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Mutual information minimization: application to

Blind Source Separation

Massoud Babaie-Zadeh! and Christian Jutten?

Abstract

In this paper, the problem of Blind Source Separation (BSS) through mutual information minimization is addressed. For mutual
information minimization, multi-variate score functions are first introduced, which can be served to construct a non-parametric
“gradient” for mutual information. Then, two genera gradient based approaches for minimizing mutual information in a parametric
model are presented. Although, in this paper, these approaches are only used in BSS, they are quiet general, and can be applied

in other mutual information optimization problems.

Index Terms

Mutual Information, Information theoretic learning, Gradient of mutual information, Independent Component Analysis (ICA),
Blind Source Separation (BSS).

|. INTRODUCTION

Let sy (¢),s2(t),...,sm(t) be M statistically independent source signals, fromwhich only N different mixturesz | (t), z2(t), ...,z N (t)

have been observed, i.e. :

zi(t) = Fi(s1(t),...,sn(t)), i=1,...,N €]
where F; denotes the unknown mixing system, which may be nonlinear and/or have memory. In vector form, the above equation
is written as x(t) = F(s(t)), where s(t) = (s1(2),...,sm(t)T and x(¢) = (z1(t),...,zm(t))T are source and observation
vectors, respectively. Then, the goal of Blind Source Separation (BSS) is to recover the original source signals by knowing only
these observations. The problem is called Blind since there is no or very little information about the sources or about the mixing
system. This problem has applications in different areas including feature extraction, brain imaging, telecommunications, speech
enhancement, etc [1]. Throughout this paper, it is always assumed that the number of observations is equal to the number of
sources, that is, M = N.

Since the sole assumption is the independence of sources, the basic idea in blind source separation consists in estimating a
system G, only from the observed data x(t), such that the components of y(t) = G(x(t)) are statistically independent. This
method, based on statistical independence, constitutes a generic approach called Independent Component Analysis (ICA). In
genera (nonlinear) case, it can be shown [2] that ICA does not lead to BSS. However, if some structural constraints are imposed
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on mixing and separating systems, the ICA approach may result in BSS, with eventually a few indeterminacies. For example,
when both mixing and separating systems are assumed to be linear and memoryless (i.e. x(t) = As(t) and y(t) = Bx(t),
where A and B are N x N regular matrices), then we have the well-known instantaneous linear mixtures, for which the
equivalency of ICA and BSS has been already proved [3]: if the components of y are independent, and if there is at most one
Gaussian source, then the outputs will be equal to the source signals up to a scale and a permutation indeterminacy.
Consequently, for using the ICA approach for source separation, we impose a structural constraint  on mixing and separating

systems. Then, the separating system is a parametric mapping:
y(t) = G(x(t); 0) @)

where G is a“known” separating system with “unknown” parameters 6. It is also required that this mixing-separating model be
“separable”’, that is, the independence of the outputs (ICA) insures the separation of the sources (BSS). Under these conditions,
the problem of source separation reduces to finding the parameter @ which maximizes the independence of the outputs.

To measure the degree of independence of the outputs, their mutual information may be used. The mutua information of

the random variables y1, s, ..., yn is defined as:

N 0 py(Y)
Iy = /ypy(Y)I IL py: (yi)dy )

wherey = (y1,...,yn)7. Thisis nothing but the Kullback-Leibler divergence between py, (y) and [T, py, (y:). It is well-known
that I(y) is aways nonnegative and vanishes if and only if the components of y are independent. Consequently, the solution
of the BSS problem for the model (2) is the vector 8 which minimizes I(y).

For minimizing I(y) with respect to @, gradient based methods may be applied. To construct such a method, knowing the
“differential” of the mutual information, that is, its variation resulting from a small deviation in its argument, is very useful.
Such a non-parametric differential has been recently proposed [6] (see also Section I11).

The aim of this paper is to consider two general gradient based approaches (which are called “gradient” and “Minimization-
Projection” approaches) for minimizing mutual information of y in a model like (2). Moreover, some interesting properties of
mutual information will be stated. Especially, we show that mutual information has no “local minimum” (see Theorem 2). The
properties of multi-variate score functions, which are used to build a non-parametric “gradient” for mutual information, will
also be discussed. This is required not only because of giving us a better insight about their concept, but also for constructing
practical algorithms for their estimation. Finally, as some examples, the gradient and Minimization-Projection approaches are
used to construct a set of BSS algorithms for a few mixing models.

Although in this paper we focused on blind source separation, the model (2) and our approaches for minimizing I(y) are

quiet general, and may be used in other mutual information optimization problems.

Il. MULTI-VARIATE SCORE FUNCTIONS

Multi-variate score functions have been first introduced in [7], by extending the concept of score function of a random
variable to random vectors. The “gradient” of mutual information can be expressed in terms of these score functions (see
Theorem 1). This section starts with a review of definitions, and continues by discussing their properties.

