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Abstract

This paper introduces a novel independent component analysis (ICA) approach to the separation of nonlinear
convolutive mixtures. The proposed model is an extension of the well-known post nonlinear (PNL) mixing model and
consists of the convolutive mixing of PNL mixtures. Theoretical proof of existence and uniqueness of the solution under
proper assumptions is provided. Feedforward and recurrent demixing architectures based on spline neurons are
introduced and compared. Source separation is performed by minimizing the mutual information of the output signals
with respect to the network parameters. More specifically, the proposed architectures perform on-line nonlinear
compensation and score function estimation by proper use of flexible spline nonlinearities, yielding a significant
performance improvement in terms of source pdf matching and algorithm speed of convergence. Experimental tests on
different signals are described to demonstrate the effectiveness of the proposed approach.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction

The interest of the scientific community for blind signal processing and in particular for blind source
separation (BSS), performed through independent component analysis (ICA), has been considerably
growing in last years. This interest is justified by the number of different approaches and applications. As a
matter of fact, in several fields, from multimedia to telecommunications and biomedicine, ICA is currently
employed to effectively remove interfering signals from the signal of interest. Furthermore it is interesting
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to note that many array signal processing or blind channel deconvolution problems can now be casted into
the ICA framework.

Initial studies on ICA aimed at solving the well-known cocktail party problem, in a static or slightly
reverberant environment. Pioneering works in ICA appeared at the beginning of the 1990s, when Jutten
and Herault presented their “neurometric architecture” [1] and Comon published his often referenced paper
[2]. From that time many different algorithms have been developed. The main approaches to ICA were by
nonlinear principal component analysis (PCA), factor analysis, projection pursuit and redundancy
reduction. Some approaches to source separation were based on estimation of high order cumulants [2,3].
The INFOMAX principle inspired the well-known MaxEntropy method [4], while other solutions to ICA
employed the minimization of mutual information (MMI) [5] or the maximization of the likelihood
function [6,7]. A very popular algorithm is FastICA, which minimizes the negentropy using a fixed point
algorithm [8] and finally the EASI algorithm [9] uses the so-called “‘relative gradient” instead of a stochastic
gradient in the MMI framework. All these algorithms are based on different cost functions, but can be
embodied in a common general formulation [10].

One of the more critical issues in ICA is the matching between the probability distribution function (pdf)
of sources and the algorithm’s parameters. In order to improve the pdf matching process, the so-called
Flexible ICA was recently proposed [11]. Flexible ICA provides faster learning by estimating the
parameters related to the pdf of signals. Several methods based on polynomials [12] and on parametric
function approaches [7,13] were proposed.

Conventional ICA approaches perform the blind source recovery in static or slightly reverberant
environment. Unfortunately linear mixing models are too unrealistic and unsatisfactory in a lot of real
situations. Examples of more complex nonlinear mixing models were presented in [14,15]. In [16] the
existence of the solution to some nonlinear problems was explored. Nonuniqueness of the solution in the
general case was evidenced, unless some additive constraints about the mixing model are taken into
account.

Recently the so-called post nonlinear (PNL) mixing problem has received much attention, also with
regard to the existence and uniqueness problem [17-20]. Only a few works have addressed the convolutive
PNL [21,22] or even a more complex static nonlinear mixing [23]. In [24] a complete review of most recent
results in BSS of nonlinear mixing models was presented.

In this paper, the solution of the BSS problem in a novel convolutive nonlinear mixing environ-
ment is introduced and described. Some results were preliminary described in [25]. The proposed model
has a higher complexity of the ones currently available in literature, being composed by a PNL block
followed by a convolutive mixing channel. In particular the theoretical proof of the existence
and the uniqueness of the solution under some assumptions is furnished. Different separating architectures
based on the use of feedforward and recurrent networks are tested and compared in typical mixing
environments.

2. Nonlinear convolutive mixing model

The aim of this section is to describe the existing approaches to the BSS problem in different mixing
environments and to briefly explore the main results in terms of existence and uniqueness of the solution.

Given a set of N source signals at time 7 s[n] = {si[#],...,sy[n]}T, conventional ICA tries to recover s[x]
from the observation of a linear at least convolutive mixture x[n] = {x;[n], ..., xy[n]}T. The solution can be
found up to some trivial nonuniqueness and desired solution can be expressed as

y[n] = PADs[n], )

where P is a permutation matrix, A is a diagonal scaling matrix and D is a diagonal delay matrix.
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Conventional ICA must be properly extended in order to take into account the higher complexity of
real environments. For this reason in last years more complex mixing environments have been introduced.
The general formulation of a nonlinear hidden mixing model in a convolutive environment is

x[n] = Z{s[n],...,s[n — L]}, (2)

where Z {-} is some nonlinear functional. Given the mixing environment (2), the solution of the BSS
problem is found by a proper transformation %{-}

yinl = ([, ..., yy [T = G{x[n]). (©)

The issue of recovering the original sources in the general mixing model (2) with no particular a priori
assumptions is affected by a strong nonuniqueness. To illustrate this, consider two independent random
variables s; with uniform distribution in [0, 27] and s, with Rayleigh distribution. Given the two nonlinear
transformations y; = s, cos s; and y, = s sin s;, the random variables y,, y, are still independent but are
gaussian distributed [23]. This simple example shows that in many cases the independence constraint is not
strong enough to recover the original sources, unless additional assumptions about the transformation % {-}
or the mixing and demixing model are made [18]. In practice the main issue is to find the theoretical
conditions in terms of sources, mixing environment, recovering architecture, capable to guarantee the
existence of the solution. For example in [16] a constructive approach to the separation problem in a
general static nonlinear mixing environment was proposed. In this work a Gram—Schmidt procedure is
employed to iteratively separate each component of the mixed signals. Uniqueness of the solution (up to
some trivial nonuniqueness) is guaranteed if the number of sources is two, the mixing function Z{-} is a
conformal zero preserving mapping and the densities of the independent components have a bounded known
support.

A possible conformal mapping is the well-known PNL model [17-19,23]. In this case a proof
of the existence and uniqueness of the solution with more than two sources was furnished [18]. In addition,
a PNL convolutive mixing model was studied [22], also when a static mixing after the PNL model is
added [23].

