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Abstract

Recently, with the development of network technologies, as loT and social network service
applications have been actively used, a lot of graph stream data is being generated. In this paper, we
propose a graph compression scheme that considers the stream graph environment by applying graph
mining to the existing compression technique, which has been focused on compression rate and
runtime. In this paper, we proposed Incremental frequent pattern based compression technique for
graph streams. Since the proposed scheme keeps only the latest reference patterns, it increases the
storage utilization and improves the query processing time. In order to show the superiority of the
proposed scheme, various performance evaluations are performed in terms of compression rate and
processing time compared to the existing method. The proposed scheme is faster than existing similar
scheme when the number of duplicated data is large.
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Algorithm 1. Initialize Frequent Pattern

Require  Streaming Graph G
Ensure . Pattern Dictionary P

for e in B
single_edge = new Graph()
single_edge.add _vertex(id=0, label=labell€,..])

single_edge.add _vertex(id=1, label=labell€,; gt D

single_edge.add edge(0,1 Iabel=labelle])
update_pattern(single_edge)
end for
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Algorithm 2. Incremental Frequent Pattern

Require . Pattern Dictionary P

Ensure © Update Pattern Dictionary P ’

for g in gp
count +=1
Gy = Dict(lg(v) :p(v) for p(v), gv) in gl
for p(). gv) in g
gle) = gp@lg p.incident(g(v))]
ple) = p(e)lp.incident(p(v))]
if gle)(ple)
continue
for e in g(e)
gs,.c(’l)) = e.src
gtgt(v) = ergt
if Dy oy is None
Dpew = p-copy()

if gsm(v) not in e
p_new.add_vertex = Dg,..

p_new.add _edge = (p,qu“ p;gt' D
else if gtgt(v) not in e
p_new.add vertex = pigt
p_new.add_edge = (pi,.c, pfyt, D
else
safe_add_edge(p_new, pi'r'c,v pigtv )
end if
end if
end for
end if

end for
end for
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