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ABSTRACT

In this paper we address the problem of the separation and recov-
ery of convolutively mixed autoregressive processes in a Bayesian
framework. Solving this problem requires the ability to solve inte-
gration and/or optimization problems of complicated posterior dis-
tributions. We thus propose efficient stochastic algorithms based
on Markov chain Monte Carlo (MCMC) methods. We present
three algorithms. The first one is a classical Gibbs sampler that
generates samples from the posterior distribution. The two other
algorithms are stochastic optimization algorithms that allow to op-
timize either the marginal distribution of the sources, or the marginal
distribution of the parameters of the sources and mixing filters,
conditional upon the observation. Simulations are presented.

1 INTRODUCTION

The paper is organized as follows. In Section 2 we present the
model for the data. In Section 3 we propose a Bayesian model to
solve the problem. In Section 4 we propose a MCMC algorithm
that allows us to obtain samples from the posterior distribution.
Section 5 is devoted to two optimization algorithms that estimate
two MMAP: the MAP of the marginal posterior distributions of
the sources conditional upon the observations, and the posterior
distribution of the parameters conditional upon the observations,
that is in the later case that the sources are integrated out. In Sec-
tion 6 we present simulation results and in Section 7 we draw some
conclusions and discuss our contributions.

2 MODEL OF THE DATA AND OBJECTIVES

The problem addressed is the problem of source separation, then
sources being modelled as autoregressive processes.

2.1 Model for the sources

Sourcei is modelled fort = 1; : : : ; T as:
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is a zero mean normalized i.i.d.
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Gaussian sequence,i.e. for i = 1; : : : ; n andt = 1; : : : ; T , ehiit �
N (0; 1) :
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are the variances of the dynamic noise

for each source. Further on we will denotevhiit , �hiie
hii
t and

we assume that the excitations of the different dynamic noises are
independent.

2.2 Mixing noisy model

The mixing model is assumed to be a multidimensional time in-
variant FIR filter. More precisely we assume that the sources are
mixed and corrupted by an additive Gaussian i.i.d. noise sequence:
at thejth sensor, and forj = 1; : : : ;m
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whereLhi;ji is the length of the filter from sourcei to sensor
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is a zero mean normalized i.i.d. Gaussian se-

quence,i.e. for i = 1; : : : ; n andt = 1; : : : ; T , "hiit � N (0; 1) :�
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are the variance of the observation noise for each
sensor. They are assumed independent of the excitations of the
AR models. Note that we assumehhi;jit = 1.

2.3 State-space representation of the data

In order to design efficient algorithms we will see in Section 4 that
it is important to rewrite the model of the data using a state space
represention:
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Then defining
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one can write the evolution equation:

esh1:nit = Aesh1:nit�1 +Be
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The observation equation takes the following form:
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2.4 Objectives

Our aim is, given the number of sourcesn, lh1:ni andLh1:n;1:mi
to estimate the parametersah1:ni and the sequencesvh1:ni1:T from

the observationsyh1:mi1:T . To achieve this, we adopt in this paper a
Bayesian approach.

3 BAYESIAN MODEL

In a Bayesian framework, priors are needed for all the parameters
of the model. We assume the following probabilistic structure of
thea priori density of the parameters. We note
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that is we introduce independence among the sources and among
the mixing filters. We now describe the different prior distributions
of the parameters of the model.
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whereIG is the inverted-gamma distribution [3] and�hii > 0.

Note that as�hii0 ; 

hii
0 ! 0 one obtains Jeffreys’ uninformative

prior. The prior onahii becomes uninformative as�hii ! +1.
Note however that iflhii is unknown, one should avoid such an
improper prior that might lead to Lindley’s paradox [3].
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where�hi;ji > 0. The remarks given in the preceding subsection
concerning the hyperparameters of the model apply here. This
allows us to define a uninformative prior distribution for these pa-
rameters.

3.3 Bayesian objectives

In a Bayesian framework our aim will be to estimate the following
posterior distribution:
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Neither this distribution, nor features such as the MAP estimate
of the sources or the MMSE estimate of the parameters can be ob-
tained in closed-form. This is why numerical methods are required
either to optimize or integrate. Note that the use of reversible jump
MCMC algorithms introduced in [6] could allow us to treat the
case when the dimensions of the AR models and of the mixing
filters are unknown.

4 MCMC ALGORITHM

MCMC methods consists of running an ergodic Markov chain (MC)�
x(i)

�
i2N

admitting as equilibrium distribution� (�) the a required

distribution, the posterior distribution of the parameters of the mo-
del in a Bayesian framework. The samples obtained from the er-
godic MC allow us to estimate, when they exist, quantities such asR
f (x)� (x)dx by ergodic averaging. We will illustrate in Sec-

tion 5 that they also allows us to design optimization algorithms
to find the maxima of� (�). We now describe a Gibbs sampler

algorithm that generates an ergodic MC
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4.1 Algorithm

In this section we present a Gibbs sampler that allows us to asymp-
totically obtain samples from the posterior distribution
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Homogeneous algorithm

1. Initialization set �(i) to a random value.

2. Iteration i

� Sample the dynamic noise vh1:ni(i)1:T and the vari-
ances of the corresponding Gaussian noises:
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� For k = 1; : : : ; n evaluate shki(?)1:T from (3).

