HHEER S KR DOI: 10. 7544/issn1000-1239. 2018, 20170697
Journal of Computer Research and Development 55(2) . 273-288, 2018

EH F Multi-GPU I & 19 K ##% B £ 18 &b 12

% K kiR REE
PO E BRI dEE 100190)
PO EFBIEBERSE JERT 100049)

(zhangheng(@nfs. iscas. ac. cn)

Large-Scale Graph Processing on Multi-GPU Platforms

Zhang Heng'?, Zhang Libo', and WuYanjun'
Y (Institute of So ftware, Chinese Academy of Sciences, Beijing 100190)
! (University of Chinese Academy of Sciences, Beijing 100049)

Abstract GPU-based node has emerged as a promising direction toward efficient large-scale graph
processing, which is relied on the high computational power and scalable caching mechanisms of
GPUs. Out-of-core graphs are the graphs that exceed main and GPU-resident memory capacity. To
handle them, most existing systems using GPUs employ compact partitions of fix-sized ordered edge
sets (i. e. , shards) for the data movement and computation. However, when scaling to platforms
with multiple GPUs, these systems have a high demand of interconnect (PCI-E) bandwidth. They
suffer from GPU underutilization and represent scalability and performance bottlenecks. This paper
presents GFlow, an efficient and scalable graph processing system to handle out-of-core graphs on
multi-GPU nodes. In GFlow, we propose a novel 2-level streaming windows method, which stores
graph’s attribute data consecutively in shared memory of multi-GPUs, and then streams graph’s
topology data (shards) to GPUs. With the novel 2-level streaming windows, GFlow streams shards
dynamically from SSDs to GPU devices’ memories via PCI-E fabric and applies on-the-fiy updates
while processing graphs. thus reducing the amount of data movement required for computation. The
detailed evaluations demonstrate that GFlow significantly outperforms most other competing out-of-
core systems for a wide variety of graphs and algorithms under multi-GPUs environment, i.e. , yields
average speedups of 25.6X and 20.3X over CPU-based GraphChi and X-Stream respectively, and
1.3~2.5X speedup against GPU-based GraphReduce (single-GPU). Meanwhile, GFlow represents

excellent scalability as we increase the number of GPUs in the node.
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Execution flow in GFlow of multi-GPU
Multi-GPU F GFlow B$fT i 787w 2 1K

@ new_pr=1— ataXgatherResult;

© HH D, FEUH rank =new_pr.

&% 3. GFlow 1 PageRank K Scatter pR%Y K.

BN SRR D, GAEURE Do s

Bk s D, B E BRIRA.

@O THRESHOLD=0.01{;

[ 58 SCH T ROIR A B E « /
@ 5 D, YT AE S R AE B 240 2 E
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@

® ELSE

@ return true.
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SR 58 BORE I B T AR B 1 B R A 22 R 2 A
P B4y Be 2= X0 Y GPU 4%, el FE b, o T BEAIK
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s YO A& fi A0 58T 19 7 42 JF 4 . GFlow 35 524
2 AW B a4 AT T U0 AR &l 5 iR 1Y 8L
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(a) Strip-shard partitions (b) Grid-shard partitions

Fig. 6 Balanced grid-based graph partition in GFlow
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Grid-based graph partition and streaming I/O operations in GFlow
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Table 1 The Evaluation Datasets
F1 BATIREBIENMEBIEESE
Dataset Vertices | V| Edges | E| Dataset Size size
coAuthorsDBLP 299067 977676 45.5MB
belgium osm 1441295 1,549,970 98.5MB
kron-g500-logn20 1. 05 million 44. 6 million 1.8GB
GPU In-Memory
amazon 403394 3387388 182 MB
road-CA 1965206 5533214 283 MB
webbase-1M 1. 0 million 3. 1 million 167 MB
kron-g500-logn21 2.1 million 91. 0 million 5.6GB
GPU Out-of-Core uk-2002 18. 5 million 298. 1 million 16.1GB
twitter 41. 7 million 1. 4 billion 52.4GB
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Fig. 10 The comparison results for elapsed time of out-of-core graph parallel-processing systems and GFlow
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Table 2 Speedup of GFlow on Different Graph Applications and Datasets

* 2 EE7E Multi-GPU LT R 43t bE
Algorithm # GPU webbase kron-g500-logn21 uk-2002 twitter
2vs 1 1.43 1.59 1. 64 1.52
PageRank
6 vs 1 2.74 3.30 2.98 2.86
2 vs 1 1. 60 1.35 1.41 1.72
BFS
6 vs 1 2.42 4. 14 2.83 2.26
2 vs 1 1. 36 1.23 1. 30 1. 46
SSSP
6 vs 1 2.23 2.98 2.72 2.82

Note: That speedup ratio is measured on N-GPU vs 1-GPU.
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