZueG5sgJcowymGY8xMNMaE90oGmpZII0EE6KT3ER1Zp4Xak7JMGT9S/FykRWg9EaJOCmK5e9Mbif16TsxBsAwlBKuHZ9CfBuetQLHQz7csgZTJODEg6rdZOODYRHm+GW0wBNXxgCaGK2d9h2iWKUGOXzdndvMWVlkn9rOydl707O+A1miKLDlERHSMPXaAKukVVVEMUxegVvaF358P5dL6c72l0xZndHKA5OD+/JvCodw==</latexit>

A (x;D)
<latexit sha1_base64="fEAFSx25YOTdDG9chQBL1tiMLfQ=">AAACMHicbVDNSgMxGMz6b/2rPzcvQREqQtn1oIKXohePClaF7lKy6dc2NMkuybdqXfoWPoBXPfo0ehKvPoVp68FWBwLDzHwwmTiVwqLvv3sTk1PTM7Nz84WFxaXlleLq2pVNMsOhyhOZmJuYWZBCQxUFSrhJDTAVS7iOO6d9//oWjBWJvsRuCpFiLS2agjN0Ur24EbYZ5mEqeqUwVvl975hmu/Xitl/2B6B/SfBDtitb4d7je6V7Xl/1psJGwjMFGrlk1tYCP8UoZwYFl9ArhJmFlPEOa0HNUc0U2Cgf1O/RHac0aDMx7mmkA/X3Rc6UtV0Vu6Ri2LbjXl/8z6tJEYNroCHKNdzh/SA4ch2rsW7YPIpyodMMQfNhtWYmKSa0vx5tCAMcZdcRxo1wv6O8zQzj6DYuuN2C8ZX+kqv9cnBQDi7cgCdkiDmySbZIiQTkkFTIGTknVcLJA3kiz+TFe/XevA/vcxid8H5u1skIvK9vt6msTA==</latexit>

ĉ (x;D)
2 .7 9 3 9 7 0 0 9 4 1 .3 8 2 8 1 4 9 4 3 1 .1 7 9 1 3 6 1 8 9 1 .8 6 7 1 3 8 2 9 4 0 .7 1 0 2 2 1 1 5 1 0 .8 4 1 0 2 2 2 5 1 0 0 .6 0 1 9 0 8 0 .0 5 6 3 6 0 1 1 0 .4 0 5 3 5 1 8 2 1 0

0 2 .2 8 2 8 1 4 9 4 3 2 .0 7 9 1 3 6 1 8 9 2 .7 6 7 1 3 8 2 9 4 0 .7 1 0 2 2 1 1 5 1 0 .8 4 1 0 2 2 2 5 1 0 0 .6 0 1 9 0 8 0 .0 5 6 3 6 0 1 1 0 .4 0 5 3 5 1 8 2 1 0

2 .2 3 5 1 7 6 0 7 5

0 .0 9 9 8 9 5 3 6 7 0 .1 5 5 3 5 5 9 2 0 .1 5 4 4 3 5 8 8 4 0 0 0 .3 5 5 4 4 6 8 8 3 0 .1 0 4 2 6 7 3 5 4 0 .4 7 3 3 9 7 6 3 1 0 .1 8 2 3 6 0 9 3 3 0 .2 1 8 8 8 3 2 1 0 .3 5 1 7 9 0 5 7 3

0 .2 5 3 6 9 7 0 7 1 0 .4 2 8 1 4 4 8 3 3 0 .0 5 9 8 2 4 8 3 3 0 .3 3 1 5 3 9 1 3 1 0 .3 9 9 4 3 9 3 4 0 .2 4 9 3 3 9 5 5 4 0 .4 0 .2 0 0 .3 7 7 5 8 7 7 7 2 0 .2 2 0 3 9 7 6 1 7

0 .2 0 .0 6 4 7 4 1 1 1 8 0 .0 4 2 6 5 5 5 8 3 0 .2 8 6 0 2 1 8 8 1 0 .0 3 9 2 3 9 9 4 6 0 .0 2 6 3 6 5 9 1 7 0 .1 5 6 6 8 5 6 4 6 0 .1 5 8 3 5 8 0 4 9 0 .1 2 2 5 2 1 8 1 1 0 .0 6 3 2 0 5 3 8 3 0 .4 0 9 9 4 2 3 4 4

0 .2 0 .2 6 3 0 5 2 3 9 1 0 .2 0 .2 0 .0 6 4 9 4 7 5 3 1 0 .1 1 9 3 9 1 3 8 9 0 .4 0 .0 3 1 7 2 7 0 5 5 0 .2 7 8 4 8 3 7 0 9 0 .2 7 9 9 6 7 5 8 3 0 .2 4 5 7 9 2 6 8 4

0 .0 1 0 2 9 9 4 8 5 0 .0 1 8 1 2 7 9 4 1 0 .3 1 1 2 2 8 3 4 7 0 .2 0 .3 9 5 8 7 9 8 3 8 0 .1 6 7 1 4 5 0 4 4 0 .2 4 9 7 7 7 9 4 3 0 .4 8 1 1 8 1 3 4 9 0 .4 8 5 9 6 4 0 0 6 0 .3 0 9 4 6 7 7 0 6 0 .1 2 0 2 8 7 8 4 5