10ther regularization approaches have also been proposed, based on smooth mappings, i.e. multilayer perceptrons [4] or based on Bayesian models with

ensemble learning [5].



A. Definitions

Recall the definition of the score function of a random variable:

Definition 1 (Score Function): The score function of a scalar random variable z is the opposite of the log derivative of its

density, that is, 1, (z) £ —L Inp,(z) = —;’g; where p, denotes the probability density function (PDF) of z.

In conjunction with this definition, we define two different types of score functions for a random vector x = (z 1,...,zn)7:

Definition 2 (MSF): The Marginal Score Function (MSF) of x is the vector of score functions of its components, that is,
Py (x) £ (W1(21),..., n(zN)) ", where:

N d _ v (T
Yi(w;) = ~ Inpg, (z;) = o @) &)

Definition 3 (JSF): The Joint Score Function (JSF) of x isthe gradient of “— In p (x)”, that is o, (x) £ (¢1(x),...,on(x)7,

where;
_ aizipx (X)
Px (X)

pi(30) £ =l (x) = ®

We will see that the difference of these two score functions contains a lot of information about the independence of the

components of a random vector. Thus, it worths to give it a formal name:

Definition 4 (SFD): The Score Function Difference (SFD) of x is the difference of its MSF and JSF, that is, 8 (x) 2
¢x(x) - (PX(X)-

B. Properties

The first property presented here points out that SFD contains information about the independence of the components of a

random vector:

Property 1: The components of a random vector x = (z1,...,zx)? are independent if and only if 3, (x) = 0, that is, if

and only if ¢, (x) = 1, (x).

The proof is simple and can be found in [7].

Property 2: For arandom vector x = (zy,...,zx)":

Bi(x) =

hlp(;l}l,...,wi_1,$i+1,...,$N|ZL’i) (6)

61‘,’
where 3;(x) denotes the i-th component of the SFD of x.

Proof: Without loss of generality, let i = 1. Then:
px(T1,. .., TN)

) 0 0
brx) =vi(m) = 1(x) = 5= Inpx(x) = 5 - Inpe, (#1) = 7 - 1n Pz, (1) @
21 7

61‘1

= a. 1np$27~~~,$N ($27 sy TN | 1‘1)

8561



It is interesting to note the relationship between this property and Property 1. For example, for the two dimensional case,

(6) becomes:
Bz, @2) = i11127(352 | z1) )
0xq
ﬁ2(351,352) = %lnp(wl | 352) ©)
In other words, (31 (z1,22) = 0 if p(x2]z1) does not depend on x4, that is, when z; and z, are independent. For the N-
dimensional casetoo, 3;(x) = 0 if “z; and the other componentsof x areindependent”, that is, if p(z1, ..., %i—1, Zit1,. .., ZN|z;) =
p(T1,. oy Ti1, Tig1, . EN), OF P(X) = D(X1, .., Tio1, Tig1,. .-, ZN)P(x;), Vi=1,...,n.

The next property is, in fact, the generalization of a similar property of the score function of a scalar random variable [8],
[9].
Property 3: Let x be arandom vector with density px and JSF ¢, (whose i-th component is denoted by ¢ ;(x)). Moreover,

let f(x) be a multivariate function with continuous partia derivatives such that:

lim FX)px(x)dy - dxi—1 driyr - -day =0 (20
TiE0O Jo o ii1,@ig1, TN

then:

B (it} = £ { 200 (1)

Note that the condition (10) is not too restrictive for usual sources, because for most physical signals, p x(x) decreases

rapidly when ||x|| goes to infinity. Indeed, most real signals are “bounded”, and for them (10) holds.

Proof: Without loss of generality, let i = 1. We write:

Opx
B 010} = [ 16061 om0 = - [ £ o o 12
Now, by applying integration by parts for the inner integral and using (10) the desired relation will be obtained. ]

Corollary 1: For bounded random vector x, E {¢;(x) =, } is equal to onefor i = j and is equal to zero for i # j. In matrix
form, E {p,(x)x"} = I, where I denotes the identity matrix.

Corollary 2: Suppose we would like to estimate ¢;(x) by a parametric function f(x; w), where w = (w1, ..., wg)" isthe
parameters vector. Then:

argmin £ { (¢i(x) ~ f(x; )"} = argmin {E {FP(cw)} - 2E { §—£<x, w)} } (13)

This corollary shows a nice property of JSF: even without priors about ¢ ;(x), we can design a minimum mean square error

(MMSE) estimator for it.