The solution of the general nonlinear convolutive ICA requires proper a priori assumptions concerning
the mixing—demixing model. Using the same notation of (2) and (3), let % be the set of all vectors y having
independent components, defined by

Yz{y

where #{-} in general has a nondiagonal Jacobian matrix.

As a matter of fact, it is possible to find an infinite number of functions 4{-} such thaty = ¥ o x € %, but
not all of them have a diagonal Jacobian matrix. So most of the solutions in % are not of interest, to mean
that output independence by itself is a weak approach to the BSS problem in a general nonlinear
environment.

In the following the issue of recovering original sources in the presence of a nonlinear convolutive mixing
is explored. A priori knowledge of the mixing model is exploited to design the recovering network.

py(y)=Hp},i(yi);y=@0X=%ﬁos:JKOS}, 4

2.1. Model description

In this work the convolutive nonlinear mixing model of Fig. 1 is assumed.
In Fig. 1 A is a N x N matrix, F[r[n]] = [f,[r1[n]),....fy[rvla]l]" is @ N x 1 vector of nonlinear
functions (one for each channel) and Z[k] is a FIR matrix where each element is a Lz-tap FIR filter [26].
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Fig. 1. Block diagram of the proposed convolutive nonlinear mixing model.
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Fig. 2. Block diagram of the recovering architecture.

In formulas

Ly—1
x[n] = Fs[n]] = Z Z[k]F[As[n — K]]. (5)
k=0

Interest in this novel mixing environment is justified mainly by its higher generality. Moreover the PNL
model can be considered as a particular case of (5).

The recovering architecture is represented in Fig. 2 and is based on the so-called mirror model [27].

In Fig. 2 matrix W, vector G, and matrix B perform channel inversion, nonlinear compensation and static
demixing, respectively. If W is implemented by a FIR matrix where each element is a Ly -tap FIR filter, the
outputs of the recovering structure can be written as

y[n] = 9[x] = BG

Ly—1
> WlkIx[n — k]] . (6)

k=0

Knowledge about the mixing model is the key to avoid the strict nonuniqueness of the solution, in the sense
of limiting the cardinality of all possible independent output solutions.

2.2. Source separability

The following proposition extends Lemma 1 formerly introduced in [19] and shows how the elements of
% can differ only for some trivial ambiguity, if the mixing model is (5) and the demixing model is (6).

Proposition 1. Given the convolutive, nonlinear mixture model F{A,¥,Z} (5) and the recovery model

9{B, G, W} (6), assuming that:

(a) A is a nonsingular matrix of nonzero entries,
(b) Z[k] is a convolutive mixing channel admitting an inverse;
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(c) g;and f; (i=1,...,N) are differentiable, invertible, zero preserving monotone functions;

(d) s[n] is a random vector whose components are spatially independent, temporally white and have finite
support,

(e) the pdf of si[n] vanishes for at least one real 5;;

then the components of the output vector y[n] are independent if and only if
21 01 [zHd 0

y[n] = PADs[n] =P s[n].
0 ;vN 0 Z_d

Proof. See the Appendix A. @
In Proposition 1 the convolutive environment forces to model inputs as stochastic processes so signals s;[n]
and s;[n] are spatially independent if and only if py (si[n], s;[m]) = p (sj[m]p,,(si[n]) Vn,m.

Assuming that the mixing environment is invertible, Proposition 1 guarantees the existence and the
uniqueness of the solution of the BSS problem in the presence of white sources and FIR demixing matrices.
In addition, experimental tests showed that good results were obtained also when an IIR demixing model
was used to separate speech signals.

3. Demixing algorithms and architectures

The efficient design of the demixing strategy requires the choice of the proper demixing model, the cost
function measuring independence of the outputs and an effective optimization method. In this section
feedforward and recurrent networks will be proposed and investigated as effective demixing models.
Network parameters will be iteratively adapted (i.e. learned) on the basis of a measure of the output
independence. In particular, the independence of the outputs will be measured by considering the
Kullback—Leibler (KL) divergence between py[y] and py[y] = Hfi 1 Py, [y;]. Considering a demixing model
with parameters ®, the cost function to be minimized is

N N
ABlyln], ®} = KL (py, 11 p},,.Lyi]) = A py(y)log (py(y) / 11 py,m]> dy =Y H(y)— H(y) =1(y).
=1 > i i=1

®)

The proposed expression of KL divergence (8) is equivalent to the mutual information /(y) among the
components of y[n] and is a measure of independence well known in BSS field [2,5,10,17-19]. Other
approaches, instead of minimizing the output mutual information, maximize the output entropy H(y). Anyway
these methods have a serious limitation, since entropy maximization does not necessarily lead to mutual
information minimization. In particular, the KL divergence is preferred for the following attractive properties:

(a) KL(py, py)>0: KL(py. py) = 0<=py(¥) = [T 2, (7):

(b) KL(py,py) is invariant with respect to permutation, scaling and transformation of the outputs by a
nonlinear monotone function;

(c) in this formulation KL divergence is equivalent to the mutual information /(y) that has a symmetric

structure [28]: 1(yy,1,) = 1(¥5, ).

The stochastic gradient and the natural gradient [29] were used to minimize the KL divergence with respect
to the model parameters. In particular the advantages of using the natural gradient have been extensively
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Fig. 3. Example of a spline interpolation of four control points.

described in literature [5,29-36]. The choice of a gradient-based procedure leads to consider the derivatives
of (8) with respect to the model parameters

pyi(yi) %
pyi(yi) 0P
where y;(y;) = p;(v;)/p:(y;) is the so-called score function (SF). Estimation of y,(y;) is a critical step for the
network learning, as described in detail in Section 3.1.1.

In the following two neural feedforward and recurrent architectures for BSS are proposed. They are both
based on the use of the spline neuron as a basic flexible building block.

i

0
2P IOg[Py,(Vi)] = =) 0p° )

3.1. Estimation of nonlinear functions: the spline neuron

3.1.1. Spline approximation neuron

Splines are smooth parametric curves defined by interpolation of properly defined control points
collected in a lookup table. This section briefly summarizes the main properties of splines and their use into
the neural net framework [22,37-41].