2 .7 9 3 9 7 0 0 9 4 1 .3 8 2 8 1 4 9 4 3 1 .1 7 9 1 3 6 1 8 9 1 .8 6 7 1 3 8 2 9 4 0 .7 1 0 2 2 1 1 5 1 0 .8 4 1 0 2 2 2 5 1 0 0 .6 0 1 9 0 8 0 .0 5 6 3 6 0 1 1 0 .4 0 5 3 5 1 8 2 1 0

0 2 .2 8 2 8 1 4 9 4 3 2 .0 7 9 1 3 6 1 8 9 2 .7 6 7 1 3 8 2 9 4 0 .7 1 0 2 2 1 1 5 1 0 .8 4 1 0 2 2 2 5 1 0 0 .6 0 1 9 0 8 0 .0 5 6 3 6 0 1 1 0 .4 0 5 3 5 1 8 2 1 0

2 .2 3 5 1 7 6 0 7 5

0 0 0 0 0 0 0 0 0 0 0

0 .2 4 1 9 7 7 7 9 5 0 .4 6 9 2 9 8 4 9 8 0 .4 7 6 8 2 6 5 9 4 0 .0 0 2 9 0 9 5 8 5 0 .4 0 .2 4 7 5 4 1 5 4 4 0 .4 0 .0 2 6 1 4 4 5 7 7 0 0 0 .2 0 4 5 8 1 9 1 3

0 .0 1 6 5 3 4 9 1 9 0 .4 3 2 7 9 4 9 3 1 0 .4 8 1 8 1 2 7 7 5 0 .0 4 9 9 4 3 8 1 7 0 .4 3 4 2 2 7 8 6 6 0 .3 9 4 8 0 5 0 2 5 0 .1 3 1 3 2 3 2 4 1 0 .0 2 1 6 0 4 9 5 6 0 .3 0 .1 1 6 8 4 2 2 5 5 0 .2 2 6 1 8 7 3 7 8

0 .2 0 .1 1 5 6 6 5 3 9 4 0 .1 0 1 0 2 0 2 7 0 .2 0 .1 4 2 1 6 4 9 6 6 0 .2 5 7 2 4 5 5 9 8 0 .1 1 6 5 6 1 9 6 3 0 .1 3 5 2 1 1 0 1 4 0 .4 8 8 4 6 1 0 .1 4 4 4 9 9 2 0 9 0 .1 0 7 7 1 9 2 4 7

0 .2 3 8 8 9 2 2 5 3 0 .4 5 5 6 2 2 7 5 7 0 .1 0 0 5 8 5 6 8 6 0 .4 2 4 2 4 9 0 9 8 0 .1 7 3 6 6 4 4 1 4 0 .4 2 0 7 9 3 3 2 9 0 .3 0 0 4 6 6 3 0 7 0 .0 6 8 4 1 7 7 3 8 0 .0 4 2 0 9 8 6 5 2 0 .0 0 5 4 4 6 0 8 9 0 .2 8 9 1 0 2 7 8 3

2 .2 4 1 .3 1 .3 1 1 .3 1 .3 0 .7 3 0 .5 0 .5 2

1 .4 7 9 5 2 4 4 3 9 0 .8 5 8 6 5 2 5 7 6 0 .8 5 8 6 5 2 5 7 6 0 .6 6 0 5 0 1 9 8 2 0 .8 5 8 6 5 2 5 7 6 0 .8 5 8 6 5 2 5 7 6 0 .4 6 2 3 5 1 3 8 7 1 .9 8 1 5 0 5 9 4 5 0 .3 3 0 2 5 0 9 9 1 0 .3 3 0 2 5 0 9 9 1 1 .3 2 1 0 0 3 9 6 3

1 .4 7 9 5 2 4 4 3 9 0 0 0 0 0 0 0 0 0 0

0 .0 9 9 8 9 5 3 6 7 0 .1 5 5 3 5 5 9 2 0 .1 5 4 4 3 5 8 8 4 0 0 0 .3 5 5 4 4 6 8 8 3 0 .1 0 4 2 6 7 3 5 4 0 .4 7 3 3 9 7 6 3 1 0 .1 8 2 3 6 0 9 3 3 0 .2 1 8 8 8 3 2 1 0 .3 5 1 7 9 0 5 7 3

0 .2 5 3 6 9 7 0 7 1 0 .4 2 8 1 4 4 8 3 3 0 .0 5 9 8 2 4 8 3 3 0 .3 3 1 5 3 9 1 3 1 0 .3 9 9 4 3 9 3 4 0 .2 4 9 3 3 9 5 5 4 0 .4 0 .2 0 0 .3 7 7 5 8 7 7 7 2 0 .2 2 0 3 9 7 6 1 7

0 .2 0 .0 6 4 7 4 1 1 1 8 0 .0 4 2 6 5 5 5 8 3 0 .2 8 6 0 2 1 8 8 1 0 .0 3 9 2 3 9 9 4 6 0 .0 2 6 3 6 5 9 1 7 0 .1 5 6 6 8 5 6 4 6 0 .1 5 8 3 5 8 0 4 9 0 .1 2 2 5 2 1 8 1 1 0 .0 6 3 2 0 5 3 8 3 0 .4 0 9 9 4 2 3 4 4

0 .2 0 .2 6 3 0 5 2 3 9 1 0 .2 0 .2 0 .0 6 4 9 4 7 5 3 1 0 .1 1 9 3 9 1 3 8 9 0 .4 0 .0 3 1 7 2 7 0 5 5 0 .2 7 8 4 8 3 7 0 9 0 .2 7 9 9 6 7 5 8 3 0 .2 4 5 7 9 2 6 8 4