Property 4: For arandom vector x = (z1,...,zx)7 we have:
Yi(z) = E{pi(x) | zi = x} (14

where ¢; and v); denote the i-th component of JSF and MSF of x, respectively.
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Fig. 1. 1 and 1 versus z; in the presence of statistical dependence.
Proof: Without loss of generality let i = 1. Then:
E{pi(x) |21} = e1(x)p(x2, ..., 2N | 21)de - - doy
T2yeeeyC N
o)
Bz, Px\X
- [ = C) 20 e (15)
T2, TN p(X) Dz, (ml)
1 0 1 0
= — x)dxy - -dry = — Pz, (1) =1 (T
Pay(T1) 071 Joy plx) d> N @) oa” @) = (@)
which proves the property. ]

The above property needs more discussion. Consider ¢ ; as a function? of z;, denoted by ¢;(z;). If z; is independent from
the other variables, then ¢;(z;) = v;(x;). Now, if the other variables depend on z;, v;(z;) is no longer equa to v;(x;),
however, the above property states that its “mean” will be still equal to ¢ ;(x;). In other words, the statistical dependence, can
introduce some fluctuations in ¢;(x;), but only around its constant “mean”. We will later use this property for estimating SFD.

Example. Let s; and s2 be two independent random variables with uniform distributions on the interval [—0.5, 0.5]. Consider
now random variables z; = s; and x5 2 s, + ks;. For k = 0, z; and z, are independent and hence ¢ (21) = 11 (). Now,
if k& varies, ¢ (z1) remains unchanged (because it does not depend on k) but 4 (z1) will change. However, Property 4 states
that its “mean” remains unchanged. Figure 1 shows the estimated® ¢, (x) and v, (z) for k = 0.5.

Therefore, it is concluded that: The SFD is, in fact, a measure of the variations of JS- (around its smoothed value).

Property 5. Let y = Bx, where x and y are random vectors and B is a hon-singular square matrix. Then:

ey (v) = B o, (x) (16)
Proof: From y = Bx we have:
po(y) = B = ) = gy () + I det B an
Therefore, fori =1,..., N:
Px,i(x) = _(’% In px(x) = aa Xk: ai - giw': = Xk: bri Py k(y) (18)

2Strictly speaking, it is a “relation” not a “function”, because for each value of 2 there are several values for ;.
3These curves have been obtained by using kernel estimators (see Section IV-A).



where ¢« ;(x) and ¢y ;(y) denote the i-th components of the JSFs of x and y, respectively. From the above relation, we have

¢, (x) =BT, (y), which proves the property. [ |

I1l. “GRADIENT” OF MUTUAL INFORMATION

The following theorem is stated and proved in [6].

Theorem 1 (Differential of mutual information): Let x be a bounded random vector, and let A be a ‘small’ random vector

with the same dimension, then:

I(x+A)—I(x)=E {ATﬁx(x)} +o(A) (19)

where 3, is the SFD of x, and o(A) denotes higher order termsin A.

Remark. Equation (19) may be stated in the following form (which is similar to what is done in [10]):
I(x +Ey) = I(x) = E{(&y)"Bx(x)} + (&) (20)

where x and y are bounded random vectors, £ is a matrix with small entries, and o(£) stands for a term that converges to
zero faster than ||€]]. This equation is mathematically more sophisticated, because in (19) the term ‘small random vector’ is
somewhat ad-hoc. Conversely, (19) is simpler, and easier to be used in developing gradient based algorithms for optimizing a

mutual information.

Recdll that for a multivariate (differentiable) function f(x) we have:
flx+A) - f(x) = AT - (Vf(x)) +o(A) (21)

A comparison of this equation with (19) shows that SFD can be called the “ stochastic gradient” of mutual information.
Recall now the property 1, which states that SFD is zero if and only if I(x) is minimum. For a usual multivariate function
f(x), if Vf(x) =0 is equivalent to global minimization of f, it can be concluded that the function f has no local minimum.

In this case, too, we state the following theorem, which, in fact, points out that mutual information has no “local minimum’ .

Theorem 2. Let xo be a random vector with a continuously differentiable PDF. If for any “small” random vector A,

I(Xo) < [(XO + A) holds, then I(X()) =0.

Proof: Suppose that 7(xo) # 0. Then, the components of x, are not independent, and hence 3, (x) cannot be identically
zero (Property 1). Moreover, the continuity of the function 3, (x) shows that F {||Bx0 (x0) ||2} cannot be zero, too. Now, let
A = —pfB,, (xo), where i is asmall positive constant which insures that A is a“small” random vector. From Theorem 1 we
have (up to first order terms):

I(xg + A) — I(x9) = —uE{HﬁxO(XO)HQ} <0 (22)

hence I(xo + A) < I(x0), which is a contradiction. Therefore, I(xo) must be zero, that is, I isin its global minimum. ®



Remark 1: In the above theorem, it is not necessary that the PDF of x is continuously differentiable on all its support.
In fact, al we need, is to conclude E {||ﬁixO (x0)||2} # 0 from knowing that 3, (x) is not identically zero. This property
certainly holds for all “usua” random vectors.

