Dirichlet process–based component detection in
state-space models
Botond A. Bócsi and Lehel Csató
Fac. of Mathematics and Informatics, Babeş-Bolyai University
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Abstract. An extension of the switching-state models (SSSM) that allows arbitrary number of components is presented. We introduce a Dirichlet process prior
over the mixture components of the linear models. This prior allows the inference
on the number of linear models to be put into the mixture. We develop a distance
measure in the space of linear Kalman filters with the use of the Kullback-Leibler
divergence over the conditional probabilities induced by the individual Kalman filters. The introduced distance measure allows to remove components that are no
longer relevant, making the algorithm more effective. We test the proposed algorithm on both artificial and real-world data.
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Introduction

The analysis of sequential data is an important research topic: this type of data is found
in several domains like the analysis of medical data [1], the forecasting of economical
fluctuations, or in robotics, where the information to be processed lies in sequential
data obtained from the sensors [8]. In this paper we focus on analyzing sequential data
obtained from robot manipulation.
We extend the linear Kalman filtering (KF) scheme [9] to a nonlinear framework
that is better suited for the usually nonlinear real world data. Although nonlinear modeling is a better choice, it is very often computationally infeasible. A possible solution
to the intractability is to use a nonlinear model built from locally linear models [7, 11],
similar to the mixture models in clustering [2], called switching-state space models
(SSSM). We extend the SSSM’s with the possibility to determine the number of components in the data set. This is achieved by using a Dirichlet prior assumption on the
structure of the model that allows the insertion of a new local KF and to fit it to the data
we have. As the number of components can grow indefinitely, we need a mechanism
that trims the model by removing filters that are not used. This is achieved with the
introduction of a distance measure in the space of the local Kalman filters.
The paper is organized as follows: first an introduction is presented into the topic of
SSSM’s and the Dirichlet prior on the structure of the model is introduced. Section 3
contains the proposed parameter estimation algorithm for the SSSMs. The new Kalman
filters measure is described in Section 4. The simulations we conducted to support our
approach are presented in Section 5, with conclusions drawn in Section 6.

2

Switching state-space models

In this paper we build a generative model for the observed data assuming that the data
are coming from several distinct sources. We further assume that these sources are
“simple”, although in general they can also be more complex than linear. Here we focus on simple individual models without knowing from which component a specific

data was obtained, known as mixture models in machine learning [7, 11]. For numerical tractability we assume that the sources are Kalman filters [2, 8, 9], therefore we
keep the simple models and only mention that the nonlinear extension has been studied by Honkela [10] using neural networks. Nonlinearity is introduced via the locally
linear switching state-space models (SSSM’s), where the sources are Kalman filters. In
this case the SSSM is called a switching state Kalman filter (SSKF). If we denote the
observations with zk and the latent vector as xk , the state-space equations are as follow:
(s)

(s)

(s)

xk = F (s) xk−1 + wk
(s)

(s)

zk = H (s) xk + vk ,

(1)

where F (s) is the time transition matrix, H (s) is the output observation matrix. We
assume that the dimensions of the matrices are consistent such that all multiplications
(s)
(s)
can be performed in eq. (1). The random variables wk and vk are the driving and
observation noise processes, characterized by covariance matrices R (s) and Q (s) respectively. An important ingredient of the mixture model, the superscript (s) – with s
the switching variable – defines which component KF produced zk , the actual output.
We assume N components: s ∈ {1, . . . , N}. The dynamics of s is defined by a Hidden
Markov Model (HMM) [2, 13]. Let Φ be the transition probability and π the initial
state distribution of the HMM. To be able to estimate the parameters of the local filters,
we have to assign the individual data points to a filter, i.e. we have to know the value
of s for each zk , done with the use of the HMM. The complete set of parameters of the
SSKF is the following:
θ
θ(s)

= {θ(s) }N
s=1 ∪ {π, Φ},
= {FF(s) , H (s) , Q (s) , R (s) }.

