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Abstract

We present a method to separate and deconvolve sources
which have been recorded in real environments. The use of
noncausal FIR filters allows us to deal with nonminimum
mixing systems. The learning rules can be derived from dif-
ferent viewpoints such as information maximization, maxi-
mum likelihood and negentropy which result in similar rules
for the weight update. We transform the learning rule into
the frequency domain where the convolution and deconvo-
lution property becomes a multiplication and division oper-
ation. In particular, the FIR polynomial algebra techniques
as used by Lambert present an efficient tool to solve true
phase inverse systems allowing a simple implementation of
noncausal filters. The significance of the methods is shown
by the successful separation of two voices and separating a
voice that has been recorded with loud music in the back-
ground. The recognition rate of an automatic speech recog-
nition system is increased after separating the speech sig-
nals.

1 Introduction

In blind source separation the problem is to recover inde-
pendent sources given sensor outputs in which the sources
have been mixed by an unknown channel. The problem has
become increasingly important in the signal and speech pro-
cessing area due to their prospective application in speech

recognition, telecommunications and medical signal pro-
cessing.

The blind source separation problem has been studied by
researchers in the field of neural networks [1, 2, 5, 9, 10,
16, 17] and statistical signal processing [3, 7, 11, 15, 19].
Comon [7] defines the concept of independent component
analysis (ICA) which measures the degree of independence
among outputs using contrast functions approximated by the
Edgeworth expansion of the Kullback-Leibler divergence.
The higher order statistics is approximated by cummulants
up to 4th order and requires intensive computation. Re-
searchers in neural computation have developed adaptive
learning algorithms which are simpler and biologically more
plausible [1,2,5,9, 10].

Recently, Bell and Sejnowski [2] have proposed an in-
formation theoretic approach to the blind source separation
and blind deconvolution problem. This approach has been
extended to convolution and time-delays in a feedback ar-
chitecture [6, 13, 18]. Pearlmutter and Parra have refor-
mulated the ICA in a maximum likelihood (ML) framework
[16] where the underlying density is estimated in a context
sensitive manner. Although research in blind source separa-
tion has been carried out for several years only very few pa-
pers have addressed the problem with real acoustic signals
recorded in reverberating environments [19, 18, 13, 12].

In this paper, we tackle the problem of separating signals
recorded in real environments. The inverting system is ap-
proximated by a matrix of finite impulse response (FIR) fil-
ters to deconvolve and unmix the mixing system which may



have a nonminimum phase character. The learning rules can
be derived from different perspectives such as information
maximization, ML and negentropy which result in similar
rules for the weight update. Another way of dealing with
filters in a multichannel representation is to transform the
learning rules into the frequency domain where the convo-
lution and deconvolution property becomes a multiplication
and division operation. In particular, the use of FIR polyno-
mial techniques [11] present an efficient tool to solve true
phase inverse systems allowing a simple implementation of
noncausal filter solutions. The significance of the methods is
shown by the successful separation of two voices and sepa-
rating a voice that has been recorded with loud music in the
background. We also show that the recognition rate of an
automatic speech recognition system is increased after sep-
arating the speech signals.

2 Architecture

In the linear blind signal processing problem [2, 3, 7], N
signals, s(t) = [s1(t)...sn(t)]7, are transmitted through
a medium so that an array of /N sensors picks up a set of
signals x(t) = [z1(t)...zn(t)]?, each of which has been
mixed, delayed and filtered as follows:
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(Here D;; are entries in a matrix of delays and a;; are the M-
tap filter coefficients between the the jth source and the ith
sensor.) The problem is to invert this environmental scram-
bling without knowledge of it, thus recovering the original
signals, s(t). The type of architecture that we choose for in-
verting eq.1 is important. An accurate architecture to invert
a M-tap filter is an infinitive impulse response (IIR) filter
with M-taps. However, IIR filters are limited to poles inside
the unit circle and therefore, a stable IIR filter exists only for
a minimum phase mixing system. FIR filters may be used to
approximate the inverse solution. Figure 1 shows the mix-
ing and unmixing system.
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In this, we have filters, w;; and the time delays are seen as
part of the deconvolution filters. The original uncorrupted
source signals, s; are reproduced by u; when the learned sys-
tem W(z) is the inverse of the mixing system A(z). The
design of W(z) must allow for noncausal extension since
the inverse of a nonminimum-phase system is noncausal.
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Figure 1. (a) The feedforward mixing / con-
volving system A(z) and the inverting system
W(z) which is used to separate and decon-
volve the signals x. Each box represents a
filter. (b) Entropy maximization at the out-
put of the nonlinear neural processor. The
nonlinearity g(u) can be fixed or can have a
parametric form.