Let y = h(x) be some function to be estimated. The spline estimation neuron provides an approximation
h(x) = 7 = h(u(x), i(x)) based on two parameters (u, i) directly depending on x. In the general case, given N
equispaced control points, the spline curve results as a polynomial interpolation through N — 1 adjacent
spans. In this specific application, for each input occurrence x the spline neuron estimates /(x) by using four
control points selected inside the lookup table. Two points are the adjacent control points on the left side of
x, while the other two points are the two control points on the right side; Fig. 3 shows an example of
interpolation.

If i is the index of the leftmost of the four control points and u (0<u<1) is the local' abscissa, the pair
(i,u) is computed using a dummy variable z as follows

1 a<l
i=|z] _
z: z=2¢XzI I<a<N -3 whereoc:f_FLl,
u=z—1I A 2
N-3 a>N-3

(10)

"Variable u is local with respect to the distance between two adjacent control points.
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Fig. 4. Example of a spline interpolation of four control points.

where 4 is the length of each span. The complete expression of the spline estimation model is

y = h(u,i) = 1/2T,MQ,, (11)
where
T, = * u' 1], (12)

Q; =10, Qi1 Oy 0:y3] contains the y-values of the four control points and M € .#44 (i.e. the space of
the square 4 x 4 matrices). Different kinds of spline functions (e.g. Catmull-Rom or B-Spline) are available,
that differ for the choice of matrix M. In particular, an attractive property of the Catmull-Spline is that
control points lie exactly on the estimated function. In this case M is

-1 3 -3 1
2 -5 4 1

M = (13)
-1 0 1 0
0 2 0 0

Fig. 4 represents the structure of the spline adaptive network, modelled with two blocks: GS1 and GS2.

The learning algorithm of the spline neuron is local and independent of the number of control points,
since only four control points are involved for each learning sample. This is the main advantage of using the
spline neural net with respect to other architectures like polynomial networks or multilayer perceptrons
(MLP).

The number of control points is not a critical issue in the approximation capabilities but must be properly
chosen. In fact it is well-known that a high number of control points can produce overfitting and
underlearning, while a reduced number of control points can cause underfitting and overlearning.

3.1.2. Spline approximation for ICA: direct estimation of score functions
SFs? (9) can be used to define the following vector:

¥y[yl = ['//yl()/l) o 'lpij(yN)]T = [Pyl@l)/[’yl(h) e 'Il’yN()/N)/PyN(YN)]r
(14)

2Sometimes score functions are defined in literature as in (14) with minus sign.
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In the totally blind case there is no a priori information on the hidden sources or output pdf. This is the
reason why the output pdf should be estimated only during the learning phase, since output signals may
change.’ Using a predetermined SF based on some a priori estimation is theoretically possible but leads to
worse convergence performance. As a matter of fact, the matching between signals’ pdf and the
corresponding SFs is a critical issue for the learning algorithm, since it determines the performance in
separation. In [18] the Gram—Charlier approximation was compared to the MLP estimator in estimating
the pdf and the SFs. In [12] a polynomial function with adaptively learning coefficients was proposed. In
[7,13] a linear parametric estimation model based on a projection in a subspace spanned by nonlinear
functions was described. All these approaches are limited by the fact that learning is not local and in several
cases is performed off-line.

In [13] direct estimation of SFs by the least mean square (LMS) algorithm was described. Parameters
were estimated by minimizing the mean square error ¢ for each output channel j

=5 B0 ®) 5, 0)/p, )P} j=1...N. (1)

In (15) le(yj, @) is the spline model of the SF, while E{.} is the expectation operator.
The gradient of (15) with respect to parameters Q¥ of the spline model is

: o (- PyO))

631/ _E l//f, - Y Vi . (16)

oQYi oQYi \ " py )
Assuming that y; is a random variable and y(y;) is the theoretical SF, if f'is a differentiable function
satisfying limy; o p, (3;)/(y;) = 0 then

Ef w01 = —EF (0] (17
(see [19] for the proof). Applying (17) to (15) we obtain

0 _00,0,Q" 5 2,0,Q")

0QYi Q% oy0QY

Eq. (18) does not contain the unknown pdf anymore but only the estimation model [19], thus making it
possible to use an unsupervised optimization algorithm. Optimization can be performed by the
conventional steepest descent method:

(18)

0
Qe+ 1) = Q1) = gy (0555 6K, ¥, (19)
Derivation of the cost function yields the gradient expression for the spline control points:
O¢ 1 1.
— = |-~ TyMTyMQ! +— TyM 2
20’ 1 Tu UQ,+AU , (20)

where 4 is the difference between the abscissas of adjacent control points.

3.2. Feedforward spline networks

Having explored the mixing model and the associated cost function, the next step is to define the
recovering network and to derive its learning rules. The proposed feedforward architecture is made of a
cascade of blocks and is depicted in Fig. 5 in the case of two sources.

*Note that during the learning phase output signals can also flip.
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Fig. 5 shows the two blocks (SG1 and SG2) spline neurons involved in the compensation of nonlinear
inversion (see Fig. 4 for the architecture of each block).

Several examples of FIR-based architectures are available in literature [4,5,8,9,18,21,26,42-45]. The
critical issue of these structures is the filter length, since a high number of taps is required to invert real
channels, with the consequence that the computational cost grows exponentially. In the proposed
architecture, the output of the generic ith channel at time # is

N N -1
yilnl = Z bijg; lz Z WinlkJxaln— ]1 .
= =1 k=0

Let define the input vector at time n x[n] = [x[#], ..., xy[r]] and the corresponding output vector y[n] . For
n=0,...,M we define the vectors Z = [x[0],...,x[M]]" and @ = [y[0],...,y[M]]" and the output pdf as
follows:

_p(2) p..(x)
P,(y) = J M N
I1 {|detB| (_ |gi[Ui[”]]|>|det W[0]|}

n=0

) 21

i=1

where J is the determinant of the Jacobian matrix of the transformation between Z and % (see Appendix B
for the derivation of (21)). Indicating by ®; and ®y the parameters of the splines used to estimate the SFs
and the compensating nonlinear functions, the complete set of learning parameters can be expressed by

D = (b, wplk], @G, Py Vi, j,p,q; k=0...L—1}.

