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Abstract Graph data is widely used in represented as structured data such as the social user network. The size of graph
becomes larger, so parallel and distributed processing has become very important. However, in almost every case, the data is
larger than the memory size of GPU, so a very large number of data transfers between CPU’s memory and GPU’s memory.
Therefore, the method of graph partitioning is very important. When data processing using GPU, it is necessary to consider
the characteristics of GPU’s memory. In this study, we propose two methods of partitioning graph data using GPU and CPU.
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Algorithm 1 Compute hash value

Algorithm 3 Decide agglomerative combination

Require: Edge list £,
Require: Number of hashes H
Ensure: Hash list Hash,
for all h =1 to H in parallel do
Hashylh) = HASH_MAX
for all e € E, do
Hashy|h] = Min(hashy(e), Hash,[h])
end for

end for

Algorithm 2 Compute jaccard coefficient

Require: Hash list Hash,,
Require: Hash list Hash,,

Require: Number of hashes H
Ensure: Jaccard coefficient similarity
for all h=1to H do
similarity = 0
if Hashy, [h] = Hashy,[h] then
similarity = similarity + 1
end if
end for

similarity = similarity/H
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Require: Vertex list V'
Require: Similarity list Sim
Require: Cluster lists Cluster
Require: Cluster numbers Cluster_num
Require: Number of max cluster size MCS
Ensure: Cluster lists Cluster
Ensure: Cluster numbers Cluster_num
Aggi(ieV)=0
for all v; € V in parallel do
for i =1 to |Sim.,, | do
vz = GetVertexNumber(Sim., , i)
c1 = Cluster_num.,,
¢z = Cluster_num.,
if GetSimilality(Sim., ,i) = GetSimilality(Sim.,, 1)
And ¢; £ 2
And |Cluster., | + |Cluster.,| < MCS then
Add v3(vs € Clustere,) to Cluster.,
Cluster_num., (vs € Cluster.,) = ¢
Agge, = Max(Agge,, Agge,) + 1
delete Cluster., in Cluster
end if
end for

end for

Algorithm 4 Compute hash value after aggregation

Require: Hash list Hash,,

Require: Hash list Hash.,
Require: Number of hashes H
Ensure: Hash list Hash.,
for all h € H in parallel do
Hashy, [h] = Min(Hashyi[h], Hashy, [h])

end for
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Algorithm 5 Graph clustering based on hierarchical agglomerativeAlgorithm 7 Graph clustering based dgameans

clustering

Require: A graph G = (V. E)
Require: Number of hashes H

Require: Number of max cluster size MCS
Ensure: Cluster lists Cluster
Hash,(v € G)=Compute hash value (E,, H) in parallel
Add v(v € G) to Cluster,
Cluster num,(v € G) =v
repeat
old_N = |G|
Sim=Compute jaccard similarity
(vi(v1 € G),v2(v2 € G), H) in parallel
Sort Sim by descending order of similarity in parallel
Decide agglomerative combination
for all v2 € G in parallel do
if Cluster_num,, £ v then
v1 = Cluster_nums,
Hash.,,=Compute hash value after aggregation
(Hashy, , Hashy,, H)
delete vz in G
end if
end for

until |G| = old_N

Algorithm 6 Dicide cluster number

Require: Number of vertices list V'
Require: Number of clusters K
Require: Similarity list Sim
Require: Number of max cluster size MCS
Ensure: Node clusters Cluster
Ensure: Cluster numbers Cluster_num
changed =0
for all v € V in parallel do
for alli=1to K do
if GetSimilality(Sim,,i) = GetSimilality(Sim.,,1)
then
¢ = GetClusterNumber(Sim.,, i)
if |Cluster.| < MCS then
Cluster_num, = ¢
Add v to Cluster.
break
end if
else
Cluster num, = K +1
end if
end for

end for
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Require: A graph G = (V,E)
Require: Random cluster C' = (K, E)
Require: Number of hashes H
Require: Number of max cluster size MCS
Ensure: Node clusters Cluster
Hash, (v € G)=Compute hash value (E,, H) in parallel
C_Hash, (v € C)=Compute hash value (E,, H) in parallel
Cluster_num,(v € G) = |C|+1
repeat
Sim=Compute jaccard similarity
((v1(v1 € G),v2(v2 € C), H) in parallel
Sort Sim by descending order of similarity in parallel
Decide cluster number
Old_Hash = C_Hash
C_Hash=HASH_MAX
for all v € |G| do
if Cluster_num., % |C|+ 1 then
¢ = Cluster_num,
C_Hash.=Compute hash value after clustering
(C_Hash., Hash.,, H)
end if
end for
changed = 0
for all v € C' do
for all h € H do
if Old_Hash,[h] & C_Hash,[h] then
changed + +
end if
end for
end for

until changed = 0
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4.3.1 Silhouette coefficient
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