ric setting is an open area of research. Finally, given the
The ability of the BP-AR-HMM to find common behaviors
Bayesian framework, the models that we have presented
among a collection of time series was demonstrated on data
necessitate a choice of prior. We have found in practice that
from the CMU motion capture database [34]. As an illustrative
the models are relatively robust to the hyperprior settings for
example, a set of six exercise routines were examined, where
the concentration parameters. On the other hand, the choice
each of these routines used some combination of the following
of base measure tends to affect results significantly, which is
motion categories: running in place, jumping jacks, arm circles,
typical of simpler Bayesian
side twists, knee raises, squats,
nonparametric models such as
punching, up and down, two variOUR FOCUS IN THIS ARTICLE HAS
DP mixtures. We have found
ants of toe touches, arch over,
BEEN THE ADVANTAGES OF VARIOUS
that quasi-empirical Bayes’
and a reach-out stretch. The
HIERARCHICAL, NONPARAMETRIC
approaches for setting the base
overall performance of the
BAYESIAN MODELS.
measure tend to help push the
BP-AR-HMM showed a clear abilmass of the distribution into
ity to find common motions and
reasonable ranges (see [36] for details).
provided more accurate movie frame labels than previously
Our focus in this article has been the advantages of various
considered approaches [35]. Most significantly, the
hierarchical, nonparametric Bayesian models; detailed algoBP-AR-HMM provided a superior ability to discover the shared fearithms for learning and inference were omitted. One major
ture structure, while allowing objects to exhibit unique features.
advantage of the particular Bayesian nonparametric approaches
explored in this article is that they lead to computationally effiCONCLUSIONS
cient methods for learning Markov switching models of
In this article, we explored a Bayesian nonparametric
unknown order. We point the interested reader to [13], [14],
approach to learning Markov switching processes. This
[19], and [28] for detailed presentations of Markov chain Monte
framework requires one to make fewer assumptions about
Carlo algorithms for inference and learning.
the underlying dynamics, and thereby allows the data to
drive the complexity of the inferred model. We began by
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