(2)

We cannot assume we know N a-priori, thus we impose a prior distribution over the
components and the number of components our model has. The choice of the Dirichlet
prior looks convenient because of its useful properties (e.g. the measures drawn from
a Dirichlet process (DP) are discrete with probability one). It is the multivariate generalization of the Beta distribution, it defines the belief that the probabilities of K rival
events have given values xi if each event has been observed αi − 1 times. The DP is
the extension of the Dirichlet distribution to continuous spaces. We do not provide an
exact definition of the DP, we point to the references by Ferguson [6] or Teh [16].
We model the parameters of a SSKF, and implicitly the number of components to
be sampled from the following DP:
θ(s) ∼ DP(α, G)
G),
where G is the base distribution, assumed to be uniform on the space of the parameters,
this space is taken from eq. (2). The parameter α is a concentration parameter used to
set the range of the number of components the model has. It is important to mention that
with the proposed hierarchical approach we can deal with data build from a potentially
infinite number of sources. This is possible since the structure of the model is not fixed
and its complexity is dependent on the data. We next describe the inference algorithm.
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Fig. 1: Illustration of the component detection scheme.
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Learning the SSKF parameters

The SSKF learning algorithm is introduced by Ghahramani and Hinton [7] and by Murphy [11]. The inference is based on a modified version of the Expectation-Maximization
(EM) algorithm [7]. We extended this algorithm to infer not only the parameters of the
local KF’s and the global HMM, but also the number of Kalman filters required by the
data. We summarize the learning algorithm for SSKF with Dirichlet prior as follows:
[E.] In the expectation step we calculate the observation probability – p(zk |Sk = m) –
for every state-space model from the prediction error. Using this probability we obtain the responsibility assigned to every state-space model and every observation –
p(Sk = m) – using the forward-backward algorithm for the HMM. Lastly we run the
Kalman smoother for every state-space model, using data weighted with the responsibility obtained.
[M.] In the maximization step we re-estimate the parameters for each state-space
[2, 17], using data weighted by the responsibility from the E. step. Next we re-estimate
the parameters of the HMM using the Baum-Welch algorithm [2, 13].
[Comp] We also introduce a third step that infers the number of components: adds or
removes local KF’s to the SSKF. First we define the removal procedure then the addition of new models. A component can be neglected in two cases: either when (1) its
contribution drops below a threshold, as suggested by Bishop [2], or (2) when filters
generate data very close to each other. The first case is detected by examining the responsibilities from step E. To detect the second case we developed a distance measure
between two KF’s – defined in Section 4.
The immediate approach that assumes a maximum number of components and during the learning process eliminates unnecessary SSKF-s is usually computationally unfeasible. Starting with a small initial component number and increasing its value based
on data is a more convenient solution. This can be achieved by using the Dirichlet process extension, as introduced in Section 2. We want to get the posterior distribution
of the states given by the Dirichlet process. The most convenient way is using Gibbs
sampling [2, 14]. In the Gibbs sampling from a Dirichlet process mixture model [3, 12]
we iterate for every KF model the following procedure: we sample a KF conditioned
on all other switching variables except itself: s−n and the whole observed data set z:
p(skn = 1|z, s−n ) ∝

p(zn |z−n , s−n , skn = 1)p(skn = 1|s−n ),

(3)

Fig. 2: Partitioning of (a) rotation data and (b) Lorenz attractor.
where the second term can be computed using eq. ?? below. Let k be the component we
have chosen and assume that there are N components. We choose k with probabilities
given by
p(skn = 1|s−n ) =

nk
α+N−1

∀k ≤ N, and p(sN+1
= 1|s−n ) =
n

α
,
α+N−1

where nk is the number of occurrences of the k-th filter. The right-side of eq. (??) is
the probability that a new filter will be inserted into the SSKF.
The first term of eq. 3 can be obtained using the Kalman smoother for the new
potential state and comparing its likelihood based on the prediction error of the filters.
The Dirichlet process provides means to add new components to the SSKF and we now
introduce a method that allows for simplification: we compute a “distance” in the space
of Kalman filters presented next.