Eq. (8) can be rewritten by replacing py[y] with (21), getting a new functional 3{®, y}. Finally, derivation
with respect to ® leads to

0 5
= 3@

o M N N
=5 O |~ logldetB| —log [T g[vil]] — log | det W[0]| — > log py,.(v,-)l :
n=0 : i=1

i=1 i=

(22)

GB

> by P

>

bi>
#(y) | ScoreFunction

‘/’2 (v 2) estimator

Fig. 5. Proposed feedforward network for nonlinear blind deconvolution and separation.
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In (22) expected values have been replaced by instantaneous values. Application of the steepest descent
method yields

0
O +1) = @) = ne(h) 54 D). 1}, (23)

where ®(/) is the parameter set at the /th iteration. In particular, the gradient with respect to the elements
of B is

0
ag @y = B WGl (24)

The natural gradient can be obtained by right multiplication by BTB.
The gradient with respect to the elements of the FIR matrix W is

O3(®, )
OWIK]
G1(01)/,(v) ; g1(v1)
p ¥I®B), 0 ;
= —W[0] "o — 0 v x'(n — k),
N
iy (n) /Gy (oN) ! gy (vy)

(25)

where (B),, is the mth row of the matrix B.
The natural gradient can be obtained, considering the advice of Amari [36], by right applying the term
WIk]W[K] to (25) as follows:

3@, »)
OW[k]
G100)/d1(0) + YT (B) 1, (01)
Ly—1

— Wk — : N ¥ — k + )W)
=0
Gn(on) [ (on) + I B)yan(on) |
(26)

Eq. (26) is noncausal for lower values of k. Causality can be recovered by introducing a proper delay d on
the gradient computation. The steepest descent causalized learning rule becomes

0
WU+ 1) = W) =y 5 {@U —d). 4}, 27)

where d is set on the basis of the FIR size [30,36] and W has been used for W[k]. Some solutions exist where
both sides of (25) are right multiplied by WT[0]W[0]d,, thus avoiding matrix inversion [30].

The gradient with respect to the control points QY of the spline compensating for the nonlinear distorting
functions is

3@,y _ [ T™m
oQF |f.MQ7

+ ¥ (B)TM|. (28)
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The learning rule for the spline neurons dedicated to the SFs can be derived from (20). The most
attractive property of the natural gradient is the equivariance for which the learning is independent with
respect to the initial conditions. In addition, the natural gradient provides more stable learning and faster
convergence when compared to the stochastic gradient [29,31,36].

As already noted, the effectiveness of using FIR matrices is hampered by the length of filters required in
practical problems. In fact, the time required for learning grows exponentially with the filter length.
Preliminary results on this issue were provided in [25].

3.3. Recurrent spline networks

Recurrent spline networks offer a more compact alternative to FIR-based architectures. MIMO
recurrent nets have been already applied in the past to the problem of signal deconvolution
[43,46-48,32-35].

In this work the hybrid architecture presented in [35] has been adapted to the novel mixing model. Fig. 6
shows the proposed network when two inputs are considered. The block named GB has the same structure
as the output GB block of Fig. 5.

The output of the network is

N
yiln) = byg {vln]l. (29)
j=1

where

N N L
ol = ppalnl + D walkloaln — k).
h=1 h=1" k=1

h#j

Using the same notation of previous section, the output pdf can be expressed as

P.() _ p.() '
T {1de Bl det PI(TTY, lofotll )}

r,(y) =

(30)

The set of learning parameters is ® = p,,.., bjj, wulk], ®g, ®Py|Vi,j,n,m,r,t; k=0...L —1, where ®; and
®y have the same meaning as before.

X y
P11 /:KD,\ * > —
— wylK
bLy 12[K]
v GB
— P2 \ m/— W[k
P2 & > —>

Fig. 6. Recurrent network for nonlinear blind deconvolution and separation.
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Substitution of (30) into (8) and derivation with respect to parameters gives

03{®, }
oD

0 & N N
=30 Z —log|det B| —log|det P| — log H g;[viln]] — Z log p, (v})
n=0 i=1 i=1

(1)

which is a little different from (22).*

The learning rules for the elements of B are the same of (24) for both the stochastic and the natural
gradients, while the learning rule for the spline neural network that estimates the nonlinear function is
derived from (28). In addition, the gradient with respect to the elements of P is

03(®, )
opP

gi1(v1)/g,(v1) ;
. 1 ‘ 1 \P;,r(B)l 0 gl(vl) :
_ pT_ : 0 e x"[1].
y N

dnn)/gn(on) gn(vn)
(32)

Right multiplication of (32) by PTP gives the natural gradient. The gradient with respect to the IIR filter
taps w is

0D, y} _ _(éh(vl)

T W§<B)lgl(u])) ol — k— 1],

owplk] — \gi(v1)

- ! k=0...L—1, (33)
0@,y (2() | g1y o

owalk] (g'z(vz) + ¥y (B)zgz(vz)) vifn —k —1],

where (B); is the ith column of matrix B. The gradient for the spline model of the SF is again (20).

4. Experimental results

Several experimental tests were performed to assess the performance of the proposed architectures.
Different solutions with different mixing environments were considered and compared. In order to make it
possible the proper visualization of results, only pairs of mixed signals were considered.

Signals were assumed to lie in the range [—1, 1] and normalized so that signals v; and v, in Fig. 2 span the
range [—0.8,0.8]. Different indexes of performance to evaluate the output separation are available in
literature [1,6,7]. In this paper the separation index S; of the jth source was adopted [49]

E{(Va(/)J)z}/E{Z(Va(/),k)2H- (34)

k#j

S; =10 log

In (34) y;; is the ith output signal when only the jth input signal is present while o(j) is the output channel
corresponding to the j-input.

4All considerations previously done about (22) are still applicable.
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Experiment 1. The first test was used to verify the validity of Proposition 1. Two white random signals
having Gaussian and uniform distributions, respectively, were considered.

The mixing matrix was A =[0.6, —0.3; 0.5, 0.7], the nonlinear distortion F[f (r1),f,(r2)] =[r1 +
27%, 0.5r, 4+ tanh(7r,)], while the convolutive channel was represented by

0.4 —0.15z71 +0.3272 0.15+0.1z71 - 0.03272

Z[k] = -1 -2 -1 -2
—0.1540.15z7" + 0.05z 0.3540.15z7" — 0.05z
According to Proposition 1, separation was performed by the feedforward network. Fig. 7 shows the joint
distributions of the source, the mixed and the recovered signals.