0 .0 1 0 2 9 9 4 8 5 0 .0 1 8 1 2 7 9 4 1 0 .3 1 1 2 2 8 3 4 7 0 .2 0 .3 9 5 8 7 9 8 3 8 0 .1 6 7 1 4 5 0 4 4 0 .2 4 9 7 7 7 9 4 3 0 .4 8 1 1 8 1 3 4 9 0 .4 8 5 9 6 4 0 0 6 0 .3 0 9 4 6 7 7 0 6 0 .1 2 0 2 8 7 8 4 5

(1)

(2)

<latexit sha1_base64="qC1laHap5I/WHfh9FM1cR6K454c="></latexit>

V = JA�1 �GJ�1�; J1�A^



SCARA: FEATURE-REUSE
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2 3 2 0 0 0 0 0 0 0 2

0 0 0 0 0 0 0 3 1 2 3

0 0 0 1 2 3 2 1 0 0 0

0 .4 1 .2

+
0 .6 1 .8

+
0 0

0 .8 2 .4

+
0 0

+
2 0 .6

0 .1 0 .3

+
0 .3 0 .9

+
6 1 .8

0 .1 0 .3

+
0 .7 2 .1

+
2 0 .6

0 .4 1 .2

+
0 .4 1 .2

+
2 0 .6

2 .2 4 1 .3 1 .3 1 1 .3 1 .3 0 .7 3 0 .5 0 .5 2

1 .4 7 9 5 2 4 4 3 9 0 .8 5 8 6 5 2 5 7 6 0 .8 5 8 6 5 2 5 7 6 0 .6 6 0 5 0 1 9 8 2 0 .8 5 8 6 5 2 5 7 6 0 .8 5 8 6 5 2 5 7 6 0 .4 6 2 3 5 1 3 8 7 1 .9 8 1 5 0 5 9 4 5 0 .3 3 0 2 5 0 9 9 1 0 .3 3 0 2 5 0 9 9 1 1 .3 2 1 0 0 3 9 6 3

1 .4 7 9 5 2 4 4 3 9 0 0 0 0 0 0 0 0 0 0

0 .0 9 9 8 9 5 3 6 7 0 .1 5 5 3 5 5 9 2 0 .1 5 4 4 3 5 8 8 4 0 0 0 .3 5 5 4 4 6 8 8 3 0 .1 0 4 2 6 7 3 5 4 0 .4 7 3 3 9 7 6 3 1 0 .1 8 2 3 6 0 9 3 3 0 .2 1 8 8 8 3 2 1 0 .3 5 1 7 9 0 5 7 3

0 .2 5 3 6 9 7 0 7 1 0 .4 2 8 1 4 4 8 3 3 0 .0 5 9 8 2 4 8 3 3 0 .3 3 1 5 3 9 1 3 1 0 .3 9 9 4 3 9 3 4 0 .2 4 9 3 3 9 5 5 4 0 .4 0 .2 0 0 .3 7 7 5 8 7 7 7 2 0 .2 2 0 3 9 7 6 1 7

0 .2 0 .0 6 4 7 4 1 1 1 8 0 .0 4 2 6 5 5 5 8 3 0 .2 8 6 0 2 1 8 8 1 0 .0 3 9 2 3 9 9 4 6 0 .0 2 6 3 6 5 9 1 7 0 .1 5 6 6 8 5 6 4 6 0 .1 5 8 3 5 8 0 4 9 0 .1 2 2 5 2 1 8 1 1 0 .0 6 3 2 0 5 3 8 3 0 .4 0 9 9 4 2 3 4 4

0 .2 0 .2 6 3 0 5 2 3 9 1 0 .2 0 .2 0 .0 6 4 9 4 7 5 3 1 0 .1 1 9 3 9 1 3 8 9 0 .4 0 .0 3 1 7 2 7 0 5 5 0 .2 7 8 4 8 3 7 0 9 0 .2 7 9 9 6 7 5 8 3 0 .2 4 5 7 9 2 6 8 4

0 .0 1 0 2 9 9 4 8 5 0 .0 1 8 1 2 7 9 4 1 0 .3 1 1 2 2 8 3 4 7 0 .2 0 .3 9 5 8 7 9 8 3 8 0 .1 6 7 1 4 5 0 4 4 0 .2 4 9 7 7 7 9 4 3 0 .4 8 1 1 8 1 3 4 9 0 .4 8 5 9 6 4 0 0 6 0 .3 0 9 4 6 7 7 0 6 0 .1 2 0 2 8 7 8 4 5

2 3 2 0 0 0 0 0 0 0 2

0 0 0 0 0 0 0 3 1 2 3

0 0 0 1 2 3 2 1 0 0 0

0 .4 1 .2

+
0 .6 1 .8

+
0 0

0 .8 2 .4

+
0 0

+
2 0 .6

0 .1 0 .3

+
0 .3 0 .9

+
6 1 .8

0 .1 0 .3

+
0 .7 2 .1

+
2 0 .6

0 .4 1 .2

+
0 .4 1 .2

+
2 0 .6

Base Features
K

+

Base Combination Residue Calculation

<latexit sha1_base64="7892cr9TTqXHeL5dshRJMucOwLs="></latexit>

0̂ (x 0, (1 � W
Õ
\8 ) VB )

<latexit sha1_base64="Br091ziqzW4W5P8RvO+Q54LtcpE="></latexit>Õ
\8 · 0̂ (b8 ,WVB )

<latexit sha1_base64="mquqIbAiP2fe7iceUj5Th60Ka0g="></latexit>

0̂ (b8 ,WVB )

+

①

②

High Prc. Feat-Push

Feat-PushLow Prc.

