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Abstract Community detection aims at mining the community structures of Social Information
Networks (SINs), which is the foundation of other related researches on social computing. Due
to the rapid inflation of interactive SINs, traditional community detection algorithms encounter
obstacles in analyzing large-scale networks with scalability. Although multilevel community
detection algorithms such as PMetis, Graclus etc. have the capability to analyze networks containing
millions of nodes, the coarsening shrink rate is less than 2 and the SINs follow the power-law
distribution, which constrain these algorithms’ performance enormously. This paper proposes a
multilevel community detection algorithm TMLCD, based on the coarsening policy of triangle’s
inner nodes belonging to the same community. TMLCD accelerates the coarsening process of
large-scale SINs at a coarsening shrink rate of greater than 2, and preserves the community effect

of initial network from the point of basic topological structure and improves the accuracy of
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community detection. Experimental results from the real-world networks like YouTube, Orkut

etc. indicate that, TMLCD outperforms the currently typical multilevel community detection

algorithms in terms of computing precision, memory occupation and running time. It is obvious

that TMLCD is appropriate for analyzing the SINs rich in triangles.
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2.0, a number of social media like Weibo, Social News.,
WikiPedia etc. emerge. Based on these interactive social
media, a new kind of networks come up which are called
Social Information Networks(SINs). At present, the analysis of
SINs has been applied in many domains such as friend recom-
mendation, personalized information navigation, resource
classification, economic trend forecasting, electronic commerce,
marketing management, network security and public opinion
monitoring. However, the unparalleled explosion and increasing
complexity of SINs make it infeasible to analyze SINs from
the viewpoint of node or whole network. SINs have some
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most important one is community structure. Taking advantage of

community structure, we can study SINs from the perspec-

tive of mesoscale, reducing the complication of the network

Supercomputing. San Diego, USA, 1995: 28-es

[26] Rotta R, Noack A. Multilevel local search algorithms for
modularity clustering. ACM Journal of Experimental Algo-
rithmics, 2011, 16. 2.3:2.1-2.3:2. 27

[27] Whang J J, Sui X, Dhillon I S. Scalable and memory-efficient
clustering of large-scale social networks//Proceedings of the
12th IEEE International Conference on Data Mining. Brussels,
Belgium, 2012 705-714

[28] Danon L, Duch J, Diaz-Guilera A, Arenas A. Comparing
community structure identification. Journal of Statistical
Mechanics: Theory and Experiment, 2005, 9. P09008

[29] Santos J, Embrechts M. On the use of the adjusted rand
index as a metric for evaluating supervised classification//
Proceedings of the 19th International Conference on Artificial

Neural Networks. Limassol, Cyprus, 2009. 175-184

sensor networks, distributed computing, query processing etc.

LIN Zheng, born in 1984, Ph. D. , assistant researcher.
Her current research interests include nature language
processing, sentiment analysis etc.

WANG Wei-Ping. born in 1975, Ph. D., professor,
Ph. D. supervisor. His main research interests include data
stream, high performance database and parallel processing
etc.

MENG Dan, born in 1965, Ph. D., professor, Ph. D.
supervisor. His main research interests include high
performance computer architecture, distributed file system

and system security etc.

modeling and analysis.

Community has become a breakthrough point for network
structure and function analysis. In the past ten years, community
detection, as a basic research topic, has attracted plenty of
attention from related fields. So many kinds of community
detection algorithms are proposed one after another, for
clustering,

example k-means, spectral algorithms, hierarchical

divisive algorithms, modularity-based methods, dynamic
algorithms etc. In spite of the efficient application to small
networks, these traditional algorithms are unsuitable to
analyze large-scale networks due to their computing complexity
of @(»n*) or greater.

Facing up to tackle large-scale data networks, approxi-
mate computing is necessary. Multilevel community detection
is one of the most popular methods to discover the community
Although the

structure of large-scale networks recently.
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current multilevel community detection algorithms have the
capability to analyze networks involving millions of nodes,
the so-called maximum matching edge selecting coarsening
policy makes the coarsening shrink rate less than 2 without
exception, restricting the scalability of algorithms severely.
In comparison, we adopt a remarkable characteristic of triangle,
which is that the inner vertices belong to the same community, to
design a new coarsening policy and propose a triangle-based
multilevel community detection algorithm called TMLCD.
During the coarsening phase, TMLCD merges three vertices
when traversing a triangle in the network to promote the
coarsening shrink rate more than 2 and accelerate the computing
speed. Moreover, the performance of community detection
has been improved, because TMLCD can keep the basic

community effect of the initial network. Experimental results

of real networks indicate that, TMLCD outperforms the
currently classical multilevel community detection algorithms
in terms of computing precision, memory occupation and
running time, when analyzing the SINs that are rich in
triangles.
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