Fig. 8 shows the separation indexes for the two sources during learning. Separation is reached after about
150 epochs.

Experiment 2. More tests were performed in extension to conditions of Proposition 1. In particular the use
of flexible on-line SF estimation allows to deal with both subgaussian and supergaussian sources, with no
assumptions on the statistical properties of the sources. The following results are thus representative of a
large number of real situations.

Three signals were considered in the following tests: a male speech s;, a female speech s, and white
gaussian noise s3. These signals are shown in Fig. 9, together with their empirical distributions. Fig. 10
shows the joint pdf of pairs [s;, s2] and [s7, s3].

: Original sources 0.8 Mixed inputs
08 0.6
0.6 :
0.4 0.4
0.2 0.2
& 0 » 0
-0.2 02
-0.4
-0.4
S0.6 poo
0.8 -0.6
-1 -0.8
-1-0.8-0.6-0.4-0.2 0 0.20.4 0.60.8 1 -0.8-0.6-0.4-02 0 0.2 04 0.6 0.8
(@) S, (b) X1
] Demixed signal
0.8
0.6
0.4
0.2
S 0
-0.2
-0.4
-0.6
0.8
-1
-1-0.8-0.6-04-02 0 02040608 1
(©) Y,

Fig. 7. Experiment 1: Gaussian (s;) and uniformly (s,) distributed white signals: (a) joint input pdf; (b) joint pdf of mixed signals; and
(c) joint pdf of recovered signals.
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Fig. 8. Experiment 1: Separation indexes of sources during learning.

Input signals
° 1r T T ™ T ™ T
L2
o
>
Q
© -
s 0.
qt . . . . . - ) -

0 2000 4000 6000 8000 1000012000140001600018000
8 1y T - T - - T -
g 05}
2 o
g -05
[T 1k " " i}

0 2000 4000 6000 8000 1000012000140001600018000
[
2
o
=
2
E B
=7 _ _
@ 0 2000 4000 6000 8000 1000012000140001600018000

Sources pdf
k<]
o
I
I

i | | L !

-1 -08 -06 -04 -02 0 02 04 06 08 1
(b)

Fig. 9. Experiment 2: (a) sources considered in experiments: male speech (s;), female speech (s;) and white noise (s3). Sources were
sampled at 8 kHz; and (b) empirical distributions of sources.
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Fig. 10. Experiment 2: (a) joint pdf of signals [s; s»]; and (b) joint pdf of signals [s; s3].

For all mixing environments the nonlinear distortion applied was
FIf1(r1).f2(r2)] = [r1 +2r7,0.5r2 + tanh(5r2)].
Table 1 summarizes the experimental setup.

Experiment 2.1. Signals s; and s, were first considered. The mixing environment was

A 0.7 —0.15 ~10.05-0.0252710 4 0.12527%0 +0.06252 7 —0.045 — 0.035z~20
1035 07 | o 0.025 — 0.0125z71° 4+ 0.0645z~20 0.05 — 0.0125z720 4 0.025z7% |

The recurrent demixing structure of Fig. 4 was employed, with 20-tap filters and 53 spline control
points. The learning rates were pgjine = 1078, uw = 107>, ug = 107>, Training was stopped after 180
epochs. Fig. 11 shows the results. Effective separation was confirmed also by listening tests.
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Table 1

Experimental setup

Experiment no. Architecture Source pair
2.1 Recurrent [s1,82]

2.2 Recurrent [s2,53]

2.3 Feedforward [s1,52]

2.4 Feedforward [s2,83]

Mixed input signals chl

1 “ f f f f “ f “ 1 Demixed output signals
AR NN L W LA |
"l bl
HEH weYerTey
-0.5 Ll - ;| I ,, ,,,,, J‘ - ‘,, 1‘” ,,, ,,,i,, ,,,3,,,, 05
- - L L L H b L - 1 ‘
2000 4000 6000 8000 1000 1200 1400 1600 1800 2000 4000 6000 8000 1000 1200 1400 1600 1800
1 . ; M'XEd |r?put S|§?nals ci‘12 . i 1 Demixed output signals
ikt i o il
0 Wi i ! | i | 0 hil i “I‘||”" ||‘|.I”|_.|.|'|I |',"-""|- U I |.\.|.‘..‘||||I.v|l‘u R
| L At Rl i
i\ : i ) i :
0.5 - JRLERE S LA aill SOLR L 05 Uil
1 A L | | i i ] i 1
2000 4000 6000 8000 1000 1200 1400 1600 1800 2000 4000 6000 8000 1000 1200 1400 1600 1800
@ (b)
Mixed Signal distribution: x1, x2 Demixed output distrbution y1, y2
1 1
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0.2 0.2
<0 20
-0.2 -0.2
-0.4 0.4
-0.6 - -0.6
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"1 08 06 04 02 0 02 04 06 08 1 "1 08 06 04 02 0 02 04 06 08 1
© *1 (d) X1

Fig. 11. Experiment 2.1: (a) mixed signals [x;, x2]; (b) demixed signals [y, »,]; (c) joint pdf of [x, x»]; and (d) joint pdf of [y, y,].

Fig. 12 shows the parameters estimated by the demixing structure. It is demonstrated the capability of

spline neurons in estimating both the SFs and the inverse of distorting functions.

Final estimated values of matrices P and B were P =[0.801,0.251;—-0.096,0.724]
[0.854,0.105; —0.085,0.528].

Finally, Fig. 13 depicts the convergence of the separation indexes during learning.

and B =
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Fig. 12. Experiment 2.1: (a) estimation of the SFs and the inverse nonlinear functions; and (b) demixing filter taps for Wy,, W;.

Experiment 2.2. Signal pair [s;, s3] was considered in this case. The mixing matrix A was of the same
experiment 2.1, while Z[k] was

0.08e~*k=1/4 40,045~ *=10/4  _(,03e=*=D/2 4 0.045¢~*=19/4

Zik) = 0.04e=k=D/6 4. 0.01e~*-8/6 0.06e~*k=D/4 1 0.01e-k-19/4 |’

k=1,...,30.