3 Algorithm

Recently, several algorithms have been proposed for the
blind separation of linear mixtures. Bell and Sejnowski [2]
have proposed a simple infomax neural network algorithm
where they maximize the joint entropy H (y) of an obser-
vation x that has been linearly transformed and processed
through a nonlinearity y = g(u) with u = Wx. Pearl-
mutter and Parra [16] derive a similar learning rule from a
ML density estimation using the Kullback-Leibler distance
measure.

D(.5) = [ plx)tog L)

= H(p(x)) - / p(x) log plx; w) 3)

p(x) is the probability density function (pdf) of the observa-
tion x and p(x; w) is a parametric estimate of the distribu-
tion of the independent sources. Girolami and Fyfe [9] start
from the negentropy point of view and use a kurtosis mea-
sure as projection pursuit.

N(pu) = H(pG) - H(pu) 4

Negentropy can also be looked at the ML perspective where
we measure the KL-distance of a transformed vector u to



normality. Since the observation x is close to the Gaussian
distribution for a linear mixing of independent variables due
to the central limit theorem, the difference between maxi-
mizing the distance to the observation or to a Gaussian dis-
tribution does not matter in practice. In [4] Cardoso shows
that infomax and ML is equivalent because the relation be-
tween the KL-distance and the ML differs by the constant
Entropy H (x) which is not dependent on W.

p(x)
plx; w)

In both approaches the output entropy H (y) of a neural pro-
cessor is maximized which implies approximating the out-
put density in the sense of minimum KL-distance, by a uni-
form density. This corresponds to producing a whitened sig-
nal with a flat amplitude spectrum at the output of the neu-
ral processor and at the same time making the input signals
prior to the transfer function g(u) independent while shap-
ing them according to the derivative dg(u)/du with u =
Wx being the estimate of the independent sources. This
may be viewed as maximum entropy estimation of the input
densities under the parameterization of py(x; w). We can

L=- /p(x) log dx — H(px) 3)

relate x to the nonlinear transfer function %ﬂ:ji) that gives
us the pdf estimate py (x; w):
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where J(x) is the Jacobian. The logarithmic representation

is:
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Evaluating the expected value for eq.7 gives the output en-
tropy which can be maximized with respect to W.
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Considering the parameter W, a better way to maximize en-
tropy in the feedforward and feedback system is not to fol-
low the entropy gradient, as in [2], but to follow its ‘natural’
gradient, as reported by Amari et al [1]:

dg(ui)
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This is an optimal rescaling of the entropy gradient. It sim-
plifies the learning rule and speeds convergence consider-
ably. The form of the nonlinearity g(u) plays an essential

role in the success of the algorithm. The ideal form for g(u)
is the cumulative density function (cdf) of the distribution of
the independent sources. g(u) = [ py,(u)du. This leaves us
some degree of freedom in choosing a differentiable nonlin-
ear function that fits the unknown true distribution of s;. If
we choose g(u) to be a sigmoid function the learning rule re-
duces to the algorithm proposed in [2] and the algorithm is
limited to the separation of super-Gaussian sources. A more
accurate, but computational burdensome way is to use the
contextual ICA [16] where the pdf is modeled in a paramet-
ric form and taking into account the temporal information.
Pearlmutter and Parra choose to make p; a weighted sum
of logistic density functions with variable means and scales,
and make these means linear functions of the recent history
of source ¢ as shown in figure 1(b).
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where m;;, are the mixing parameters and o, are the scal-

ing parameters. dg/0u = g(1 — g) denotes the derivative

of the logistic density function. The component means @y,

are linear functions of the recent time samples of the source.

