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Abstract. We propose an algorithm for detecting communities in net-
works. The algorithm exploits degree and clustering coefficient of vertices
as we hypothesize that these metrics characterize dense connections in-
dicative of a community. Each vertex, independently, seeks the commu-
nity to which it belongs by visiting its neighbor vertices and choosing
its peers on the basis of their degrees and clustering coefficients. The
algorithm is intrinsically data parallel. We devise a version for graph-
ics Processing Unit (GPU). We empirically evaluate the performance of
our method. We measure and compare its efficiency and effectiveness to
several state of the art community detection algorithms. Effectiveness
is quantified by five metrics, namely, modularity, conductance, internal
density, cut ratio and weighted community clustering. Efficiency is mea-
sured by the running time. Clearly the opportunity to parallelize our
algorithm yields an efficient solution to the community detection prob-
lem.

1 Introduction

Communities forms when groups of vertices in the network are connected more
to their group peers than to the other vertices in the network. Discovering such
groups or communities helps to find efficient ways to distribute or gather infor-
mation in online social network for example. It is a useful tool in fields such
as sociology, biology and marketing. In this paper, we propose an algorithm for
efficient detecting good communities.

We model the networks as simple graph G(V,E). V is a set of vertices and
E is a set of edges. It is undirected, un-weighted, and has no self-loop. The idea
of our method is for each vertex to seek the community to which it belongs by
visiting its neighbor vertices. Decisions are made based on the degrees, clustering
coefficients of the neighbors and the number of common neighbors. Our method
starts from micro perspective, which is different from the previous works such
as GN. Considering the size of networks nowadays, we would like our method
to have a decent scalability so that it can have the capability to deal with the
large networks in a short time. Therefore we intend to have as few as possible
the pairs-wise computation among vertices. Instead of finding similar vertices by
computing similarities of all pairs of vertices in graph, we suggest to get similar
vertices by looking around neighborhood only. Anyway the similar vertices in
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the same community are more likely among the neighbors. This significantly
reduces the complexity except in the case of complete graphs. In our algorithm,
as each vertex independently evaluates its neighborhood and joins a community
by following one of its immediate neighbors or stands alone, the algorithm is
intrinsically data parallel. We devise a parallel version for graphics Processing
Unit (GPU) according to the sequential version for CPU.

We empirically evaluate the performance of our algorithm with both real
world networks and synthetic networks. We evaluate the quality of communities
by metrics from different classes [36], and one recently proposed metric [28].
The metrics include modularity, conductance, internal density, cut ratio, and
weighted community clustering (WCC ). Those metrics indicate the community
quality from different perspectives. We measure the running time. We compare
our algorithm with several the state-of-the-art algorithms.

The rest of the paper is organized as follows. Section 2 briefly reviews the
related works on graph clustering and community detection. Section 3 presents
the algorithm we propose. Section 4 shows the experiment setting, experiment
results and results analysis. Finally we conclude in Section 5.

2 Related Work

Graph clustering and community detection methods can be categorized into
several classes. Several authors [27] [18][37] [17] [33] use random walks. For ex-
ample, Pascal and Matthieu [27] used random walk to calculate the similarities
which they call distance between each pair of adjacent vertices, and then use
Ward’s agglomerative hierarchical clustering approach to find communities. Jin
et al. [18] proposed an algorithm based on Markov random walk to unfold the
communities, and extract them with cutoff criterion in terms of conductance.
Dongen [33] propose Markov Clustering which simulates the random walks and
calculates them by Markov Chain.

Several authors [25][4][26][15][16] focus on modularity which is first proposed
by Girvan and Newman [13]. Modularity is invented as the number of edges
inside groups minus the expected number in an equivalent graph with edges
placed at random. An equivalent graph here means that the graph has the same
number of edges and the same degree distribution. For example, Clauset [4]
defines a local measurement of community structure called locally modularity
and proposes an agglomerative algorithm to maximize the local modularity of
the communities detected. Girvan and Newman [25] propose a divisive method to
identify community. The edges with highest betweenness are removed iteratively,
which disconnects the graph into communities. The best partition has the highest
modularity.

