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1 Introduction

Many networks and accordingly their representation in graphs are subject to structural
changes during the course of their existence [CKT06]. Examples for such evolutionary
networks include friendship networks in online communities, co-authorship networks in
the scientific domain and collocation networks in computational linguistics. Studying the
evolution of such networks can provide vital data for understanding the dynamics of
communities. This is the task underlying evolutionary clustering.

The idea behind evolutionary graph clustering is to create a clustering which doesn’t
differ much from the previous one and still has a high quality at the current snapshot.
The most common approach is to provide an algorithm which optimizes a function that
measures the current snapshot quality (CS) and the temporal changes (CT):

(1)

An example of a framework based on this approach is given in [Lin09] with FacetNet.

The aim of this work is to show that it is possible to reduce the problem of evolutionary
graph clustering to the data level. Basically that means we want to change the graphs
used for the clustering instead of providing a new clustering algorithm. Furthermore we
aim at providing a framework which is independent from the underlying clustering
algorithm. The main advantage of such an approach is obvious: most of the static
algorithms available today could be used for clustering evolutionary graph. In the
following, we show how we can use a linear graph and cluster mixture approach to
tackle the problem of evolutionary graph clustering.

2 Graph and Cluster Mixtures

We use the well-known representation of a graph G = (V,E,ω) consisting of a set of
Nodes N , a set of Edges E and a weight function ω. A Clustering Cl belonging to a
graph G is a set of Clusters Ci. A Cluster Ci ⊆ N belonging to a graph G is a subset of
nodes of G similar in some sense. To achieve our goals we first have to define some
operations on graphs:
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Addition of two graphs G1 + G2:

Multiplication of a graph G with a real value r:

The intersection of two graphs G1 ∩ G2

with

Graph built upon a Clustering:

The resulting graph of the operation Graph(Cl) is a graph consisting of all nodes of the
clustering and edges between nodes sharing one cluster (besides edges from a node to
itself). The weight of the edges is equal to the number of clusters both nodes shares.

A graph mixture is a graph computed out of Gt and the previous clusterings or previous
graphs. Due to lack of space, we only present one mixture in this work:

(2)

The resulting graph of hN(Gt) is a graph consisting of the same nodes and edges as Gt but
different edge weights. The weight of the edges between nodes sharing a cluster in Clt-1
increases, the weight between other nodes decreases.
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Figure 1: Error rate of the Four Community Experiment: z=8 depending on α. The dark blue line is
the error rate of the non-evolutionary clustering results. A lower Error Rate implies a better

clustering result.

Figure 2: Separation values between current clustering and the previous one (history) respectively
the clustering of a non-evolutionary version (current) using hN.

3 Experiments

We use a synthetic dataset described in [Lin09] as “Synthetic Dataset # 2” and a DBLP
dataset described in [BBBG09].

The synthetic dataset was used to show the capabilities of our approach to improve the
clustering results of static graph clustering algorithms over time (see Figure 1). The
dataset simulates a network consisting of four communities. Each community has 32
members (nodes). The mean number of edges of each node is 20. The parameter z sets
the number of edges between a given node and nodes in a different community different
from its own. In every time step, three of the members of each community change their
community. The resulting data set is thus an evolutionary graph with scalable ratio of
noise. Our first experiment shows that the clustering quality improves significantly if our
approach is used. We obtained results comparable to that of algorithms such as described
in [Lin09] which utilized an algorithm-based optimization. As the underlying clustering
algorithms we used Border Flow [NS09] and Chinese Whispers [Bie06].
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The DBLP dataset shows that our approach can increase and decrease the distance to the
previous and current time step depending on (see Figure 2). With this dataset we want to
show, that our approach is capable of producing a consistent clustering result. As the
underlying clustering algorithm we used BorderFlow and Chinese Whispers. For the
history we used the results of the previous time step and for the current clustering we
used the clustering results of the non-evolutionary version. For different
the clusterings were computed and compared to these clusterings. We used the
separation metric as defined in [BvH06] to measure similarity. The outcome shows, that
with decreasing the distance to history also decreases and the distance to the current
results increases.

4 Conclusion

We showed that it is possible to perform evolutionary clustering using a combination of
static clustering algorithms and graph mixtures. During our experiments we used a
special mixture, hN. We could show that we obtain results that are comparable to those of
state-of-the-art algorithms designed especially for evolutionary clustering. Furthermore,
the DBLP experiment showed that we can use a value to adjust the distance to history
respectively the current snapshot. Of course this approach doesn’t provide an all-in-one
solution for every problem of evolutionary graph clustering. The main advantage of our
approach is that it does not depend on the underlying algorithm and so one can use an
algorithm already achieving good clustering results in static networks of the underlying
area. In future work we have to analyze how this approach behaves with different
mixtures, clustering algorithms and graph topologies.
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