The learning rules for the set of parameters to parameterize

the density is given by the gradient ascent of the entropy.
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This allows the separation of sub/super-Gaussian and to
some extent Gaussian distributions. In [14] we discuss sev-
eral alternatives for the estimation of the underlying density.

An elegant way of generalizing the learning rule to
sub/super-Gaussians is to approximate the estimated pdf in
form of the Edgeworth approximation up to 4th order. This
leads to a simple substitution as shown in [9].
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For super Gaussians the kurtosis k4 is positive and the re-
sulting term tanh(u)u” in eq.12 corresponds to an anti-
Hebbian rule whereas for a negative kurtosis the sources are
sub Gaussian and the term becomes a Hebbian term.

It is interesting to note that the direct Bussgang property
for blind deconvolution as well as the EASI algorithm by
Cardoso [3] lead to a similar learning rule.

E{uiprui} = E{g(ui)uivr}
AW I —uu’ — g(u)u” (13)



4 FIR Polynomial Filter Design

The use of IIR filters is restricted to ARMA (autoregres-
sive moving average) systems with minimum phase. Since
we cannot obtain this prior knowledge about real recordings
we have to assume a nonminimum phase system which may
have a noncausal filter system inverse. For example, a non-
minimum phase system will occur when a microphone picks
up an echo that is stronger than the direct signal. The in-
crease in negative phase is directly related to the amount
of temporal delay of a narrowband component at that fre-
quency. Hence, the minimum phase lag property or the min-
imum group delay property of a nonminimum-phase system
is not guaranteed. However, any nonminimum or true phase
system can be expressed as H(z) = Hpin(2)Hap(2)
where H,,;,,(z) is a minimum phase system and H 4 p(2)
is an all-pass system. H,,;,(z) has all its poles and ze-
ros inside the unit circle and H 4 p(z) represents a time de-
lay with a unit frequency magnitude response. Therefore,
H 4 p(z) preserves the amplitude frequency spectrum and
delays H (z) by reflecting the zeros outside the unit circle to
their conjugate reciprocal location inside the unit circle. By
time delaying the inverting system up to M /2 taps, M be-
ing the size of the inverting filter, we introduce a M /2 order
H 4p(z) which is a technique to realize a noncausal system.

To implement such a system, the mixing and unmixing
system in figure 1 can be written in the frequency domain
representation where the elements of the matrices are fil-
ters and the multiplication operation replaces the convolu-
tion property. Lambert [11] has shown that FIR polynomial
matrix algebra can be used as an efficient tool to elegantly
solve problems for the multichannel source separation. The
basic idea of using the FIR polynomial matrix algebra is to
extend the algebra of scalar matrices to the algebra of matri-
ces of filters (time-domain) or polynomials (freq. domain).
The methods for computing functions of an FIR filter, such
as an inverse, involve the formation of a circulant data ma-
trix. Due to this nature we move to the frequency domain
representation where eigencolumns of the circulant matrix
are the discrete Fourier basis functions of the FFT of corre-
sponding length. The filters now become polynomials of the
Laurent series extension (z-transform) and the convolution
/ deconvolution of filters is reduced to multiplication / divi-
sion of polynomials. For example, the inverse of a filter w(¢)
is such a computation and can be formulated as follows:

w(t)™' = FFTSHIFT(IFFT(FFT[000 - - - w(t) - - - 000])))
(14)
The prepending of postpending of zeros is needed to pro-
duce a good estimate of the double-sided Laurent series ex-
pansion to allow for noncausal expansions of nonminimum

phase roots. The circular reordering in the time domain
shifts the zeroth lag to the center of the filter. The complete
proofis givenin [11]. The learning rule for the two sources
/ two sensors problem can be reformulated from eq.9 as fol-
lows:

{
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Note that the neural processor y; = By7 Dus still operates in
the time domain and the FFT is applied at the output. * de-
notes the complex conjugate form. Eq.15 is of the form of
the least mean squared (LMS) adaptive filters. A fast imple-
mentation of the LMS adaptive filters in the frequency do-
main can be archieved by employing the overlap and save
block LMS technique [8].

el

X(Z) = FFT[x(kfl)n L gn—1Lkn " xkn+n—1] (16)

For a blocksize of 1024 FFT-points the method is 16 times
faster than the conventional LMS method [8].