=
<latexit sha1_base64="JqNWPwU7osNC/23+tsEWm63TYfI="></latexit>

0⇤ (x 5 )

• Base Features
o Select           base features
o High Prc. Feat-Push with 

• Non-Base Features
o Combination: linear combination 

of base calculation results
o Low Prc. Feat-Push: sparse 

vectors thus faster
o Complexity:

<latexit sha1_base64="AHi3lgx52PzqV/IxGD/BPoh16P4=">AAACIXicbVDNSgMxGExq1Vp/q0cvwSJ4Krse1JuiIIKXCvYH2qVk02/b0Gx2SbJqWfoQXvXo03gTb+KTeDPd9mBbBwLDzHwwGT8WXBvH+cK5pfzyymphrbi+sbm1vVParesoUQxqLBKRavpUg+ASaoYbAc1YAQ19AQ1/cDX2Gw+gNI/kvRnG4IW0J3nAGTVWatySthDkurNTdipOBrJI3Ckpn/8EGaqdEs63uxFLQpCGCap1y3Vi46VUGc4EjIrtRENM2YD2oGWppCFoL836jsihVbokiJR90pBM/XuR0lDrYejbZEhNX897Y/E/ryW4D7aBBC+V8GiesuDMtR/OdTPBmZdyGScGJJtUCxJBTETGc5EuV8CMGFpCmeL2d4T1qaLM2FGLdjd3fqVFUj+uuCcV984pX1yiCQpoHx2gI+SiU3SBblAV1RBDA/SMXtArfsPv+AN/TqI5PL3ZQzPA37+DHqap</latexit>

 ⌧ �
<latexit sha1_base64="Olz2QolC/UEssgHJ87PyySPUVdQ="></latexit>

V = WVB

<latexit sha1_base64="HWUd2SQTSZRMFMjdhwj6528oKPI="></latexit>

$

 s
<(1 � \BD<)
VB (1 � W\BD<)

!

2 3 2 0 0 0 0 0 0 0 2

0 0 0 0 0 0 0 3 1 2 3

0 0 0 1 2 3 2 1 0 0 0

0 .8 1 .2 0 .8 0 0 0 0 1 .8 0 .6 1 .2 2 .6

1 .6 2 .4 1 .6 0 .2 0 .4 0 .6 0 .4 0 .2 0 0 1 .6

0 .2 0 .3 0 .2 0 .6 1 .2 1 .8 1 .2 1 .5 0 .3 0 .6 1 .1

0 .2 0 .3 0 .2 0 .2 0 .4 0 .6 0 .4 2 .3 0 .7 1 .4 2 .3

0 .8 1 .2 0 .8 0 .2 0 .4 0 .6 0 .4 1 .4 0 .4 0 .8 2

2 3 2 0 0 0 0 0 0 0 2

0 0 0 0 0 0 0 3 1 2 3

0 0 0 1 2 3 2 1 0 0 0

0 .8 1 .2 0 .8 0 0 0 0 1 .8 0 .6 1 .2 2 .6

1 .6 2 .4 1 .6 0 .2 0 .4 0 .6 0 .4 0 .2 0 0 1 .6

0 .2 0 .3 0 .2 0 .6 1 .2 1 .8 1 .2 1 .5 0 .3 0 .6 1 .1

0 .2 0 .3 0 .2 0 .2 0 .4 0 .6 0 .4 2 .3 0 .7 1 .4 2 .3

0 .8 1 .2 0 .8 0 .2 0 .4 0 .6 0 .4 1 .4 0 .4 0 .8 2

n

F

Feature MatrixNode-Oriented

Feature-
Oriented



Experimental Evaluation

9

• Time Efficiency: 10-100× faster precomputation, comparable or 
better training and inference clock time

• Memory Efficiency: Paper100M with 64GB without OOM

• Effectiveness: similar or better F1-score, fast convergence
Table 3: Average results of SCARA and baselines on large-scale datasets for transductive and inductive learning. “Learn”
and “Infer” columns are the learning (sum of precomputation and training) and inference time (s), respectively. “Mem.” is
the peak RAM memory (GB). “F1” is the micro F1-score (%) on testing sets. “OOM” stands for out of memory error, “> 12h”
means the model requires more than 12h clock time to produce proper results. The respective models of �rst and second
best performance in “Learn”, “Infer”, “Mem.”, and “F1” columns are marked in bold and underlined font.

