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What ŘƻŜǎ άƘǳƎŜέ 
mean?
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SunwayTaihuLight

TaihuLightTop500 ranking:  #3 (2018 Nov),  #1 (2016, 2017)

ÅPageRank iteration on 12 trillion edges in 8.5s (1.4 TPEPS)
ÅOn 70 trillion edges, nearly 2 TPEPSfor PageRank and WCC
Å774 GPEPS for BFS

(PEPS = processes edges per second as opposed to TEPS)

7Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Log(Graph): effective compression with 
low-overhead decompression!

How about 
compression?
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