Some authors [9][12] use cliques. For example, Du et al. [9] use maximal
cliques for community detecting. An algorithm called ComTector is proposed.
It enumerates all maximal cliques for finding clustering kernel, assigns the rest
vertices to closest kernels, and merges fractional communities. Palla et al. [12]
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design the clique percolation method (CMP) which finds all cliques of size k.
Communities are connected union of k-cliques.

The authors of [30][5][1] detect community in an agglomerative way. Ahn et
al. [1] define clusters as sets of edges. Their method group edges with an ag-
glomerative hierarchical clustering technique. Clauset et al. [5] propose a greedy
hierarchical agglomerative algorithm. It starts from each vertex being a com-
munity and then joins two communities at each iteration. The two communities
are selected based on the idea of maximizing modularity increment. They use
dendrogram to represent the whole process.

Besides those ideas, Jierui and Boleslaw [34] propose speaker-listener label
propagation algorithm for overlapping community detection. Zhang et al. [38]
propose a method that combines spectral mapping, fuzzy clustering and the op-
timization of a quality function. Yan and Gregory [35] propose an optimization
algorithm for existing community detection algorithms. Pairwise vertex similar-
ities are measured beforehand, and existing algorithms are applied on the graph
with the vertex similarities as edge weights. Rosvall and Bergstrom [29] use
information theoretic approach to detect community in weighted and directed
network.

Some methods, such as those presented in [2][3][14][19][6], detect community
locally, which is closer to but not the same as ours. For example, Baumes et al.
[2][3] propose two heuristics to detect locally dense subgraphs as communities.
Two different subgraphs with significant overlap can be both locally optimal
and thus they are overlapping communities. The first heuristic finds disjoined
clusters by deleting high-ranking vertices and then adds the deleted vertices to
one or more clusters. The second one starts from randomly chosen seeds and
then adds or deletes one vertex at a time till the density metric cannot be
improved further. Goldberg et al. [14] propose an additional requirement based
on [2][3] which requires the community to be a connected sub-graph. so that the
algorithm is able to examine the connectivity of the cluster found.

3 Algorithm

We propose an algorithm that delegates the job of finding communities to each
vertex. Vertex seeks its community independently. The decisions of which com-
munity to join are made based on the degrees and clustering coefficients of
neighbors, as well as the number of common immediate neighbors. We hypothe-
size that the vertices tend to join groups with more connections. In other words,
the vertices try to attach themselves to dense structures, structures with more
connections among vertices in this structure.

The algorithm starts by calculating degrees and local clustering coefficient
for each vertex (line 1). Local clustering coefficient is defined as

cc[i] =
ejk : j, k ∈ V, ejk ∈ E

degree[i] ∗ (degree[i]− 1)
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It is the ratio between the number of edges between vertices within its neigh-
borhood and the number of edges that could possibly exist between them. It
quantifies how close the vertex connects with its neighbors.

Algorithm 1: Fast Community Detection

Input: graph G(V,E) with |V | vertices, |E| edges;
Result: Clusters Ci, i ∈ (1, 2, ..., k′)

1 Compute degree[v] and cc[v], v ∈ V ;
2 for each v do
3 if degree[v]<degree[vj] then /* vj ∈vNeighbor */

4 g[v] ← vi, where degree[vi]=max(degree[vj ]) ;
5 else
6 g[v] = v;

7 for each v do
8 if g[v] = v and degree[v]=degree[vi] then
9 if v and vi has more than half common vertices;

10 then
11 g[v]← vi, if vi has smaller id;

12 else
13 vg ← g[v];
14 c1← number of common neighbors between v and j;
15 c2← number of common neighbors between v and (vNeighbor \ vg);
16 if c1<c2 then
17 g[v] ← vi, where degree[vi]=max(degree[vj ]), vj ∈(vNeighbor \ vg)