Transductive Reddit MAG Papers100M
Learn ( Pre. + Train) Infer Mem. F1 Learn ( Pre. + Train) Infer Mem. F1 Learn ( Pre. + Train) Infer Mem. F1

GraphSAINT 51.5 ( – 51.5) 26.1 11.1 30.7 ±3.0 – – – – OOM – – – – – OOM –
GAS 3563 ( – 3563) 0.1 14.6 38.0 ±0.2 – – – – OOM – – – – – OOM –
PPRGo 163 ( 157 + 4.8) 74.1 8.0 31.0 ±1.7 – > 12h – – 146 – – – – – OOM –
GBP 1891 (2127 + 16.3) 6.2 8.4 39.2 ±0.3 4572 ( 4470 + 102) 1433 177 ⇤ 34.8 ±0.1 – – – – OOM –

SCARA (ours) 12.0 ( 1.8 + 10.6) 4.8 4.7 40.3 ±0.7 460 ( 380 + 80.0) 1421 49.4 35.0 ±0.3 1471 ( 83.5 + 1388) 2.8 63.7 35.5 ±0.8

Inductive PPI Yelp Amazon
Learn ( Pre. + Train) Infer Mem. F1 Learn ( Pre. + Train) Infer Mem. F1 Learn ( Pre. + Train) Infer Mem. F1

GraphSAINT 2813 ( – 2813) 4.1 3.2 89.3 ±0.2 8589 ( – 8589) 193 54.0 64.9 ±0.1 2612 ( – 2612) 804 87.9 81.3 ±0.1
GAS 326 ( – 326) 0.1 6.6 99.3 ±0.1 3622 ( – 3622) 0.1 22.0 63.8 ±0.0 19218 ( – 19218) 0.4 41.7 71.7 ±0.5
PPRGo 4019 ( 70.0 + 3949) 1.7 2.7 50.1 ±0.7 13073 ( 91.9 +12981) 30.1 16.9 56.5 ±2.6 3041 (2092 + 949) 63.3 27.4 78.4 ±3.0
GBP 86.4 ( 18.5 + 67.9) 0.3 2.5 99.3 ±0.0 198 ( 77.2 + 121) 2.9 13.4 60.6 ±0.1 2193 (1019 + 1174) 7.5 13.4 86.8 ±0.1

SCARA (ours) 49.3 ( 0.5 + 48.9) 0.3 2.5 99.3 ±0.0 154 ( 3.6 + 150) 3.1 7.4 61.4 ±0.4 1281 ( 7.0 + 1274) 6.8 7.3 83.8 ±0.1
⇤ GBP experiment of this entry is conducted on a di�erent machine with a larger 192GB RAM.

4.2 Performance Comparison
We evaluate the performance of SCARA and baselines in terms
of both e�ectiveness and e�ciency. Table 3 shows the average
results of repetitive experiments on 6 large datasets, including
the assessments on accuracy, memory, and the running time for
di�erent phases. Among them the keymetric is learning time, which
is summed up by precomputation and training times and presents
the e�ciency through the information retrieving process to acquire
an e�ective model. The training curves is given in Figure 1.

As an overview, the experimental results demonstrate the superi-
ority of our model achieving scalability through the learning phases.
On all benchmark datasets, SCARA reaches 5 � 100⇥ acceleration
in precomputation time, as well as comparable or better training
and inference speed, and signi�cantly better memory overhead.
When the graphs are scaled-up, the time and memory footprints of
SCARA increase relatively slower than our GNN baselines, which
is in line with our complexity analysis. For prediction performance,
SCARA converges in all tasks and outputs comparable or better
accuracy than other scalable competitors.

From the aspect of time e�ciency, our SCARA model e�ectively
speeds up the learning process in all tasks, mostly bene�ted by the
fast and stable precomputation for graph propagation. The sim-
ple neural model forwarding implemented in mini-batch approach
also contributes to the e�cient computation of model training
and inference. On the largest available dataset Papers100M, our
method e�ciently completes precomputation in 100 seconds, and
�nishes learning in an acceptable length of time, showing the scal-
ability of processing billion-scale graphs. In comparison, sampling-
based GraphSAINT and GAS achieves good performance on several
datasets, but the $ (�!<� ) term in training complexity results in
great slowdown when the graph is scaled-up. GraphSAINT is costly
for its full-batch prediction stage on the whole graph, which is usu-
ally only executable on CPU. GAS is particularly fast for inference,
but which comes with the price of trading o� memory expense

and training time to manipulate these cache. The propagation de-
coupling models PPRGo and GBP show better scalability, but take
more time than SCARA to converge, due to the graph information
yielded by precomputation algorithms. It can be seen that their
node-based propagation computations are less e�cient when the
graph sizes become larger, which aligns with Table 1 complexity
analysis. Remarkably, SCARA achieves about 100⇥ and 40⇥ faster
for precomputation than these two competitors on Reddit and PPI.

When considering memory overhead, our method also demon-
strates its e�ciency bene�t from our scalable implementation. We
discover that the major memory expense of SCARA only increases
proportional to the graph attribute matrix, while PPRGo and GBP
usually demand twice as large RAM, and GraphSAINT and GAS
use even more for their samplers. On the billion-scale Papers100M
graph, most baselines meet out of memory error in our machine.

For learning e�ectiveness, SCARA achieves similar or better
F1-score compared with current GNN baselines. For most datasets,
our model outperforms both the state-of-the-art pre-propagation
approach GBP and the scalable post-propagation baseline PPRGo. It
is worth noting that most baselines fail to or only partially converge
before training terminates in certain tasks.

Figure 1 shows the validation F1-score versus training time on
representative datasets and corresponding GNN models. It can be
observed that when comparing the time consumption to conver-
gence, the SCARA model is e�cient in reaching the same precision
faster than most methods. The performances of several baselines in
the �gure are suboptimal because they require more training time
beyond the display scopes to converge.

4.3 Baseline Comparison
In this section, we further explain our SCARA method comparing
the baseline scalable GNNs. For inference stage, by design the speed
between our SCARA model and GBP should be identical, as both
utilize the same strategy of simply performing neural network fea-
ture transformation without propagation. Actually it is the optimal
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3.4 Complexity Analysis
We then develop theoretical analysis on the time and memory
complexity of SCARA. We have the following lemma:

L���� 3.6. The time complexity of F�������P��� is$ (
q

< kx k1
V ).

