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Repulsive Parallel MCMC algorithm for DNA motif discovery
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A conventional MCMC sampler tends to get stuck in a local mode of a multimodal distribution, and encounters the difficulty in
moving to different modes within a finite time of simulation runs. To reach to many existing modes, the sampling is often
repeated several times with different initial states. However, the problem remains unresolved; the different chains tend to get
trapped in a particular mode having a much higher probability mass. To overcome the difficulty, we propose a new parallel
MCMC algorithm. The idea is rather simple: During a parallel run of several MCMC simulations, a repulsive effect is added on
each pair of the trajectories. Then the different samplers can explore different regions. After describing the methodology, an
application to a pattern mining problem for DNA sequences, called the motif finding problem, is demonstrated.
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