18 for each v do
19 if g[v] 6= v then
20 i← g[v];
21 repeat
22 i← g[i] ;
23 until g[i]= i;, find stand alone vertex
24 g[v]←i;

25 k ← different numbers in g[v];
26 for i from 1 to k do
27 for v ∈ Ci do
28 find the cluster Cj where v has the maximum number of immediate

neighbors;
29 if i 6= j then
30 Cluster v into Cj ;

31 Return Ci,i ∈ (1, 2, ..., k′);

In the second step, each vertex look around its immediate neighbors. If the
degree of the vertex, for example vertex v, is the largest among its immediate
neighbors, vertex v stands alone and does not follow other vertices. If the degree
of vertex v is not the largest among its immediate neighbors and itself, vertex
v follows the neighbor with the largest degree among v’s immediate neighbors
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(line 2-6). If more than one vertex among the immediate neighbors have the
largest degree, then vertex v follows the one with the largest clustering coefficient
compared to other neighbors.

In the second round, each vertex adjusts their decisions (line 7-17). If the
standing-alone vertex v has neighbors with the same degree, check the number
of common neighbors of vertex v and v′s neighbor that has the same degree. If
there are enough common neighbors, these two vertices are suggested to be in the
same community. If the vertex v does not stand alone but follows some neighbor,
we check the number of common neighbors vertex v has with the vertex that it
follows, and the number of common neighbors it has with the other neighbors.
If vertex v has more common neighbors with its other neighbors than the one it
follows, then vertex v turn to the vertex with the second largest degree in the
neighborhood or stands alone if itself has the second largest degree.

The third round, each vertex finalizes the community which it desired to join
(line 18-24). If the vertex that vertex v follows is also following vertex vi, than
vertex v also turn to vertex vi. In the end, each vertex follows a vertex that
stands alone. With all the other vertices that follow this vertex, they form a
community.

After each vertex chooses its community (line 25), we post-process the mem-
berships to refine the communities (line 26-30). If any vertex has more connec-
tions outside the community than inside the community, it changes its member-
ship. This refine process may change the number of communities from the last
step.

The only input of the algorithm is the graph itself. In experiments the graph is
inputted in the form of edge list as input. No pre-defined number of communities
is needed. The output is the communities.

1

2

3

4 5

6

7

8

Fig. 1. Example

Figure 1 shows a graph with 8 vertices and 14 edges. After the first round,
vertex 2, 3, 4, 5, 6 all follow vertex 1 (g[1]=1, g[2]=1, g[3]=1, g[4]=1, g[5]=1,
g[6]=1), while vertex 7 and 8 follow vertex 6 (g[7]=6, g[8]=6). In the second round
for each vertex, the status of vertex 1 is unchanged. The status of vertex 2, 3, 4, 5
is also unchanged, because they more common neighbors with vertex 1 that they
follow than with other vertices ({vertex 2, 3, 4, 5}\themselves), vertex 7 and 8
still follow 6, while vertex 6 changes to be standing alone instead of following
vertex 1 because vertex 6 has more common neighbors with 7 and 8 than with
vertex 1. No more changes happen in the third round and the refinement, and
thus final result is that we find two communities: one community is labelled by
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vertex 1, and has vertex 1, 2, 3, 4, 5; the other community is labelled by vertex
6, and has vertex 6, 7, 8.

As the algorithm is parallelizable, we devise a parallel version. In this parallel
version, what the vertices do in the first round is parallelized as well as what the
vertices do in the second round. In other words, in the first round the vertices
look for the vertex with the largest degree in the neighborhood at the same time.
In the second round, the each vertex adjusts their decisions at the same time.
The rest of the algorithm is still sequential.

The time complexity for calculating clustering coefficient is O(n ∗ d2), where
n is the number of vertices and d is the maximum degree of vertices in graph.
The complexity for the first round is O(n ∗ d). The complexity for the second
round is O(n∗d2). The complexity for the third round is O(n2). The complexity
for the refinement is O(n ∗ d2). Therefore the time complexity for the whole
algorithm is O(n∗d2 +n2). For the parallel version, The complexity for the first
round is O(d). The complexity for the second round is O(d2). The rest is the
same as that of the sequential version. Thus the time complexity for the whole
parallel algorithm is O(d2 + n2).