Remark 2: Although the above theorem guaranties that the mutual information has no local minimum, it expresses nothing
about the local minimum of a parametric separating system with respect to the parameter space. In other words, for the nonlinear
separating system y = g(x; w), the function h(w) = I(y) may have some local minima with respect to the parameter vector
w. The same problem exists, for example, in MM SE estimation of a nonlinear model: although the function () 2 has no local
minimum, the function h(w) = E {(y — g(x; w))*} may contain local minima (as a function of w). The local minimum, can
also be introduced by the estimation method of SFD. Moreover, the theorem does not imply the uniqueness of the minimum,

mutual information may have several global minima, all of them correspond to I = 0.

IV. ESTIMATING MULTI-VARIATE SCORE FUNCTIONS

For using SFD in minimizing mutual information, it must be first estimated from the observed data. The MSF of a random
vector is nothing but the score functions of its components, and hence it can be estimated by any estimation method of a score

function (see for example [9], [8], [11]). In this section, the estimation of JSF and SFD is considered.

A. Estimating JSF

The methods presented here for estimating JSF are, in fact, the generalizations of the corresponding methods for estimating
uni-variate score functions.

1) Kernel Estimators: A multi-variate kernel function k(x) = k(z1,...,zxN) is defined as the PDF of a zero mean random
vector. That is, k(x) isakernel functionif and only if: (a) Vx € RY , k(x) > 0, (b) [~ k(x) dx = 1 and (¢) [~ x k(x) dx = 0.
The bandwidth of the kernel in direction i is defined as the variance of the i-th component of the corresponding random vector:

hi £ [y a7 k(x) dx.

Let now x be a random vector, from which the samples {x, x2,...,xr} have been observed. Then the kernel estimation
of the PDF of x is[12], [13]:
T
. 1
Px(x) 2 T Z kE(x —x¢) (23)
t=1
And from there, the kernel estimation of the i-th component of JSF will be:
s ahx(x) 1 (x = x1)
Pi (X) =T = - T (24)
px(x) Et:l k'(X - Xt)

Remark 1. The bandwidth parameter in the above equations determines the degree of smoothness of the estimator: the
larger bandwidth, the smoother estimated PDF. If it is chosen too small, the estimated PDF will be too fluctuating, and if it is
chosen too large, the estimated PDF will be a rough shape of the kernel itself. Optimal choice can be done by cross-validation
(see [13] for instance). However, a rule of thumb is given in the Remark 3 below.

Remark 2. The bandwidth of the kernel can be different in each direction, which depends on the spread of data in that
direction. However, as suggested by Fukunaga [14], after a whitening process on data, we can use isotropic kernels (kernels

with equal bandwidths in all directions). To state this idea more clearly, let R, denote the covariance matrix of x, and T be



its Cholesky decomposition, i.e. T is an upper triangular matrix which satisfies R, = TT”. If we now define the random
vector y = T~ 'x, then Ry = I, that is, the variance of y is the same in any directions, and moreover the variables y; are
uncorrelated. Hence, it is natural to use isotropic kernels for estimating PDF and JSF of y, and then we can use the equations

(see property 5):

o) = B ) =TTy ) 29)

for estimating PDF and JSF of x.
Remark 3. When the above prewhitening is done, as a rule of thumb the value h ,,; = ¢ N~1/(?+4) can be used for the

bandwidth [13], where d is the dimension of the random vector, and ¢ is a constant which depends on the type of the kernel.

4\
€= <2d+1> (26)

For example, for scalar Gaussian kernels ¢ ~ 1.06, and for 2-dimensional Gaussian kernels ¢ ~ 0.96.

For d-dimensional Gaussian kernels:

2) Minimum Mean Square Error (MMSE) estimation: Property 3 can be used in designing Minimum Mean Square Error
(MMSE) estimators for ¢;(x) (see also Corollary 2 of the property). Here we consider a parametric model which is linear
with respect to the parameters.

Let ;(x) be estimated as alinear combination of multi-variatefunctions{k1 (x), ..., kr(x)}, thatis, $;(x) = Zle wik;j(x) =

k7 (x) w, where k(x) £ (ki(x),...,kr(x))T, and w £ (wy, ..., wr)". w must be computed by minimizing the error:
& =E{(pi(x) - i)} 27)

Orthogonality principle [15] implies that E {k(x)(;(x) — ¢;(x))} = 0, and by using property 3 we obtain the following

equation which determines w:

E{kx)k'(x)}w=E { g}; (x)} (28)

B. Estimating S-D

Since SFD is the gradient of mutual information, we are mainly interested in estimating SFD, and not only JSF. Therefore,
in this section, we consider some methods for SFD estimation.