P����. We analyze the two parts of Algorithm 1 separately.
The forward push with early termination runs in $ (kx k1/A<0G )
according to [2]. For the random walks in F�������P���, we em-
ploy the complexity derived by [30] as $ (< · A<0G/V). Hence the
overall running time of one query in Algorithm 1 is bounded by
$
⇣
kx k1
A<0G

+ A<0G · <V
⌘
.By applying Lagrange multipliers, the com-

plexity is minimized by selecting A<0G =
q

V kx k1
< . ⇤

According to Lemma 3.6, the time complexity of computing
ĉ (x, V) with Algorithm 1 can be bounded by$ (

p
<kx k1/V). To get

PPR value with absolute error guarantee of _, Algorithm 1 requires
a push coe�cient VB =

_2/log(2/q)
2_/3+2 . Then without F�������R����,

the time complexity for computing PPR value for each normalized
feature vector is bounded by $ (

p
</VB ).

When F�������R���� applies, let \BD< =
Õ=⌫
8=1 \8 denote the

proportion of a feature vector x 5 computed by the base vectors, and
the L1 length of the remaining part x 0 is 1�\BD< . In Algorithm 2, we
compute the remaining part with push coe�cient of (1�W\BD<)VB ,
where 0 < W  1. Recalling that the L1 length of the feature vector
is reduced by \BD< with F�������R����, we can derive that the
time complexity of computing PPR value of x with F�������R����

is $
✓q

< (1�\BD<)
VB (1�W\BD<)

◆
, which is

q
1�\BD<
1�W\BD< times smaller than those

without F�������R����.
For example, if we compute \BD< = 1/2 for a vector x 5 with the

base vectors, and set W = 1/4, then the complexity of computing the
PPR for x 5 is $ (

p
4</7VB ), which is substantially better than the

consumption without F�������R���� $ (
p
</VB ). The overhead of

each base vector is$ (
p
4</VB ), which is only twice slower than the

original complexity. As we select only a few base vectors, the addi-
tional overhead produced by computing base vectors is neglectable
comparing with the acceleration gained.

When F�������R���� applies, the complexity of computing a
feature vector is not worse than the complexity without F�������
R����, and are equivalent to the latter only when \BD< = 0 (i.e.
the feature vector is completely orthogonal with the base vectors).
Therefore in the worst case, the complexity of SCARA on feature
matrix ^ is equivalent to repeating � queries of Algorithm 1. By
settingq = 1/=, we can derive the time overhead of SCARA precom-
putation. For the complexity of memory, the usage of a single-query

F�������P��� can be denoted as $ (=). Hence the precomputation
complexity of SCARA is given by the following theorem:

T������ 3.7. Time complexity of SCARA precomputation stage
is bounded by $

⇣
�
p
< log=/_

⌘
. Memory complexity is $ (=� ).

4 Experimental Evaluation
In this section we compare the SCARA performance with other
scalable GNN competitors under similar parameter settings.

4.1 Experiment Setting
Datasets. We adopt benchmark datasets of di�erent graph prop-
erties, feature dimensions, and data splitting for large-scale node
classi�cation tasks. We present the dataset statistics in Table 2.
Among the datasets, PPI, Yelp, and Amazon are for inductive learn-
ing, where the training and testing graphs are di�erent and require
separate graph precomputation and propagation. The given origi-
nal node splittings are in Table 2. The learning tasks on the other
datasets are transductive and are performed on the same graph
structure. For a dataset with #2 target classes, we refer to conven-
tion in [5, 18] to randomly select two sets of 20#2 and 200#2 nodes
for training and validation, respectively, and the rest labeled nodes
in the graph as the testing set.
Metrics. Predictions on datasets PPI, Yelp, andMAG are multi-label
classi�cation having multiple targets for each node. The other tasks
are multi-class with only one target class per node. We uniformly
utilize micro F1-score to assess the model prediction performance.
The evaluation is conducted on amachine with Ubuntu 18 operating
system, with 160GB RAM, an Intel Xeon CPU (2.1GHz), and an
NVIDIA Tesla K80 GPU (11GB memory). The implementation is by
PyTorch and C++.
Baseline Models. We select the state-of-the-art models of di�er-
ent scalable GNN methods analyzed in Section 2 as our baselines.
GraphSAINT-RW [36] and GAS [12] are representative of di�er-
ent sampling-based algorithms. For post- and pre-propagation de-
coupling approaches, we respectively employ the most advanced
PPRGo [5] and GBP [8]. For a fair comparison, we mostly retain
the implementations and settings from original papers and source
codes. We uniformly apply single-thread executions for all models.
Hyperparameters. Propagation parameters U, A , _ and F�������
R���� parameters =⌫,W, X0 are presented in Table 2 per dataset.
For neural network architecture we set layer depth ! = 4, layer
width, = 2048 and, = 128 for inductive and transductive tasks,
respectively, to be aligned with optimal baseline results in [8]. In
model optimization, we employ mini-batch training with respective
batch size 2048 and 64 for inductive and transductive learning, for
a maximum of 1000 epochs with early stopping.

Table 2: Dataset statistics and parameters. “Split” is the percentage of nodes in training/validation/testing set. “(i)” and “(t)”
stand for inductive and transductive tasks. “(m)” and “(s)” stand for multiple and single target classi�cations.