The recurrent architecture was used again, with 30-tap filters and 53 spline control points. The same
learning rates of Experiment 2.1 were employed. Fig. 14 shows the separation results after 80 learning
epochs.

Results are quite good, especially when considering the difficult mixing environment and the reduced
number of learning epochs.

Fig. 15 describes the estimation of both the SFs and the inverse distorting functions, and the behavior of
the separation indexes.
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Fig. 13. Experiment 2.1: Separation indexes of sources during learning.
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Fig. 14. Experiment 2.2: (a) mixed signals [x}, x2]; (b) demixed signals [y, y,]; (c) joint pdf of [xi, x2]; and (d) joint pdf of recovered

signals [y, 7).
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Fig. 15. Experiment 2.2: (a) estimation of the SFs and the inverse nonlinear functions; and (b) separation indexes during learning.

Experiment 2.3. In this experiment the signal pair [s1, s;] (male and female speech) was considered. The
same mixing environment of Experiment 2.1 was adopted. The feedforward demixing architecture of Fig. 5
was employed, with 70-tap filters and 103 spline control points. Training was performed for 150 epochs
training, with learning rates pgyjine = 1077, ug =7 x 1077:.“W[k] =7 x 10™°. Fig. 16 shows the recovered
signals and their joint distribution.

Fig. 17 shows the estimation of the SFs and of the inverse of distorting functions, and the separation
indexes.

Experiment 2.4. Mixing of signals [s,,s3] was again considered, with the same mixing environment of
Experiment 2.2. The feedforward architecture was applied, with 70-tap filters and 103 spline control points.
One hundred and fifty training epochs and the same learning rates of previous experiment were considered.

Recovered signals and their joint distribution are presented in Fig. 18. Fig. 19(a) shows the filter taps of
the demixing structure W[k], while Fig. 19(b) depicts the evolution of the separation indexes.
Finally, matrix B was estimated as B = [0.898,0.202;0.329, 0.693].



1016 D. Vigliano et al. | Signal Processing 85 (2005) 997-1028

2000 4000 6000 8000 10000 12000 14000 16000 18000

DeMixed Signal distribtion: y1, y2
0.4 T T 3 T T

-0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3 0.4

(b) y1

Fig. 16. Experiment 2.3: (a) demixed signals [y, y,]; and (b) joint pdf of recovered signals [y, y,].

Remarks. A first consideration is that the recurrent architectures produce demixed outputs with the same
quality of the FIR networks but using a reduced set of learning parameters, with the consequence of a lower
computational cost. The number of spline control points does not substantially affect the computational
effort, since each learning step involves only four control points. A critical issue concerning the choice of
the spline control points is the occurrence of low-value outputs during the learning phase, with the risk of a
low estimation resolution. Convergence of the algorithms was demonstrated by averaging through an
extensive set of different environments, for each pair of sources and each recovering architecture. For each
set of sources, 20 experiments were performed for both architectures, with different initializations, and the
average separation index was computed. Table 2 summarizes these results.

The average values of the separation index in Table 2 provide an empirical verification of the algorithm
convergence also when correlated sources are considered.

5. Conclusion

In this paper a novel type of mixing environment consisting in the convolutive mixing of PNL mixtures
was introduced and described. Proof of existence and uniqueness of the solution was provided. The
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Fig. 17. Experiment 2.3: (a) estimation of the SFs and of the inverse of nonlinear functions; and (b) separation indexes.

proposed separation algorithms employed flexible spline networks to perform local on-line estimation of
the unknown functions (pdf and nonlinear compensating functions).

Since the natural gradient was used, the learning algorithm of every single neural block is equivariant by
itself, but considering all the three blocks together this attractive property cannot be guaranteed, thus
possibly leading to an increase of the learning time. Quality of the results was verified in different mixing
environmental conditions in terms of separation indexes of the sources.

The proposed algorithm works by enforcing both spatial and temporal independence by minimizing the
cost function proposed in (8).

The best results have been obtained with white sources but good performances have been reached also in
the separation of voice signals (that are not white) due to the robustness of the proposed algorithm.

Appendix A. Proof of Proposition 1

Sufficient condition: existence of the solution.
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Fig. 18. Experiment 2.4: (a) demixed signals [y, ,]; and (b) joint pdf of [y, »,].

Given the channel model (7), it is easy to verify that if s[x] is a spatially independent random vector,
under the given assumptions, y[xn] will be spatially independent too and the channel does not produce any
mixing. Given the mixing model # {A,F, Z}, assumptions (a)—(c) guarantee that there exist a matrix B, N
functions g,[e] and a matrix W[k] in which each element is an MA filter of at most infinite order,” such that:

Z[k] « W[k] =1,
G{F{As[n]}} = As|n],
BAs[n] = s[n]. (35)

Based on (35), the input—output transformation can be written as BG[W[n] * Z[n]F{As[n]}] = PADs[x].
Necessary condition: uniqueness of the solution.

5An important corollary of the famous Wold decomposition [50] ensures that an ARMA model can be represented as MA model or
AR model of at most infinite order. In practice, finite order MA models for those infinite order are often sufficiently accurate, because
the order of the filter was properly chosen to yield acceptable error in inversion.
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Fig. 19. Experiment 2.4: (a) demixing filter taps w;, w2, Waj, Wop; and (b) separation indexes during learning.

Table 2

Average performance of the proposed algorithms

1019

Original sources

Used network

Mean S (dB) [Chl, Ch2]

Set 1 [s1, 52]
Male & female speech

Set 2 [52, 53]

Female speech & white noise

Feedforward
Recurrent

Feedforward
Recurrent

[13.90; 14.83]
[15.19; 14.64]

[15.59; 14.10]
[13.21; 14.05]

This is to prove that if y[n] is a spatially independent random vector, the channel model must be (7).
The transformation mapping s into y is

ylnl =BG | > WIK]

Ly—1

k=0

Lz—1

p=

> Z[KIF{As[n — k — p]}
=0
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N N T
91 (Z; hylk] * f; (Z a./iSi[n])>
=

i=1

—B ; . (36)

N N
9gn (Zl hjlk] *fj ( 1 CljiSi[”]))
j= =

Given the channel H[k] = W[k] % Z[k] (using the notation of Lambert [26]), let # be the set of pairs of
indexes (7,7) such that h;[k]#0 for some integer k. We first introduce the two following propositions.

