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Abstract A feature, observable in many networks, is the presence of community structures,
i. e. clusters of vertices which are densely connected to each other while less connected to the
vertices outside. The community structure identification is an important problem in a wide range
of applications such as marketing in social networks and study of protein interaction networks.
Usually, the community members have more properties in common among themselves than with
nonmembers and detecting community structure helps analyzing and searching the network with
less effort. However, most existing approaches fall into the categories of either optimization
based or heuristic methods which do not meet both speed and accuracy requirements simultaneously.
In this paper, a new fast and accurate community detection algorithm is proposed based on
dynamic system in complex networks. First, a discrete-time dynamic system is introduced to
describe the assignment of community memberships, and the conditions driving the convergence
of dynamics trajectory to the optimal situation are formulated. A new algorithm is proposed
which can be generalized to unify the conventional algorithms widely applied. Furthermore, a
new type graph generative model is designed which performs the algorithm free of the parameters.
Our algorithm is highly efficient: the computational complexity analysis shows that the required

time is linearly dependent on the number of all nodes in a sparse network. We perform extensive
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simulations with synthetic and also real-world benchmark networks to verify the algorithmic

performance. The results showed that the proposed method does not face the resolution limit

problem and performs very well.
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networks for trend predictions and so on.

The traditional optimization or heuristic methods are
usually used in present techniques, with the common logic of
comparing the intuitive properties and external behaviors in

and outside of the communities. However, to obtain an
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acceptable accuracy, these methods usually have a high-level
computational complexity. In this paper, we propose a new
algorithm using dynamical system to realize the fast and exact
detection of communities in complex networks. First, a
discrete-time dynamical system is introduced to describe the
assignment of community memberships, and the conditions
driving the convergence of dynamics trajectory to the optimal
situation is formulated. Further. we design a new type graph
generative model, which performs the algorithm free of the
parameters. By analyzing the eigenvalue gap of the Markovian
transition matrix, we provide a mathematical theory to
identify the optimum number of communities in a network, and
the stability of community structure. Our algorithm can also
be generalized to unify the conventional algorithms widely
applied. Our algorithm is highly efficient: the computational

complexity analysis shows that the required time is linearly

dependent on the number of all nodes in a sparse network.
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