Dataset Nodes = Edges< Features � Classes #2 Split Probability U Convolution A Common

PPI [15] 56, 944 818, 716 50 121 (m) 0.79/0.11/0.10 (i) 0.3 0.0
_ = 1 ⇥ 10�4
=⌫ = 0.02=*

W = 0.2
X0 = 1/16

Yelp [36] 716, 847 6, 977, 410 300 100 (m) 0.75/0.10/0.15 (i) 0.9 0.3
Reddit [15] 232, 965 114, 615, 892 602 41 (s) 0.01/0.04/0.96 (t) 0.5 0.5
Amazon [10] 2, 400, 608 123, 718, 024 100 47 (s) 0.70/0.15/0.15 (i) 0.2 0.2
MAG [34] 27, 394, 820 366, 143, 207 200 100 (m) 0.01/0.01/0.99 (t) 0.5 0.5

Papers100M [16] 111, 059, 956 1, 615, 685, 872 128 172 (s) 0.78/0.08/0.14 (t) 0.2 0.5
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comparing with the acceleration gained.

When F�������R���� applies, the complexity of computing a
feature vector is not worse than the complexity without F�������
R����, and are equivalent to the latter only when \BD< = 0 (i.e.
the feature vector is completely orthogonal with the base vectors).
Therefore in the worst case, the complexity of SCARA on feature
matrix ^ is equivalent to repeating � queries of Algorithm 1. By
settingq = 1/=, we can derive the time overhead of SCARA precom-
putation. For the complexity of memory, the usage of a single-query

F�������P��� can be denoted as $ (=). Hence the precomputation
complexity of SCARA is given by the following theorem:

T������ 3.7. Time complexity of SCARA precomputation stage
is bounded by $

⇣
�
p
< log=/_

⌘
. Memory complexity is $ (=� ).

4 Experimental Evaluation
In this section we compare the SCARA performance with other
scalable GNN competitors under similar parameter settings.

4.1 Experiment Setting
Datasets. We adopt benchmark datasets of di�erent graph prop-
erties, feature dimensions, and data splitting for large-scale node
classi�cation tasks. We present the dataset statistics in Table 2.
Among the datasets, PPI, Yelp, and Amazon are for inductive learn-
ing, where the training and testing graphs are di�erent and require
separate graph precomputation and propagation. The given origi-
nal node splittings are in Table 2. The learning tasks on the other
datasets are transductive and are performed on the same graph
structure. For a dataset with #2 target classes, we refer to conven-
tion in [5, 18] to randomly select two sets of 20#2 and 200#2 nodes
for training and validation, respectively, and the rest labeled nodes
in the graph as the testing set.
Metrics. Predictions on datasets PPI, Yelp, andMAG are multi-label
classi�cation having multiple targets for each node. The other tasks
are multi-class with only one target class per node. We uniformly
utilize micro F1-score to assess the model prediction performance.
The evaluation is conducted on amachine with Ubuntu 18 operating
system, with 160GB RAM, an Intel Xeon CPU (2.1GHz), and an
NVIDIA Tesla K80 GPU (11GB memory). The implementation is by
PyTorch and C++.
Baseline Models. We select the state-of-the-art models of di�er-
ent scalable GNN methods analyzed in Section 2 as our baselines.
GraphSAINT-RW [36] and GAS [12] are representative of di�er-
ent sampling-based algorithms. For post- and pre-propagation de-
coupling approaches, we respectively employ the most advanced
PPRGo [5] and GBP [8]. For a fair comparison, we mostly retain
the implementations and settings from original papers and source
codes. We uniformly apply single-thread executions for all models.
Hyperparameters. Propagation parameters U, A , _ and F�������
R���� parameters =⌫,W, X0 are presented in Table 2 per dataset.
For neural network architecture we set layer depth ! = 4, layer
width, = 2048 and, = 128 for inductive and transductive tasks,
respectively, to be aligned with optimal baseline results in [8]. In
model optimization, we employ mini-batch training with respective
batch size 2048 and 64 for inductive and transductive learning, for
a maximum of 1000 epochs with early stopping.

Table 2: Dataset statistics and parameters. “Split” is the percentage of nodes in training/validation/testing set. “(i)” and “(t)”
stand for inductive and transductive tasks. “(m)” and “(s)” stand for multiple and single target classi�cations.

Dataset Nodes = Edges< Features � Classes #2 Split Probability U Convolution A Common

PPI [15] 56, 944 818, 716 50 121 (m) 0.79/0.11/0.10 (i) 0.3 0.0
_ = 1 ⇥ 10�4
=⌫ = 0.02=*

W = 0.2
X0 = 1/16

Yelp [36] 716, 847 6, 977, 410 300 100 (m) 0.75/0.10/0.15 (i) 0.9 0.3
Reddit [15] 232, 965 114, 615, 892 602 41 (s) 0.01/0.04/0.96 (t) 0.5 0.5
Amazon [10] 2, 400, 608 123, 718, 024 100 47 (s) 0.70/0.15/0.15 (i) 0.2 0.2
MAG [34] 27, 394, 820 366, 143, 207 200 100 (m) 0.01/0.01/0.99 (t) 0.5 0.5

Papers100M [16] 111, 059, 956 1, 615, 685, 872 128 172 (s) 0.78/0.08/0.14 (t) 0.2 0.5
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3.4 Complexity Analysis
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⌘
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< . ⇤