1) Independent estimations of JSF and MSF: One method for estimating SFD, is to estimate independently JSF and M SF,
and then to compute their difference. That is, B, (x) = ¥, (x) — ¢, (x). We may apply kernel or MMSE estimation of the
joint and marginal score functions.

Example. (Polynomial estimation of SFD) The following estimator is applied successfully in [7] for separating convolutive

mixtures of two sources. ¢;(x1,x2) is estimated by the polynomial ¢;(x;,x2) = E;Zl w;j kj(z1,2), where:

ki(z1,22) =1, ko(z1,22) =21, ks(z1,22) =27, kua(1,22) = 27} 29)

ks(z1,20) = 2, ke(w1,22) = 23, kr(21,20) = 73



Consequently:

T
k(z1,z2) = ( 1 = 22 23 2y 22 23 ) (30)
6 T
ooy K(@1,72) = ( 01 2z 322 0 0 0 ) (31)
6 T
8—w2k(l‘1,l‘2) = ( 00 00 1 2z 323 ) (32
Then from (28) we have:
0
E{k(z1,72)k(z1,72)" } w1 = E {%k(%,ﬂh)} (33)
1
0
E {k($1,$2)k($1,$2)T} wy = FE {%k(iﬂla@)} (34)
2
where wi £ (w11, wis, ..., wi7)T and wa £ (war, was, ..., wer)T. These equations determine w; and w, which determine

¢1(z1,72) and @2 (21, 72).
Similarly, 4;(z;) is estimated by ;(z;) = w{” + w{?z; + w{’2? + w!" 23, and the optimal values of the coefficients are

obtained from:

E{(l z; z? oz} )T(l T )}w(i):E{(O 1 2z; 3x? )T} (35)

where w() £ (w%i), . ,wff))T fori =1,2.

Finally, the SFD is estimated by using the above estimations, that is, 3 (z1,z2) = t1 (1) — ¢1 (21, 22) and Ba(xy, z2) =
o () — Ga (@1, 72).

2) Smoothing JSF: The problem of the previous method is that the estimation errors of JSF and MSF are independent.
Recall that a gradient based algorithm for minimizing the mutual information stops when SFD (the difference between MSF
and JSF) vanishes. However, when the MSF and JSF estimation errors are independent, SFD does not vanish exactly for
independent variables. In linear mixtures, the limited degree of freedom of the separating system overcomes this problem and
the above estimator works well. On the contrary, nonlinear mixtures require more accurate estimation of the SFD.

Then we suggest to estimate MSF from the estimated JSF. From the property 4 we know that MSF is the smoothed version
of JSF. Therefore, we can estimate MSF as the smoothed version of the estimated JSF. With this trick, the estimation errorsin
JSF and MSF are no longer independent, and they partialy cancel each other when calculating SFD. In other words, in this
method, SFD is estimated as the variations of JSF around its mean (see Fig. 1), and hence the separation algorithm tries to
minimize these variations.

Practicaly, following Property 4, ¢;(x;) is a regression from z; to ¢;(x), which can be caculated for instance using
smoothing splines [16]. The final estimation procedure is summarized in the following steps:

1) From the observed values {x1,Xa,...,xr} estimate ¢; ; = @;(x¢),t =1,...,T (eg. by kernel estimators).

2) Compute the smoothing spline (or another regressor) which fits on the data (x ; 4, ¢;+),t = 1,...,T. This spline will be

the estimated MSF t);(z;).
3) Estimate SFD by 3, (x) = 9, (x) — ¢, (x).
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3) Histogram estimation method: Another method for estimating SFD (in two dimensional case) is based on a simple
histogram estimation of the PDF of x. Histogram is not a very accurate estimator for PDF, but since we estimate SFD directly,
we do not need a very good estimation of PDF. In fact, despite of its simplicity, this estimator works very well for separating
instantaneous linear mixtures.

In this method, a histogram is first used for estimating the joint PDF of x. For two-dimensiona vectors, let N(n 1, ns2)
denote the number of observations in the bin (n1,n,), then the histogram estimation of py is:

N(nl, ng)

- (36)

p(ni,n2) =

where T' is the number of observations. From there, a histogram estimation of p ., is obtained by pi(n1) = -, p(ni,n2),
and then we will have an estimation of p(z2|z1):

p(ni,n2)  N(ni,na)

= = 37
pin) =5 ) T N ) 0

Finally, having in mind (8), a histogram estimation of 1 (z;,x>) is obtained by:
Bi(n1,ms) = p(n2|ni1) — p(na|(m = 1)) (38)

p(nz|ny)
B2(n1,n2) will be estimated in a similar manner. Note that the value 3(n1,n2) will be assigned to al the points of the bin
(n1,n2).