4 Experiment

We conduct experiments on both synthetic graphs and real world data including
three benchmark graphs for community detection algorithm. We ran the sequen-
tial algorithms on an 2.83GHz Inter Core, 2 Quad CPU machine with 2GB of
main memory under Windows 8 OS. The algorithms are implemented in C. The
parallel algorithm ran on the same machine with a GeForce GTX 560 Ti graphics
card having 2048 MB of global memory, 8 multiprocessor and 48 CUDA cores
per multiprocessor. All algorithms were implemented in Visual C++ 10.0. This
parallel algorithm are implemented using the application programming interface
CUDA from the C language. CUDA [7], the C language Compute Unified Device
Architecture, is provided by NVIDIA and works on NVIDIA graphic cards. The
CUDA programming model consists of a sequential host code combined with a
parallel kernel code.

We compare our algorithm with three state-of-the-art algorithms: InfoMap
[29], WalkTrap [27] and Girvan and Newman (GN )[13][25]. InfoMap is on infor-
mation theory. Walktrap is based on random walk. InfoMap has been empirically
shown to have better performance compared with other algorithms for commu-
nity detection [11].

4.1 Dataset

We generate a batch of benchmark graphs [20] with known community structure,
number of vertices, the average degree, maximum degree, minimum and maxi-
mum size of micro and macro community due to the hierarchical structure, and
fraction of edges between vertices belonging to same or different communities.
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In our experiments, we generate graphs with 2000 vertices and different aver-
age degrees while the other parameter are the same. They have no overlapping
communities.

The real-world benchmark graphs we use are listed as followings. Among
them Zachary’s Karate Club data, American College Football data and Dolphin
network are widely used for evaluating community detection algorithms.

Karate Club data is a social network of karate club members studied by
the sociologist Wayne Zachary. The network has 34 members (vertices) and they
separated into two different groups due to a controversy between one of the
instructors and administrator of the club.

American College Football data is a network with 115 teams (vertices)
which are separated into 12 conferences. An edge exists between two vertices if
there is match between two teams. More games happen among teams within the
same conference than teams from different conferences.

Dolphin Network is collected by David Lusseaua [23]. The network repre-
sents frequent associations between 62 dolphins (vertices) in a community living
off Doubtful Sound, New Zealand.

Email-URV data is collected by Guimer et al. [8]. The network contains
user-to-user (address- to-address) links from the network of e-mail interchanges
among faculty and graduate students at Rovira i Virgili University of Tarragona,
Spain. It’s available on Alex Arenas Website [10].

Arxiv HEP-PH collected by Leskovec et al. [22], is a collaboration network
contains scientific collaborations between authors who submitted papers to High
Energy Physics. It’s available on SNAP website [31].

Wiki-Vote , collected by Leskove et al. [21], contains user-to-user (who-vote-
whom) links from Wikipedia network. It’s available on SNAP website [31]. Each
vertex represents a user. An edge is created from a user to a candidate if a user
votes for Wikipedia admin candidates.

Email-Enron data set contains user-to-user (address-to-address) links. It
was made public by the Federal Energy Regulatory Commission during its in-
vestigations. We obtained it from [31]. Each vertex represents an email address.
An edge exists between vertex i and vertex j if address i sends at least one email
message to address j.

Epinions data set contains user-to-user (who-trust-whom) links from Epin-
ions network. It was collected by Epinions staff P. Massa. We obtained it from
trustlet website [32][24]. Each vertex represents a user. An edge corresponds to
a trust or distrust statement from one user to another user.