4

Distance measure of Kalman filters

The Kullback-Leibler (KL) divergence is widely used to measure distances between
probability distributions. Additionally to its popularity, we know that predictions of the
filter are Gaussian random variables and the computation of the KL divergence between
Gaussians has analytical form [4]. We introduce this measure based on KL divergence:
Z


o
(1)
(2)
d(KF(1) , KF(2) ) = dp(z0 ) KL p(z1 |z0 )kp(z1 |z0 ) .
(5)
o

In the equation above we used KF = p(z1 |z0 ) with z1 the predicted random variable
conditioned on z0 . Since z0 itself is unknown, we treat it again as a random variable
p(z0 ) = N (0, Σ z0 ) and average with respect to it, as shown above. KF(1) and KF(2) are
the two Kalman filters and KL(·, ·) is the symmetric extension of the KL divergence [5]
between the two conditional predictive distributions. Thus the evaluation of p(z1 |z0 ) is
needed for each filter. For each KF this has the formula:
HF µ0 , H (FFΣ 0F T + Q )H
HT + R ),
p(z1 |z0 ) = N (H
−1

(6)
−1

HT R −1H + P −1
HT R −1H + P −1
and Σ 0 = (H
, where P 0
where µT0 = zT0 R −1H (H
0 )
0 )
T
Σz0 − R ). Note that the KL distance between Gaussians has closed
satisfies HP 0H = (Σ
form, the evaluation of eq. (5) using eq. (6) is straightforward [4], therefore we have an
easily computable measure between two KF’s using minimalist assumptions about the

α
0.6
0.8
1.0
1.2
1.4

with DP
3.1250
3.3000
3.1500
3.2500
3.3250

no DP
2.0000
2.4500
2.7788
2.9851
3.1347

α
0.6
0.8
1.0
1.2
1.4

with DP
10.0125
10.4875
10.5125
10.2750
10.6375

no DP
3.0000
17.0125
21.4986
23.2345
24.5583

Table 1: (a) number of detected components, (b) steps taken to converge. The initial
component number in no DP case was b4.3 ∗ αc.
most probable value of z0 . Also interesting to note is that this distance does not depend
on the dimension of the latent space of the filters, therefore the presented KL-based
distance measure allows for direct comparison between filters of arbitrary latent spaces
that produce output of the same dimension.

5

Simulations

We tested our method on artificial and real–world data, with our main interest being
the inference on the number of components. We used three data–sets to examine the
effectiveness of our proposal. The first was created using three filters, each with a two
dimensional latent space and two dimensional output space. The first filter implemented
rotation, the second one left the data unchanged, and the third one was also rotation,
in the opposite direction to the first filter. The observations were corrupted with zero
mean normal noise with variance 0.1. We plotted the first dimension on Figure 2.a, each
detected component with a different style. We see that indeed the proposed algorithm
identifies mostly correctly the components. In the second experiment we wanted to
partition the three dimensional Lorenz attractor with parameters ρ = 28, σ = 10 and
β = 8/3 [15]. There were just two components left, as it is shown in Figure 2.b. The
third set is the KIN40 data–set1 , a realistic simulation of the forward dynamics of an 8
link all-revolute robot arm.
We run all three experiments with different hidden dimension of the internal states
and our prior on the number of sources. Each parameter settings were tested twenty
times, totally performed 3 × 600 experiments. Table 1 shows the experimental results.
Table 1.a contains the number of active components after the SSKF converged as a function of the prior assumption about the number of it. We see with the use of a Dirichlet
prior the component number is almost independent of the concentration parameter α.
Table 1.b contains the number of EM steps needed to converge, one can again see the
advantages of the use of the Dirichlet process together with a KL-distance based removal of components. Again, the convergence speed is almost constant, not depending
on the prior values.

6

Discussion and further research

In this paper we presented a generalization of the SSKF framework by adding a Dirichlet prior over the structure of the model. This extension allows us to model SSKFs
1 http://ida.first.fraunhofer.de/∼anton/data/kin40k.mat

whose number of component is not fixed, theoretically can be very high, often infinitely many components and make the computations feasible. We also presented a
new distance measure of the Kalman filters, this proved to be useful step in optimizing
with respect to the number of components of the mixture. The presented simulations
show that using our proposal a faster and a more efficient segmentation of the mixture
model can be achieved, however, these results rely on generated data. We aim to test
the method on real world data too, where the components have practical significance.
The presented component detection scheme is unsupervised: there is no “user” intervention required for the method to work. Furthermore, the result of this filtering is
a set of “simple” models that can be used as building blocks for hierarchical motion
planning systems, forming the basis of an ontology. It would be interesting to evaluate the component detection scheme in conjunction e.g. with a reinforcement learning
algorithm that can borrow templates from the SSKF.
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