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1. Introduction

Blind separation is a very important problem of considerable interest in a wide range of applica-
tions as an inverse problem including seismology, wireless communication, pattern recognition,
non-invasive medical diagnosis. These problems consist of reconstruction of a set of statistically
independent source signals from a vector of received signals. Recently many heuristic neural
algorithms for blind signal processing have been reported in different fields. Most of these
works are devoted to instantaneous mixture of stochastic independent signals. Only few works
have been treated the more realistic conditions where received signals were convolved or mixed
with some delay. In fact, in real-life applications wide-band signals are filtered and delayed
before reaching sensors. The present paper uses a MA (moving average) convolution model as
propagation system and minimizes the cost function using natural gradient. The natural gradi-
ent search method which is proposed by Amari has emerged as a particularly useful technique,
when the parameter space is not a uniform Euclidean but has some structure. We show the
deconvolution result of the computer simulation and compare it with the convergence property
of the natural gradient and normal gradient method.

2. Blind deconvolution problem

In this section, we study the measurement model and specify our purpose. Let us assume
z(k) = [z1(k) - 2, (k)]T be a vector of m source signals whose components are zero-mean
independent, i.i.d.(independent and identically distributed) signal. The observed signal vector
y(k) = [y1(k) - -y (k)]T at the time k is described by the model.

(k) = 3 Hya(k—p) )

where H, which indicates the characteristic of the propagation channel is m x n full-rank
matrix. In order to reconstruct the source signal, we use the feed-forward model.

s(k) =Y W (k)y(k - p). (2)
p=0

In an operator form, the input and output of the equalized system are given by the following

equations.
y(k) = H(z)[z(k)], 3)
s(k) = W (z, k)y(k)] = C(z,k)[s(k)], (4)

where
H(z) = Z H,z2"?, W{(z, k)= Z W, (k)z7P. (5)
p=0 p=0

C(z,k) = W(z,k)H(z) (6)
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Figure 1: Blind deconvolution feed-forward model

The goal of Blind deconvolution problem is to obtain the rescaled and time-delayed estimates
of the source signals s(k) = [si(k) - - - s, (k)] without any information about the sources and
propagation coefficient such that

lim C(z,k) =PD(z), (7)
k—o0
by adjusting the estimator W (z, k). Because the problem is ill-posed, we cannot estimate H™'
directly and the estimates involve the following two ambiguities; P € R™*”, a permutation
matrix and D(z) € R™", a diagonal matrix with (i,i)th entries d;2(=2¢) (¢; is a scaling factor
and A; is an integer delay value).

3. Learning algorithm of the inverse model

In order to deconvolute these signals the inverse network must adapt without a supervisor
which is a rather difficult type of learning. ICA (independent component analysis) of a random
vector consists of searching for a linear transformation that minimizes the statistical dependence
between its component. The dependency of estimated signals is evaluated by the KL(Kullback-
Leibler) distance.

KL(p()a(s)) = [ o) log 2. )

where p(s) is joint probability density function of estimates and ¢(s) = [];(s;) is marginal
probability density function. It can be shown that KL information is the expectation of the
following cost function.

(s, W)= —= log[det (WwT)] Zlog qi(si)- 9)

We now determine an algorithm for minimizing (s, W) with respect to estimator W (k) by
the use of temporal iterations. The stochastic gradient method is a popular learning method
in the general optimization framework,

AW, (k) dl(s|W)

p _“(t)TWP’ (10)

where p(t) > 0 is the learning rate. It is well known that the stochastic gradient method for
parameterized system sometimes suffers from a slow convergence. Additionally the parame-
ter space of estimator W (k) is not Euclidean, but has Riemannian structure in many cases.



Therefore the ordinary gradient does not give the steepest direction of the parameter space.
We propose to use the natural gradient approach introduced first by Amari for minimizing the
cost function such that

T ) B, (1)

where By = W%Wk is nonsingular for each t. We then get the following learning formula.

Do — w0118, ~ Fls)]sT (0IW, (1), (12)

The optimal choice of f(s) = [fi(s1) - fa(5,)]" depends on source signal.

fi(si) = —7d10g§i(8i)) = —Z—f (13)

For sub-Gaussian source, typical choice is f;(s;) = a;s; + s;|si|?

Gaussian source f;(s;) = a;s; + tanh (f;s;), a > 0 and § > 2.

and we can choose for super-

4. Simulations

We shall show some computer simulation results to check the validity of the algorithm. It can
be shown that the deconvolution results using the learning rule which is described by eq.(12)
and the effectiveness of natural gradient method.

Example 1. Deconvolution result using by feed-forward model

Let us consider that three source signals were mixed using a uniformly random full rank matrix
H,.

T, (k) = %ami sin(2w fik 4+ 0,,;)  (m=1,2,3). (14)

We consider that the frequency band is 0.001-0.018Hz. The spectral density of 21,24 and z3 are;
uniform distribution for 21, Gaussian distribution(x = 0.01,0 = 0.003) for z3, and Gaussian
distribution(x = 0.01, 0 = 0.0003) for z3 , respectively. The initial phases 6,; are selected to
be uniformly random in the range of =% < 6,,; < T (m=1), 0 < 6,,; < 2m (m=2,3). Fig.2
shows the simulation results with f(s) = tanh(s), u = ¢ for £ > 2000, pr = cexp (—0.005¢) for
k > 2000, ¢ = 0.001. Although the received vector includes some time delay, we can obtain the

good reconstruction signals in a few iterations.
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Figure 2: Deconvolution results of the feed-forward inverse model
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Figure 3: A comparison of reconstruction results by the natural gradient method and normal
gradient method

Example 2. Effect of natural gradient method

Now, we make a comparison between with convergence property of normal gradient method and
natural gradient method. We will show the two reconstruction results using natural gradient
method and gradient method. The received signals are mixed with no delay for simplicity, and
the remixed signals are shown in Fig.3. Even if we use the same simulation parameters, the
result with natural gradient method is better than that with gradient one. The right panel of
Fig.3 illustrates the squared errors of normalized estimates.

5. Conclusion and future work

It is shown that the blind deconvolution algorithm with natural gradient method, gives us some
effective results. We have confirmed the validity of natural gradient method and this method
can be applied as well to the actually observed data. Although we can obtain good results, there
are many problems to be studied. For example, (1) in the case of nonstationary environment,
(2)the stability and convergence analysis of learning algorithm, (3) how to evaluate the error,
being related with (2).
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