We extract the largest component of the networks that have more than one
component. The number of vertices and the number of edges of each data are
listed in Table 1

4.2 Metrics

We use five metrics to qualify the communities: modularity, conductance, inter-
nal density, cut ratio and weighted community clustering. Modularity, conduc-
tance, internal density and cut ratio are selected from four classes of metrics for
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Table 1. statistics of datasets

Number of Vertices Number of edges
Karate Club 34 78

Dolphin 62 159
American College Football 115 610

Email-URV 1,133 5451
Wiki-Vote 7,066 100,736

Arxiv HEP-PH 11,204 117,649
Email-Enron 33,696 180,811

Epinions 119,130 704,276

community [36] so that we can eliminate the bias of having only one kind of
metric. Weighted community clustering is a recently proposed metric [28].

The Modularity [25] is defined as

modularity =
1

2m
Σi,j∈V (Aij −

kikj
2m

)δ(ci, cj)

where Aij = 1 if i and j are connected, otherwise Aij = 0, and δ(ci, cj) = 1 if i
and j belong to the same cluster, otherwise δ(ci, cj) = 0.

The Conductance for a set of vertices S is defined as

conductance(S) =
cs

2ms + cs

where cs = |(u, v) ∈ E : u ∈ S, v /∈ S|. It is the number of edges with one end in
the set and the other end outside the set. ms = |(u, v) ∈ E : u ∈ S, v ∈ S|. It is
the number of edges in S.

The Internal Density for a set of vertices S is defined as

InternalDensity(S) =
ms

ns(ns − 1)/2

where ms is the same as above. ns is the number of vertices in S. Internal Density
is the internal edge density of S.

The Cut Ratio for a set of vertices S is defined as

CutRatio(S) =
cs

ns(n− ns)

Cut Ratio is the fraction of existing edges out of all possible edges having one
end outside the cluster.

The Weighted Community Clustering for a is defined as

WCC(S) =
1

|S|
∑
x∈S

f(x, S)

where f(x, S) = t(x,S)
t(x,V ) ∗

vt(x,V )
|S\x|+vt(x,V \s) if t(x, V ) 6= 0; f(x, S) = 0 if t(x, V ) = 0.

t(x, S) is the number of triangles that vertex x closes with vertices in S and
vt(x, S) is the number of vertices of S that form at least one triangle with x.

In our experiments, we take the average of the conductances of communities
found for the conductance of the whole network, and same for the other metrics
except modularity.
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4.3 Experimental Assessment and Analysis

Figure 2 shows the communities found in the Karate Club network by each
algorithm. Figure 3 shows the communities found in the Dolphin new network
by each algorithm. Vertices in the same color are in the same community.

(a) FCD (b) InfoMap (c) WalkTrap (d) GN

Fig. 2. communities for Karate Club data by different algorithms

(a) FCD (b) InfoMap (c) WalkTrap (d) GN

Fig. 3. communities for Dolphin data by different algorithms

Figure 4 shows the measurement results on the four real data sets. X-axis
is labelled by the names of data sets. Y-axis is the value of metrics. For each
data set, the metric values for the community detected by each algorithm are
compared. Figure 4 (a) shows that the communities that FCD and ParallelFCD
found have lower modularity on these four datasets. However, this does not
indicate that our algorithm is not better than the other three algorithms. Figure 2
shows that our algorithm identifies two communities that coincide with the truth
that the members of the Karate Club separated into two different groups due to
the controversy, and thus the result of our algorithm is actually more reasonable
than the other three algorithms even though the modularity values are lower.
Figure 4 (b) shows the conductance results. The lower the conductance, the
better the communities found. In this case, our algorithm has lowest conductance
on two data sets and highest conductance on the other two data sets. Figure 4 (c)
shows the internal density results. The higher the internal density, the better the
communities found. In this case, our algorithm has highest internal density in
three of the four data sets, and lowest in one data set. Figure 4 (d) shows the cut
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ratio results. The lower the cut ratio the better the communities found. In this
case, our algorithm has lowest cut ratio in one of the four data set, and highest in
the other three data sets. Figure 4 (e) shows the weighted community clustering
results. The higher the WCC, the better the communities found [28]. In this case
our algorithm has lower WCC in three of the four data sets. Figure 4 (f) shows
the running time. For all the four data sets here, FCD performs fastest among
the algorithms. ParallelFCD performs faster than InfoMap, WalkTrap and GN
on the Email-URV data.

