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In this work, we devise an ARMA model based time series clustering method based on a Dirichlet process

mixture (DPM) model.

DPM models enable full Bayesian analysis of mixture modeling and have been applied

model based clustering tasks in recent years. However, the application of DPM model is not straightforward when
we cannot use a conjugate prior as the base measure of the Dirichlet process. Since there is no conjugate prior for
ARMA models (and most generative models for time series), we have to cope with the problems due to the non-
conjugacy to realize sampling for the DPM of ARMA (DPM-ARMA). Our Markov Chain Monte Carlo algorithm
for DPM-ARMA manages Metropolis-Hastings chains each of whose stationary distribution is the posterior of
ARMA parameter vector given each time series observation. By using these Metropolis-Hastings chains, a Gibbs

sampling for the DPM model can be performed.
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