5 Experiments with Real Recordings

We have conducted several experiments in a normal of-
fice room (3m x 4m) and a conference room (8m x 5.5m).
The position of the two distant talking microphones and the
location of the sources have been varied for each experi-
ment. In the first set of experiments we have recorded one
speaker saying the digits from one to ten while loud music
was playing in the background. In this experimental setup
the sources and sensors were placed in a rectangular (60cm
x 40 cm) order with 60 cm distance between the sources and
the sensors. Figure 2 (a) and (b) shows the recorded sig-
nals where the speech signal has been heavily corrupted by
the music source. The algorithm converged after 30 epochs
through a 7 sec. recording with 16kHz (120000 points). The
unmixed signals have been obtained using 1024 taps FIR fil-
ters which cover a delay of 32ms corresponding to 10m. The
separated signals are shown in figure 2 (c) and (d) A listen-
ing test shows a clean speech separation. The learned fil-
ters are shown in figure 3. In each filter, the leading tap is
followed by a strong negative tap which indicates that the
infomax algorithm tries to decorrelate adjacent time points.
This whitening effect increases the energy in the higher fre-
quency spectrum and reduces the energy of the lower fre-
quency band. Speech signals sound sharper than their orig-
inal. This effect can be compensated by postprocessing the



Figure 2. Microphone recordings of two
speakers in a normal office room (a) Micro-
phone 1 (b) Microphone 2. The separated
sighals are (c) speech and (d) music.

unmixed signals with a dewhitening filter. Another set of
experiments have been performed with two speakers speak-
ing simultaneously. Figure 4 (a) and (b) show the signals
recorded with the same setup but with another speaker say-
ing the digits one to ten in Spanish (uno dos - - - diez) in-
stead of the music source. The separated signals are shown
in figure 4 (c) and (d). A listening test shows an almost
clean speech separation. These audio-files are available in
http://www.cnl.salk.edu/~tewon/blind.html. A prospective
application is given in spontaneous speech recognition tasks
where the best recognizer may fail completely in the pres-
ence of background music or competing speakers as in the
teleconferencing problem. We have used a automatic speech
recognition system trained on the Wall Street Journal task to
test its performance on the recorded and separated signals.
The recognition rates are listed in table 1. The results can

Table 1. Speech recognition results

Recog. rate No. of words | mixtures || separation
Speech-Music 100 14 % 64 %
Speech-Speech 100 42 % 61 %

TOTAL 200 28 % 62.5 %

be further improved by postprocessing the separated signals,
e.g., zeroing out the noisy part with a low signalpower de-
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Figure 3. Unmixing and deconvolving FIR
1024-tap filters. Leading weights of the chan-
nel filters Wy, and Wy, are at 512-taps. Cross-
channel filters are Wy, and Wi»

tector and by using a speech recognizer trained on digits.

6 Conclusions

We have presented a method to separate and deconvolve
sources which have been recorded in real environments.
The use of noncausal FIR filters allows us to deal with non-
minimum mixing systems. The learning rules can be de-
rived from different perspectives and such as information
maximization, maximum likelihood and negentropy which
result in similar rules for the weight update. We transform
the learning rules into the frequency domain where the con-
volution and deconvolution property becomes a multiplica-
tion and division operation. In particular, the use of FIR
polynomial algebra techniques present an efficient tool to
solve true phase inverse systems allowing a simple imple-
mentation of noncausal filter solutions. The significance of
the methods is shown by the successful separation of two
voices and separating a voice that has been recorded with
loud music in the background. The recognition rate of an
automatic speech recognition system is increased after sep-
arating the speech signals.
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