To sum up the results on these four real data sets, our algorithm, FCD and its
parallel version, find communities with better values in terms of internal density
and conductance, but not with the values of other metrics. However, as we see
from the results for Karate Club, the communities detected by our algorithm
stay more truthful than the others. In this sense, our algorithm is effective.
From the comparison of the running time, FCD is obviously more efficient than
the others.
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Fig. 4. measurements on real world data

Figure 5 shows the measurement results on the benchmark graphs generated.
It shows the value changing as the graphs increase average degrees. X-axis is the
average degree of the graphs. Y-axis is the value of metrics. Each dot represents
one metric value for the communities detected by one algorithm. Figure 5 (a)
shows the modularity results. It shows that WalkTrap has the highest modularity
in general though in some cases GN and FCD has the highest modularity, and
FCD has higher modularity than InfoMap. Figure 5 (b) shows the conductance
results. It shows that InfoMap has the highest conductance and GN has the the
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Fig. 5. measurements on synthetic data
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lowest. Figure 5 (c) shows the internal density results. It shows that InfoMap
has the highest internal density, and GN has the lowest density. Figure 5 (d)
shows the cut ratio results. It shows that InfoMap has the highest cut ratio, and
GN has the lowest. Figure 5 (e) shows the WCC results. It shows that FCD
and WalkTrap have higher WCC, and InfoMap and GN has lower WCC. Figure
5 (f) shows the running time. FCD and ParallelFCD are shown to be faster in
most cases. GN is much slower than InfoMap, WalkTrap and FCD. ParallelFCD
is not obviously faster than FCD due to the data communication between the
host CPU and device GPU

To sum up the results on these synthetic graphs, FCD (ParallelFCD) per-
forms more stable than InfoMap and GN in terms of effectiveness. InfoMap is
the best in terms of internal density but the other three algorithms are better in
terms of conductance, cut ratio and WCC. GN is the best in terms of conduc-
tance and cut ratio but the other three algorithms are better in terms of internal
density and modularity. Compare with WalkTrap, FCD is better in most cases
in terms of modality and internal density.

FCD performs faster than the other three in general. In other words, FCD
is more efficient.
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Another set of experiment tests running time on large networks: Wiki-Vote,
Arxiv HEP-PH, Email-Enron, and Epinion network. We sample subgraphs from
the networks. Every subgraph contains k percentage vertices of the original net-
works, where k = 10, 20, ..., 90. We run FCD and InfoMap algorithm on these
subgraphs and the original graphs. The running time is recorded. Figure 6 shows
the running time changing as the number of vertices of networks increases. Each
figure shows the results for one data set. X-axis is the number of vertices. Y-
axis is the time measured in seconds. Due to WalkTrap and GN algorithms’
scalability on large graphs, we only compare InfoMap and FCD algorithm here.
The results show that both algorithms are able to work with graphs with more
than 10,0000 vertices. For graphs such as Email-Enron with 33,696 vertices, the
algorithms are able to finish the task in a few minutes. In most cases FCD is
faster than InfoMap.

5 Conclusions

In this paper we propose a fast community detection algorithm. It initiates
each vertex to seek for the community in its neighborhood independently. Each
vertex chooses its community and peers based on the knowledge of degrees and
clustering coefficients of neighbors and the number of common neighbors. The
algorithm is parallelizable and thus we also devise a GPU version of the algorithm
for parallel computation. We empirically evaluate the performance of FCD, and
compare it with InfoMap, WalkTrap and GN algorithms. We find that FCD is
the fastest among them generally. We assess effectiveness based on the values
of modularity, conductance, internal density, cut ratio and weighted community
clustering. we find that FCD has more stable performance than InfoMap and
GN do, while produces competitive results with WalkTrap.
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