Note. p(nz2|n1) is not defined in the bins where py(ny) = 0, but this is not important, because we don’'t need the value
of SFD in these bins, since there is no point in these bins. However, in the left most bins (the bins with smallest n 1), for
computing 31 (ny,ns2) from (38), we need the value of p(n2|n; — 1) which is not defined. In our simulations, we have used 0
for these values, too.

4) Pham's method: Recently D. T. Pham has proposed [17] a method for estimating the “conditional score function”, which

appears in separating temporary correlated sources. The conditional score function of the random vector x = (z 1,...,zn5)7
is defined by:

Yonlon—ra (EN|TN-1,. .., T1) = —VInp, jon_ra EN|ZN_1, ..o T1) (39)
Where p, 1oy _1-ay (TN |ZN-1,- .., 21) IS the conditional density of =y given z1,...,zx_1. From the property 2, it is seen

that this is closely related to the SFD of x, and its estimation can be used to estimate SFD. The Pham’'s method uses cubic

splines for this estimation, which results in a fast algorithm.

V. TWO GENERAL APPROACHES FOR MUTUAL INFORMATION MINIMIZATION

In this section, we propose two gradient-based approaches for minimizing I(y) with the model of equation (2). These

approaches are both based on Theorem 1 and SFD as a non-parametric gradient for mutual information.

A. Gradient approach

In the first approach, Theorem 1 is used to calculate 0I(y)/06, and then applying the steepest descent algorithm on the

parameter vector:
0« 6- M_aggy) (40)
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For calculating 81(y)/06 using Theorem 1, one can let @ = 0 + & where § is a ‘small’ deviation in the parameters. Then
using Theorem 1 the effect of this deviation on the output can be caculated, which leads to the calculation of 91(y)/d6.
Example 1. For linear instantaneous mixtures, y = Bx. Here the separation parameter is the matrix B. Let B=B+¢,

where £ is a ‘small’ matrix. Then the new output is y = Bx = Bx + £x = y + £x. Consequently, from Theorem 1:
I-1=E{8y(v)Ex} = (€, E{B,y)x"}) (41)

Where (.,.) stands for the scalar (Euclidean) product of matrices®. Finally (41) shows that:

A1) b {p,)x") (@)

and the separation algorithm will be B «~ B — puE {8, (y)x" }, where 1. is a small positive constant.

Example 2. In convolutive mixtures, the separating system is:
y(n) =Box(n) + Bix(n — 1) +--- + Byx(n — p) (43)

To calculate 81 (y(n)) /8By, let By, = By, + &, where £ denotes a ‘small’ matrix. Thisimplies that y(n) = y(n) + £x(n — k),
and then by a reasoning similar to the above example, we conclude:

%B(Z)) = 2 { By (y(m)x" (n — b} (a4)

However, the above gradient cannot be directly used for separating convolutive mixtures, since some other points must be

taken into account (see Section VIII).

B. Minimization-Projection (MP) Approach
Since SFD can be seen as the ‘gradient’ of mutual information, one may think about the following “steepest descent”-like

algorithm for minimizing I(y) in a parametric model y = G(x, 0):

y <y — uBy(y) (45)

where 1 is asmall positive constant. This agorithm has no local minimum and convergesto a random vector y with statistically
independent components (provided that . is small enough). To show this fact, let y ,, denote the value of y at the n-th iteration.

Theny,1 =yn — 1By, (yn), and from Theorem 1:

I(¥ai1) = 1(ya) = =nE{ By, )"} <0 = I(yasa) < I(y2) (46)

Moreover the equaity holds if and only if B, (y,.) = 0, that is, if the components of y,, are independent (Property 1).
Consequently, the algorithm (45) converges to an independent vector without trapping in any local minimum.

However, after the convergence of the algorithm (45), there may be no particular relation between y and x. On one
hand, the transformation x — y may be non-invertible, and on the other hand, it does not necessarily belong to the desired
family y = G(x,8), and hence the independence of y does not imply the source separation (recall that without stractural
constraints, output independence does not insure separation). Then, the idea of the Minimization-Projection (MP) approach [18]

4The scalar (Euclidean) product of two p x ¢ matrices M and N is defined by (M, N) ézi,j m;jn;;. Moreover, it can be easily seen that for vectors
x and y and matrix A we have xT Ay = (A, xyT).
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for overcoming this problem is to replace, at each iteration, the transformation x — y by its “projection” on the desired family.
In other words, each iteration of the separating algorithm is composed of the following steps:
o Minimization:
Ly «y—uBy(y).
o Projection:
2. o = argming E{|ly — G(x;0)|}.
3.y =G(x,0y).
Note that the dependence of the algorithm to the separating system appears only in the projection step: the minimization step
is the same for al separating models.

