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Abstract

Large graphcomputing has been a fundamental computing pattern in both academic and industry field, and it
was applied to a lot of practical big data applications, such as social network analysis, web page search, and goods
recommendation. In general, most of large graphs scale to billions of vertices, and corresponding to hundreds billions
of edges, which brings us challenges of efficient graph processing. Therefore, the basic feature and challenges of current
large graph computing, typical computing models, and representative distributed, and single machine large graph
processing systems were introduced. Then, some key technologies employed in large graph computing were summarized.

Finally, some research directions in large graph computing from a system perspective were given.
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vertex_scatter(vertex v)
send updates over outgoing edges of v

vertex_gather(vertex v)
apply updates from inbound edges of v

while not done
vertex_scatter(v)

for all vertices v that have updates
vertex_gather(v)

for all vertices v that need to scatter updates

B1 USRIyt EsR

edge_scatter(edge e)
send update over e

update_gather(update u)
apply update u to u.destination

while not done
for all edges e
edge_scatter(e)
for all updates u
update gather(u)

2 LBt s
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I, 2EflGraphLabHJapply( ), ] LK H:

scatter phase:
for each streaming_partition p
read in vertex set of p
for each adge e in edge list of p
edge_scatter(e):append update to U,

shuffle phase:
for each update u in U,,,
let p=partition containing target of u
append u to U,,(p)
destroy U,

gather phase:
for each streaming_partition p
for each update u in U, (p)
edge_gather(u)
destrov U..(p)

8 X-Stream UL AIMEITEAEEY (Uin/Uout REEIN / HIBEE) ™
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