Proposition A. Under the assumptions of Proposition 1, for each possible pair (i,j) € # there is at most one
value k = k such that h;j[k]#0. Moreover considering two different pairs (i,j) and (k,1) in B then ki = k.

Proof. Considering that both B, A, F() and G() are static applications but H is convolutive so, if there were
more than one value k, the output signal y[n] could not be white as assumed in hypothesis. Indeed
considering the second part of Eq. (36) for the generic ith output channel: y;[n] = e;i(si[n],si[n —
1,...,81[n — Lygl,...,sn[nl,...,sny[n — Lg]); then it follows that the temporal correlation for the same
output channel is : E{y,[n], y;,[n — L]} #0 when 0<L<Lp.

If different pairs (7, /) and (k, /) of % were such that /E,-ﬁélgkl, then the recovery structure (6), assumed for
hypothesis, would not be able anymore to provide independent white outputs considering that both B, A,
F() and G() are static applications: y,[n] = e;j(si[n — ki1, s2[n — k1l,...,sy[n —kil,...,s1[n — kn), ..., sy[n —
IEN]) (in which ky,...,ky are N possible values for k). O

Proposition B. Under the assumptions of Proposition 1, for a given k = k verifying Proposition A, in matrix
H[k] there are no pairs of indexes (i,]) € # having the same i or j components, moreover the cardinality of %
cannot be smaller than the number of columns (or rows). In other words (i,j),(h,m) € B = i#h,j#m.

Proof. The proof is based on geometrical consideration about the support of joint pdf; let us consider the
global input—output model (36) represented in Fig. 20.

It is well known that N independent signals (of finite support, as hypothesis (d) of Proposition 1 assumes)
have joint pdf in an “hyper rectangular” support (see [51] for problem in R?, an example is in Fig. 21(a)) so
sels:[a,bi] x--- x[an,bn]; the same can be assumed for the independent outputs so: y € Iy :
[, B % -+ x [dy, Byl

—— 4t Al FId H] 6B IL—

Fig. 20. Input—output global model.

S ry P2

~

@ % (b " P

Fig. 21. Joint distribution ““borders” in s plane (a), r plane (b) and p plane (c).
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It is well known that the R? linear mapping M = {““ “‘2} of an independent R? random vector produces

o1, 022

a random vector for which the support of the joint pdf is a parallelogram where the slope of the borders are
or /o and o /oy as in Fig. 21(b). Extending the concept to RY, the vector r:r = As has a joint
distribution with hyper-parallelogram support on the r space. The vector p

py=/1(r1)
P:q: (37)
py = n(w)

has the pdf with the typical support of “PNL mixing”’; an example in R” is in Fig. 21(b).

For the hypothesis of output independence y has the same hyper-rectangular support of the vector s
admitting at most a different scaling factor. If bl-j_-1 is the ijth element of the inverse of the matrix B, the
vector

o1 = by + b+ + by
vVigo: (38)
on = by +byays -+ by

has an hyper-parallelogram domain generally different from the one of vector r. Moreover the vector r
differs from the vector v for at most a linear nonsingular transform : 3C : r — v.

i1 -+ CIN

v=1| 1 39)

Considering g;!(v;) (the inverse of ith function g;(.) that always exists by assumptions), the vector:
a9 = gfl(vl)
q:9: (40)
qy =g, "' ()

has the pdf with the typical support of “PNL mixing”; an example in R? is in Fig. 21(c). From the structure
of the global input—output model (36) H(Fig. (20)) it is possible to see that vector q can be obtained from
vector p by the linear mapping H: p — q.

q =Hp. (41)
Finally (39) and (41) must both hold. By substitution of (40), (41) and (37) inside (39), it results:
cury + e+ +anry = g (hif () + hiof 2 (r2) + - - + hinf y(rv))
: (42)
eniry + enary + tennry = gy(hnif1(r) + hnof2(r2) + -+ - + hvnf ().
Considering the well-known results about the uniqueness of the inverse function, (42) is true if and only if at

least one of the following is true:

1. nonlinear function g; and f;, for each i =1,..., N are in effect linear functions;
2. for the right side of each equation of (42) Vi, 3lj : h; #0.
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The first assumption is in contrast with the hypothesis. So if more than one pair (i,j) € 4 had the same first
(or second) component, at least two output variables would not be independent considering the structure of
the input output model (5) and (6).

Then if the cardinality of # were less than the number of rows (or columns) it would not be possible to
obtain N independent output components. [

Merging results of Propositions A and B, the pdf of s can be written as a function of the pdf of y

N N N N
pss) =[] rud=1]p, (Z byg [hjq[k]fq( AgmSmln — k])} ) 1J| Vs eRY.
i=1 i=1 Jj=1 1

m=

(43)

Proposition B grants that in (43) Vj € 1,...,N,3lq,k : h,[k]#O0.

From assumption (c) 35 € R such that py(5) = 0. From (36), for a nonnull Jacobian J, there exists some
¥ =D0....0%] € RN such that [TV, p,, (7)) = 0. Consequently there is at least one integer i such that
p},’,(y?) = 0. This leads to the following equation:

N N
W= byg, [hjq[k]fq (Z AgmSmln — k])] : (44)
j=1 m=1

Solutions of (44) lie on #i(s), which is a hypersurface in R". It is evident that Vs € #(s) = p,(s) = 0. Fora
given i, #;(s) is parallel to the hyperplane orthogonal to the axis s;.