� For k = 1; : : : ; n sample the variances of the dy-
namic noises �2hki

�� shki(i)1:T .

� For k = 1; : : : ; n sample the coefficients of the

autoregressive models: ahki
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� For k = 1; : : : ; n evaluate shki(i)1:T from (3).
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4. Go to 2.

�

By construction the transition kernel defined by one iteration
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bution. One can easily check that this MC is irreducible and ape-
riodic, and thus converges towards the required posterior distribu-
tion [7].

4.2 Implementation

4.2.1 Samplingvh1:ni1:N

This is done by performing the efficient Kalman disturbance smoother
described in [4], which uses the the state-space representation in-
troduced in subsection 2.3.

4.2.2 Sampling�2hki
Classic algebraic manipulations lead to
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andShki is the Toeplitz matrix with first columns0:T�1 and first
line s0:1�lhki . It is easy to obtain samples from this distribution
using standard techniques [5].

4.2.3 Samplingahki

Directly from Bayes’ theorem one can find that:
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4.2.4 Sampling the variance of the observation noise

Similarly
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whereRhji is composed of the Toeplitz matrices with first column
x0:T�1 and first linex0:�Lhiji , aligned from the left to the right.

4.2.5 Samplinghhi;ji

For a givenj one easily obtains
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5 OPTIMIZATION ALGORITHMS

In this section we first present an algorithm to optimizep
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which is a stochastic version of the algorithm presented in [9].
Then we show how it is possible to integrate the nuisance parame-
ters out, here the mixing filters and the variance of the observation
noise and of the dynamic noises to obtain an analytic expression
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this expression to design an efficient stochastic optimisation algo-
rithm that allows us to obtain the MMAP (Marginal Maximum A
Posteriori) estimate ofsh1:ni1:N .

5.1 First algorithm

We consider an increasing positive sequence(
i)i2N, then we can
define the following optimization algorithm:

Simulated annealing algorithm

1. Initialization set �(i) to a random value.
Iteration i

2. Sample the dynamic noise vh1:ni(?)1:T :

v
h1:ni
1:T

��� �h(i�1)h1:n;1:mi;�
(i�1)2�

h1:mi ; a
(i�1)

h1:T i ;�
(i�1)2

h1:ni ;y
h1:mi
1:T

�
(23)

3. Evaluate sh1:ni1:N .

Sample �(?), as in subsection 4.1.
4. Optimization step:
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5.2 Integration of the parameters of the model
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The interpretation of this cost function is rather simple: the first
term says how the sources fit the autoregressive model and the
second term tells us how the sources fit the observed data.



5.3 Second algorithm

We present here an efficient stochastic algorithm that allows to op-

timise the probability densityp
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to find the most probable sources. This algorithm uses the nui-
sance parameters in order to perform easy/efficient simulation of
the parameterssh1:ni1:T .

Simulated annealing algorithm

1. Initialization set �(i) to a random value.
Iteration i

2. Sample the dynamic noise vh1:ni(?)1:T :
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6 SIMULATION RESULTS

We considered in simulation the casen = m = 2, lhii = 5 and
Lhiji = 10 with noises equal to�hii = :1 and�2�hii = 1:0 for
i; j = 1; 2 and500 observations. We used the second optimization
scheme for500 iterations and a linear cooling schedule. On Fig. 1
we present the original spectra, and the recovered spectra. On Fig
2 we present the correlation of the real sources, the observation
and the outputs of our algorithm.
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Figure 1: Spectra of the real sources, and recovered sources

7 CONCLUSION

In this paper we have introduced a Bayesian model to address the
problem of separation and recovery of convolutively mixed autore-
gressive sources, corrupted by an additive white Gaussian noise.
We present three stochastic algorithms, relying on MCMC tech-
niques, that allow us to obtain samples from the posterior distribu-
tion of the model, and we show how they can be used to optimize
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Figure 2: Correlation of the orginal sources, the observations and
recovered sources

the posterior distribution of the sources conditional upon the ob-
servations or to optimize the set of parameters of the model con-
ditional upon the observations, the sources being integrated out.
Simulation results showed that in general source separation can be
achieved in very general cases, as suggested in [9]. The main in-
terest of our approach is that it will allow us to take into account
more complex and reliable model for speech, such as autoregres-
sive processes excited by impulsive noise, and to estimate all the
unknown parameters, without anyad hoctuning. Furthermore the
number of sources can be more than the number of sensors. Note
that the approach we developed also allows to address the problem
of model selection of the order of the mixing filters and autore-
gressive processes.
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