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: Many problems can be represented as graph theory problems,

such as human relationship network analysis in social
studies and detecting protein complexes in Protein-Protein
Interaction networks in biological studies. We can
construct a network by adding nodes to represent objects in
the original problem and linking any two nodes with an edge
if there is a relationship between the two objects. After
we create networks and transfer the original problems to
graph theory problems, the problems can be viewed as graph
theory problems and solved by graph theory’ s skills.

Community, in which nodes are joined tightly together,
exists in many real network networks. Detecting community
in a network is a very important research topic, because it
has many practical applications. For example, detecting
communities can help us find out real social groupings in a
social network, related papers on a single topic in a
citation network, protein complexes in a Protein-Protein
Interaction network and web pages on related topics in the
internet. Therefore, detecting communities in real networks
can help to understand how real world works.

Because detecting community in a network 1s a very
important research topic, there are many detecting
community methods are developed. Among these methods, CPM
(Clique Percolation Method) is a widely used method. CPM
detects communities by finding k-clique community which is
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the union of all cliques of size k that can be reached
through adjacent (sharing k-1 nodes) k-cliques. Finding k-
clique communities is a time-consuming task. To solve this
problem, we developed a parallel algorithm to reduce the
running time of finding k-clique communities. Experimental
results showed that our method outperforms previous ones,
however, our method is high memory-demanded and we want to
improve it in this project. Besides, we will try to use
objects’ localization information to help us detect
community structure from networks.
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Input: G(V, E)
Output: Cy,...c-1// ci=list of nodes in the i-th maximal clique in G
Chin(G):
foreach edge (v;, v;) of G do
Ri={vi v}
P := N(vi) N N(v;j) N {Vj+1, ..., Vni}
X = N(vi) N N(v;) N {vo, ..., Vj-1}
BronKerbosch(R, P, X)

BronKerbosch(R, P, X):

if P and X are both empty do
report R as a maximal clique

choose a pivot vertex uin P U X

foreach vertex v in P\ N(u):
BronKerbosch(R U {v}, P N N(v), X N N(v))
P:=P\{v}
X:=XU{v}
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Input: co,...cr-1// ci=list of nodes in the i-th maximal clique in G
Output: (kmax — 1) collections of disjoint sets Fy,
k € [2, kmax], corresponding to the k-clique communities of G

Chin(cy,...C11):
all processors g s.t. q € [0, p-1] do in parallel
foreach k € [2, kmax -1] dO
Faqk < < L singleton sets {0}, ... ,{L-1} >
foreach i € [0, I-1] s.t. imod p = g do
forj«<i+1tol-1do
for k <~ OVERLAP(c;,cj) to 2 do
if Fqk[i] = Fqx[i] then
break
else
UNIONg,«(i, J)
foreach k € [2, kmax -1] dO
foreach q € [1, p-1] do
foreachi € [0, I-1] do
if Fqk[i] =i then
UNIONg,k(Fq.k[i] , 1)
Return Fox, K € [2, Kmax-1]
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