According to Lemma 3.6, the time complexity of computing
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• Time Efficiency: 10-100× faster precomputation, comparable or 
better training and inference 

• Memory Efficiency: Paper100M with 64GB without OOM

• Effectiveness: similar or better F1-score, fast convergence
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Figure 1: Validation F1 convergence curves of SCARA and baseline models on (a) Reddit, (b) PPI, and (c) Yelp datasets. Curves
only represents the process of training phase. Shaded area is result range of multiple runs.

inference e�ciency in the context of GNN, bene�t from the decou-
pled beforehand propagation, and is favorable for applications such
as online settings because it no longer requires interacting with
graph structure after deployment. Table 3 shows that in all applica-
ble datasets, the recorded inference time is at the same level of GBP,
and the di�erence is within the error margin of repetitive experi-
ments. It also indicates that the inference e�ciency of both SCARA
and GBP are signi�cantly better than other non-pre-propagation
approaches, hence ideal for practical use.

Apart from inference queries, the learning stage is also important
in scalable GNN research. Themajority of related studies [10, 19, 36]
focus on improving the learning time, as it is dominant in the
resource-demanding GNN learning pipeline. Typical GNN training
performs iterative updates that query every node in graph for �
epochs, where � = 1000 in our experiments. In such case, e�ectively
acquiring a learned model is prohibited if the learning expense is
too high. Our pre-propagation solution moves propagation outside
iterative training, hence the latter becomes simple and e�cient.

In particular, with regard to GBP, which is the state-of-the-art in
pre-propagation GNNs with enhanced propagation and precision
over SGC [31], we make a take-away table for our novelty in Table 4.
Comparing to GBP, our SCARA model greatly optimizes the pre-
computation procedure as highlighted in Table 4, hence produces
better overall e�ciency.

The GBP model employs a PPR-based bidirectional propagation
from both node and feature dimensions. It hence still contains a
node-oriented scheme. Interpret from complexity analysis in Sec-
tion 2, it is sensitive to the graph size= and slows down signi�cantly
for large-scale graphs. In comparison, our Forward Push and Ran-
dom Walk both operate in the usually constant feature dimension
and produces better e�ciency and scalability. To study the approx-
imation on features and utilize generalized PPR calculations, we
uniquely propose a complete theoretical framework for precision
and complexity analysis for feature PPR problem in Section 3.2.
This distinguish SCARA from GBP which relies on straightforward
PPR algorithms. Bene�t from the pure feature-oriented calcula-
tion, SCARA is able to perform optimizations based on particular
properties of feature vectors, illustrated as F�������R���� in our

Table 4: Comparison between SCARA and GBP.

Model Propagation Sensitive Computation Memory
to = Reuse Overhead

GBP Node-oriented Yes N/A $ (4=� )
SCARA Feature-oriented Less F�������R���� $ (2=� )

Table 5: Comparison of SCARA andGBPprecomputation on
MAG and Papers100M on alternative machine.

Transductive MAG Papers100M
Pre. Mem. Pre. Mem.

GBP 4470s 177GB – OOM
SCARA (ours) 449s 49.4GB 73.6s 63.7GB

Section 3.3. Such technique is not applicable on GBP propagation
due to its interdependence of nodes among features.

We conduct additional experiments on another machine which
has larger RAM capacity (256GB) to particularly compare the pre-
computation overhead between SCARA and GBP on the largest
MAG and Papers100M. Table 5 shows that on MAG, GBP requires
more than 10⇥ processing time as well as 177GB RAM, which ex-
ceeds our original machine with 160GB bound. For Papers100M
which has about 40GB raw data, even the 256GB capacity is insuf-
�cient for GBP to complete precomputation. In fact, we note that
in [28], it utilizes up to 512GB RAM to conduct the experiment of
GBP on Papers100M.

We compare the estimated memory overhead between SCARA
and GBP in Table 4. While both models have an $ (=� ) complexity,
the hidden coe�cients are di�erent. We conclude two major causes
by analyzing the source code of GBP: Firstly, GBP adopts node-
oriented processing on the attribute matrix, which naturally re-
quires more intermediate cache; Secondly, GBP practically employs
higher numeric precision in storing and calculating the features,
which is proved by us does not impact the accuracy in approximate
propagation in the following section. Note that the numeric pre-
cision is di�erent from (and much smaller than) the algorithmic
precision _, with the latter we control the same among models.
Such analysis explains the performance of GBP on large datasets
as demonstrated in Table 5.

4.4 E�ect of Parameters
In this section we explain the selection of parameters. Regarding
the default selection in Table 2, we set the values of U and A for
shared datasets mainly according to GBP [8, 28] in order to produce
comparable results. Reddit and MAG are employed with our own
strategy: we use A = 0.5 for better comparison and generality, while
U is decided based on graph density. The error bound _ can be
arbitrarily large as long as it does not reduce e�ectiveness, we
hence uniformly set it to _ = 1 ⇥ 10�4 for all datasets to provide
aligned evaluations across datasets.
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• SCARA framework: FEATURE-PUSH for fast single feature 
computation, FEATURE-REUSE for reuse among features

• Feature-Oriented Propagation: sub-linear precomputation 
complexity with guaranteed precision

• Performance Evaluation: 10-100× faster precomputation, efficient 
feature transformation, relatively low RAM overhead

• Future Work: expand and generalize feature-oriented optimizations, 
apply to more GNN models
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