sentation, and show the utility of an alternative family of priThe previous work of Fox et al. [8] considered a related,
ors based on the beta process [29], [30].
yet simpler formulation for modeling a maneuvering target
as a fixed LDS driven by a switching exogenous input. Since
FINITE FEATURE MODELS OF
the number of maneuver modes was assumed unknown, the
MARKOV SWITCHING PROCESSES
exogenous input was taken to be the emissions of a HDPAssume we have a finite collection of behaviors 5 u 1, c, u K 6
HMM. This work can be viewed as an extension of the work
by Caron et al. [25] in which the exogenous input was an
that are shared in an unknown manner among N objects. One
independent noise process generated from a DP mixture
can represent the set of behaviors each object exhibits via an
model. The HDP-SLDS of [19] is a departure from these
associated list of features. A standard featural representation for
works since the dynamic parameters themselves change
describing the N objects employs an N 3 K binary matrix
with the mode, providing a
F 5 5 fik 6 . Setting fik 5 1 implies
much more expressive model.
that object i exhibits feature k
OUR BAYESIAN NONPARAMETRIC
In [19], the utility of the
for some t [ 51, c, Ti 6, where
HDP-SLDS and HDP-ARTi is the length of the ith time
APPROACH ENVISIONS A LARGE LIBRARY
HMM was demonstrated on
series. To discover the structure
OF BEHAVIORS, WITH EACH TIME SERIES
two different problems: 1)
of behavior sharing (i.e., the
OR OBJECT EXHIBITING A SUBSET OF
detecting changes in the volafeature matrix), one takes the
THESE BEHAVIORS.
tility of the IBOVESPA stock
feature vector fi 5 3 fi1, c, fiK 4
index and 2) segmenting
to be random. Assuming each
sequences of honey bee dances. The dynamics underlying
feature is treated independently, this necessitates defining a feaboth of these data sets appear to be quite complex, yet can
ture inclusion probability v k for each feature k. Within a
be described by repeated returns to simpler dynamical modBayesian framework, these probabilities are given a prior that is
els, and as such have been modeled with Markov switching
then informed by the data to provide a posterior distribution on
processes [26], [27]. Without prespecifying domain-specific
feature inclusion probabilities. For example, one could consider
knowledge, and instead simply relying on a set of observathe finite Bayesian feature model of [31] that assumes
tions along with weakly informative hyperprior settings, the
a
HDP-SLDS and HDP-AR-HMM were able to discover the
v k | Betaa , 1b
underlying structure of the data with performance competiK
tive with these alternative methods, and consistent with
fik | v k | Bernoulli 1v k 2 .
(18)
domain expert analysis.
Beta random variables v k [ 10, 12 , and can thus be thought of
MULTIPLE RELATED
as defining coin-tossing probabilities. The resulting biased coin
TIME SERIES
is then tossed to define whether fik is 0 or 1 (i.e., the outcome of
In many applications, one would like to discover and model
a Bernoulli trial). Because each feature is generated independynamical behaviors which are shared among several related
dently, and a Beta 1 a, b2 random variable has mean a/ 1 a 1 b2 ,
time series. By jointly modeling such time series, one can
the expected number of active features in an N 3 K matrix is
improve parameter estimates, especially in the case of limited
Na / 1a/K 1 12 , Na.
data, and find interesting structure in the relationships between
A hierarchical Bayesian featural model also requires priors
the time series. Assuming that each of these time series is modfor behavior parameters u k, and the process by which each
eled via a Markov switching process, our Bayesian nonparametobject switches among its selected behaviors. In the case of
ric approach envisions a large library of behaviors, with each
Markov switching processes, this switching mechanism is govtime series or object exhibiting a subset of these behaviors. We
erned by the transition distributions of object i, pj1i2. As an
aim to allow flexibility in the number of total and sequenceexample of such a model, imagine that each of the N objects is
specific behaviors, while encouraging objects to share similar subdescribed by a switching VAR process (see the section “Markov
sets of the behavior library. Additionally, a key aspect of a flexible
Jump Linear Systems”) that moves among some subset of K
model for relating time series is to allow the objects to switch
possible dynamical modes. Each of the VAR process parameters
between behaviors in different manners (e.g., even if two people
u k 5 5 Ak, Sk 6 describes a unique behavior. The feature vector fi
both exhibit running and walking behaviors, they might alternate
constrains the transitions of object i to solely be between the
between these dynamical modes at different frequencies).
selected subset of the K possible VAR processes by forcing
One could imagine a Bayesian nonparametric approach
pjk1i2 5 0 for all k such that fik 5 0. One natural construction
based on tying together multiple time series under the HDP
places Dirichlet priors on the transition distributions, and some
prior outlined in the section “Sticky HDP-HMM.” However,
prior H (e.g., an MNIW) on the behavior parameters. Then,
such a formulation assumes that all time series share the same
pj1i2 | fi, g, k | Dir 1 3g, c, g, g 1 k, g, c, g4 # fi 2 u k | H,
set of behaviors, and switch among them in exactly the same
(19)
manner. Alternatively, Fox et al. [28] consider a featural repre-
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