Mining Overlapping Clusters in Networks

Recent advances in social media and social networks have made clustering on very large networks a vibrant and
important research topic. In many real world applications, we require clusters to be overlapping [22]. For example,
the clusters in a social network are overlapping groups of friends [4], and clusters in scientific collaboration network are
overlapping sets of authors sharing some common research interests [2],etc.. Despite a rich literature on overlapping
clustering in networks, most the existing works suffer from the following shortcomings.
• Weighted Networks. Weighted networks are ones with links associated with weights representing the strength
of the relationship among the nodes. In addition, in many context, the weight can be either positive or negative,
depending on the relationship between the nodes. For example, in social networks, a positive link represents
friend and support relationship, while a negative link represents foe or against relationships [11, 8]. In trust
networks, positive and negative links reflect the trust and distrust relationship respectively [10]. Although
link weight provides more insights about the network structure [3], there are only very few clustering methods
that can mine overlapping clusters from weighted networks [6, 13]. Moreover, these methods do not consider
negative links, hence are not suitable for networks with both positive and negative links.
• Dynamic Networks. Networks are temporally dynamic by nature. There is however a few existing methods
for overlapping clustering in dynamic networks (e.g., [12, 15]). These methods are however computationally
expensive hence cannot scale to large networks. They also do not allow incremental computation, hence are
not suitable for data come in streams.
• Scalability. Earlier works on mining overlapping clusters are mostly based on some dense sub-network definitions (e.g., [14, 5]). They therefore develop some brute force search methods for such subnetworks, and these
methods are not designed for large networks. Later, researchers proposed to construct clusters by expanding “local clusters” of nodes starting from some cluster seeds (e.g.,[9, 7]), or using factorization models (e.g.,
[1, 16, 20, 21]). Despite a significant reduction in complexity, these methods are still not yet scalable as they
require exhaustive searches for good seeds or expensive matrix factorization operations. There are also very
few state-of-the-art methods that are scalable to large networks [17, 18]. These methods are however based on
local optimization which may return poor results due to a bad initialization.
• Parameter Setting. Most of the existing methods require some pre-defined parameters, e.g., the number of
clusters, and the weight for regularization terms, etc.. The tuning of these parameters is one of the key factors
for the methods’ performance. Despite a number of overlapping clustering methods have been proposed, the
automatic tuning of their pre-defined parameters are still a challenge [19].
Within this context, we offer the following topics for master thesis.
• Overlapping clustering in dynamic weighted networks: For this topic, we aim to propose novel methods for
overlapping clustering in dynamic weighted networks. We would also like to propose the methods that allow
incremental computation so that to work with data streams.
• Empirical analysis on networks with overlapping cluster structure: For this topic, we aim to investigate insights
from networks that reveal or correlate with their cluster structure. These insights are very useful for automatic
tuning of the pre-defined parameters in the overlapping clustering methods.
Requirement. You should be:
• a self motivated learner
• experienced with programming languages (ideally C++ or Java)
• knowledgeable about basic machine learning models
Contact. Interested students are encouraged to email to Mr. Tuan-Anh Hoang at hoang(at)l3s(dot)de for
scheduling a meeting.
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