Remark. The minimization part of the MP approach has no local minimum, and the outputs are directly manipulated
regardless of the structure of the separating system. Consequently, it can be conjectured that it is less probable that this
approach traps in a local minimum compared to the gradient approach, in which a steepest descent algorithm is applied on
each parameter of the separating system. In other words, the MP approach is expected to have better convergence behavior

than the gradient approach.

VI. SOME SEPARABLE MODELS FOR BLIND SOURCE SEPARATION

In the following sections, we will use the presented gradient and MP approaches for Blind Source Separation. In BSS, a
parametric model for the separating system is required, because general non-linear mixtures are not separable [2] (that is,
the output independence does not insure source separation). Four separable models, for which, separation algorithms will be
addressed in the following sections are:

1) Linear Instantaneous Mixtures: This is the simplest case, in which the mixing system is x = As and the separating system
isy = Bx, where A and B are constant (and regular) matrices. For these mixtures, it is shown [3] that the independence
of the outputs insures source separation, up to a scale and a permutation indeterminacy (provided that there is at most one
Gaussian source).

2) Convolutive mixtures: In convolutive mixtures, the mixing matrix composed of finite order Linear Time-Invariant (LTI)

filters instead of scalars. For these mixtures, the separation system is:
p
y(n) = [B(2)]x(n) = Y Byx(n — k) (47)
k=0

Asit has been proved in [19], convolutive mixtures are separable, too: if B(z) is determined to produce statistically independent
outputs, then the sources are separated.

In convolutive mixtures, the scale indeterminacy of instantaneous mixtures extends to a filtering indeterminacy. However, it
can be shown [20] that the effect of each source on each sensor (that is, what a sensor would receive if al other sources were
zero), can be found after the source separation.

In convolutive mixtures, the independence of outputs cannot be reduced to instantaneous independence of y 1 (n) and y2(n)
[7]. In effect, in convolutive mixtures, y; and y» must be treated as stochastic processes, not random variables. Recall that two

stochastic processes y; and y» are independent if the set of random variables {y1(n1),...,y1(ng)} is independent from the
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<— Mixing System —»<— Separating System —
Fig. 2. The mixing-separating system for PNL mixtures.

set {y2(n}),...,y2(n})}, for every choice of k£ and ny,...,ng,n,...,n} [15]. This independence cannot be deducted from
the instantaneous independence of y1(n) and y2(n).

However, for separating convolutive mixtures, it is sufficient that y,(n) and y2(n — m) be independent for all »n’s and all
m’s. This comes from the fact that this independence results in cancelling output bi-spectra, which is shown to be sufficient

for separating convolutive mixtures [19]. Consequently, as proposed in [21] the separation criterion may be chosen:
+M

J= > I(yi(n),y2(n—m)) (48)

m=—M
where M = 2p+ 1, and p is the degree of the separating filter (B(z)). This criterion is computationally expensive. To reduce

its computational cost, we use I(y1(n),y2(n —m)) as the separation criterion, but at each iteration a different random m is
chosen form {—M, ..., M}.

3) Post Non-Linear (PNL) mixtures: Post Non-Linear (PNL) mixtures have been first considered by Taleb and Jutten [11], as
a (practically important) special case of non-linear mixtures which is separable. The PNL mixing-separating system is shown
in Fig. 2. This model correspondsto alinear mixing system followed by non-linear sensors. For this model, it is shown that the
independence of outputs insures that g; = f{l and B is a separating matrix [11] up to scale and permutation indeterminacies
like in linear mixtures (see [22] for a simple geometric proof for bounded sources). In other words, PNL mixtures are separable:
independence is sufficient for estimating the separating structure and restoring the sources.

4) Convolutive PNL (CPNL) mixtures: This model is a generalization of PNL models, in which the mixing and separating
matrices are convolutive, i.e. A and B (with scalar entries) are replaced by filter matrices A(z) and B(z) (where entries are
filters) in Fig. 2. The separability of this model can be deduced from the separability of PNL mixtures [23], for finite impulse

response filters.

VII. APPLICATION TO LINEAR INSTANTANEOUS MIXTURES

Here, as an illustration of the “gradient” and “MP” approaches, we utilize them for separating linear instantaneous mixtures.
All of the algorithms and programs of this section are available as a MATLAB package with a graphical interface at:
http://wwv. lis.inpg.fr/pages_perso/bliss/deliverabl es/d20. htm

A. Gradient approach

For these mixtures, the gradient of I(y) with respect to B has been obtained in equation (42). However, in linear instantaneous
mixtures, it is preferable to use the equivariant algorithm [24], [25], which results in a separation quality independent of the

mixing matrix. In equivariant algorithm, instead of g—é, the natural [24] (or relative [25]) gradient is used:

Vel & =B = E{,(y)y"} (49)
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o Initidization: B=1and y = x.
o Loop:
1) Estimate B, (y) (eg. by histogram
method).
2) VeI =E{By(y)y"}
3) B+« (I-pVasl)B.
4) y = Bx.
5) Normalization:
— Let y; = y;/0;, Where o7 is the energy
of 5.
- Di\}lide the i-th raw of B by ;.
o Repeat until convergence.