Suppose that #;(s) is not parallel to any s; =0 plane. The projection of #;(s) onto s; should be
R:Vs; e R3sy,....8-1,8+1,-..,5n : 8 € #; = py(s) = 0. This cannot be true since f¢ py(s)ds = 1. With-
out loss of generality, it should be noted that:

N N
Z bljgj lhjq[kyq (Z aqmsm[n - k])] = Wa(i)(sa(i))a = 19 s N: (45)
j=1 m=1

where wg;)(Ss;) 1s a generic function depending only on s,; (that is the source for the ith output).
Considering the results of Propositions A and B, (44) can be written for each channel

N
vi=>_ bygilhklf ,(A),8)].
j=1

N
vi=Y_ byglhplklf ,(A),9)], (46)
Jj=1

where (A), is the gth row of matrix A. Then without any loss of generality taking o(i) = i

N N
Z big; lhjq[k]fq (Z AgmSmln — k])] =wi(s;), i=1,...,N. (47)
j=1 m=1
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Derivation with respect to s yields

[Wl(sl) 0 ] _B -91 [/71q[k]fq<

N

AgmSm[n — k]ﬂ 0
1

0 W (sw)

m=

0 gnls]

A. (48)

/N
_hn[k] 0 ‘| f] (Z] almsm[n - k]> 0
0 Ik B ,
NN[ ] 0 fl(s)

Considering s; and s, as coordinates of the hypersurface #(s), (48) should be evaluated in s; and in s; as
follows:

{ D(S]) = BAG(SI)HAF(SI)A { D(Sl) = BAGHF(SI)A

D(s2) = BAc(sDHA(5)A | D(s2) = BAgyy(s2)A. (49)

Then eliminating B :

A D (s))D(s = AL (89)A (s A.
(s1)D(s1) Gni 52)Agui(S1)
dy1(s2,81) 0 A11(S2,81) 0
0 dnn(s2,81) 0 ANN(S2,81)

As expressed in assumption (a), matrix A is regular. For each pair of nonzero elements of A it is possible to
write:

aildj(s2,81) — Aii(s2,81)] = 0 . _; v % 50
aiyldy(s2,51) — Za(szos)] = 0 = 2ii(S2,81) = Awn(S2,81)  V$2,81 € A (50)
From (50) it follows:
A A) .S ; S((A) S
gz[fﬂ(z)(( )o(z) l)ya(z)(( )a(z) 1) =C Vs.s, (51)

G417 i (Ao SOU i (A2

where f (i) (A)g81) = &f 5 ((A)ys1) and C'is a constant. For the two linear forms in (50) (A)y;S1 (A)gyS2
are independent as assumed in (a), it is possible to express (50) in the following way: g',-[fg(i)(x)]f,;(,)(x) =

Cg;[fa(;)(y)]fg(;)(y) Vx,y € R. This can be true if and only if g,(.) is the inverse of f,;)(.), up to a scaling factor.
From (36), by previous results it follows:

¢
yln] =B e As[n — k], (52)
En

where &;,..., ¢y are scaling coefficients.
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This method above reduces the mixing—demixing nonlinear convolutive channel (A2) to the simpler,
linear and static model (52). By considering

&
B=B| . (53)
En

and §[n] = s[n — k], (52) turns into y = BAS. For this formulation independent outputs can be obtained if
and only if

£
BA=P . , (54)
EN

where P is a permutation matrix. [

Appendix B
The Jacobian matrix in (21) has been derived extending the method used in [11] to the novel
mixing—demixing environment introduced in this paper. Considering vectors % = [y[0],...,y[M]]" and
A = [x[0],...,x[M]]", it is possible to express the demixing model as
Y = BG(WX), (55)
in which:
W[0] 0 0
W[1]  W[0] 0 : G(v[1))
W= W[1] W[0] 0 » Yvl= ,
WILw] W] 0 GOIMY)
0 WI[Lw] W] W[0]
[ g(vi[1])
GOv[1]) =
| g(onl1])
and
B 0
0 B 0
B = 0 B 0
: B 0
0 0 B
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The Jacobian of (55) is

a% 6%1 a%l
oz, Oz dzur
9, Oy,

det(J) = det| 9#1 02
a%M “ .. .« .. a%M
0z dzur
a%
b0 0
6%2 6%2 0

0

a%M ... ... a%M
0z dzu

=[] der (2?) (56)

The global Jacobian matrix is a block triangular matrix, each block of the diagonal of (56) is defined as

oyi[h]  Oyylh] o oyi[h]
oxi[A]  Oxa[h] Oxn[h]
Oy[h]  Op,[h]
% — Jsmall[h] — det 6x1[h] 6x2[h] (57)
Zh
il onlil
ox[n] Oxy[h]
in which
small ay z[/ ] - o 0 ol
T = B Zl (b,mgm(vm) <ax,-[ i ; Zl WanplKx,[h — k]
m= =0 p=
= Z(b,-mg'm(un»ww[O]x,-). (58)

m=1

For a better understanding it is possible to develop the computation of (58) in R? and then extend it to R
The expression of (58) in R? is

quall Z blmgm[vm]wmj[ ]
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The determinant of one block is

2 2
det(J™") = (Z DimG[omWm[0]D bzmg'm[vm]wmzm])

m=1 m=1
2 2
- (Z A o T (U DY) bzmgm[vm]wm1[0]>
m=1 m=1
from which, it is possible to obtain the final expression of the Jacobian of each block in R>
det(J*™") = gy[1]g,[v2] det(B) det(W[0]). (59)
For the particular block structure of the global Jacobian matrix:

M M
det(/) = [ ] det(*™*") = [T ¢1[v1[01g[va[i] det(W[0]) det(B). (60)

i=1 i=1
Eq. (60) is the closed form of Jacobian in R?. Egs. (59) and (60) can be extended to RY.
The extension of (59) is
N
det(/"™") = [T 4,{vjli1] det(W[0]) det(B). 61)
J

It is possible to obtain (61) considering that:

e cach term which does not contain the product of all the N terms g,[vx] like g, [v1[7]] - g-[va[7]] - - - - - gnlonld]
but contains §,[v1[i]]* - g5[vald]] - . - . - guy[vn[i]] can be simplified;

e terms which contain g§,[vi[7]] - g5[v2[i]] - - - - - gnlvn[i]] can be grouped together;

e among the terms obtained by grouping g,[v1[f]] - g>[va[f]] - - - - - gnylonli]l, it is possible to isolate the

products of the determinant of matrix B and of matrix W[0] .

From the above consideration it is possible to derive the following:

i=1 Jj

M M N
det(/) = [ ] det(z*™") = H{ g;[v;liT) det(W[0]) det(B)}. (62)
i=1 j

Eq. (62) is the expression of the Jacobian used in (21). O
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