Fig. 3. Gradient algorithm for separating linear instantaneous mixtures.

and the updating algorithm for B is:
B« (I-uVsl)B (50)

where I denotes the identity matrix.

The scale indeterminacy must also be taken into account. The above agorithm, which is based on output independence,
imposes no restriction on the output energies. Moreover, B = 0 is atrivial solution of the algorithm, which must be prevented.
To solve this problem, the output energies may be normalized at each step of the algorithm. This results in the algorithm of
Fig. 3 for separating linear instantaneous mixtures.

1) Experiment: To examine the performance of the algorithm, we use two uniform random sources with zero means and

( 1 0.7)
A= (51)
05 1

and the parameters of the separating algorithm are: (a) Histogram estimation of SFD (using a 10 x 10 histogram), (b) 500

unit variances. The mixing matrix is:

point data block, and (c) u = 0.1. The experiment has been repeated 100 times (for 100 different realizations of the sources).
In this paper, for measuring the quality of separation, we use two performance indices. The first, is the mean of output

Signal to Noise Ratios (SNR). At each output, the SNR is defined by (assuming there is no permutation):

E{s}}
SR = 1010810 mer, =07

Then, as a performance index, we use the mean of output SNR's, that is, SNR = (SNR; + SNRy)/2.

(52)

The second performance index is the number of iterations required for the SNR to reach at 90% of its final value.

In this experiment, averaged output SNR, taken over 100 runs of the algorithm was 32.4dB, and the number of iterations
was 31 (the results of the experiments of the paper are collected in the Table | at the end of paper).

Asi it can be seen in this experiment, despite of the simplicity of the SFD estimator (a 10 x 10 histogram), a good separation

performance has been obtained. This fact can be explained as follows. First note that (49) can be rewritten as:

Vel =E{B,(y)y'} =E{,()y"} —E{e,(y)y" } =E{¢p,(y)y"} -1 (53)

which is the equation used in the previous methods of separating linear instantaneous mixtures by mutual information
minimization [8]. Practically, this equation is simpler than (49), because it only requires estimation of marginal score functions.

However, the separation information (independence) is contained in the averaged SFD, as the gradient of the mutual information,
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o Initidization: y = x.
o Loop:
1) y<y—pBy(y).
2) Remove the DC of each output, and nor-
malize its energy to 1.
3) B=E {yx"} (E{xx"})""
4) y = Bx.
o Repeat until convergence.

Fig. 4. Minimization-Projection algorithm for separating linear instantaneous mixtures.

and the separating algorithms will stop when it vanishes. Moreover, SFD is the difference of two terms. In (53), one of these
terms is theoretically computed. Hence, a good estimation of the other term is required for source separation (because the
difference of the two terms must vanish for the convergence of the algorithm). But in our method which is based on the direct
use of the SFD, since it is directly estimated, a good estimation of B can be achieved even with a coarse estimation of the
SFD (e.g. a simple histogram).

Another advantage of this method (based on SFD) is that it can be readily generalized to more complicated mixtures (as it
will be shown in the following sections), while the use of (53) is restricted to linear instantaneous mixtures. The drawback of
the methods based on SFD is the necessity of the estimation of a multi-variate density, which is quite difficult, and requires
a high computation cost and a lot of data, when the dimension (i.e. the number of sources) increases. Practically, this method

is applicable only for a small number of sources (at most 3 or 4).

B. Minimization-Projection approach

In the MP approach, the minimization stage (step 1) does not depend on the separating model. The projection stage for
linear instantaneous mixtures requires calculating the matrix B which minimizes £ {Ily - BXIIQ} (step 2), and then replacing

y by Bx (step 3). The solution of step 2 is given by the following well-known lemma.

Lemma 1: The matrix B which minimizes £ {Ily - Bx||2} is:

Bow = E {yx"} (B {xx"})”" (54)

Taking into account the scale indeterminacy, the final MP agorithm for separating linear instantaneous mixtures is given in
Fig. 4.

1) Experiment: We repeat the experiment of Section VI1I-A.1 using the MP approach. The source signals are two uniform
random signals with zero means and unit variances. The mixing matrix is the same as (51). The parameters of the separating
algorithm are like Section VI1-A.1: (a) Histogram estimation of SFD, (b) 500 point data block, and (c) ¢ = 0.1. The averaged
SNR’s taken over 100 runs of the algorithm, and the number of required iterations for convergece are given in the Table I.

Here, for linear instantaneous mixtures and the histogram estimation of SFD, the MP approach shows no advantages or
disadvantages to the gradient approach. However, as our experiences shows for more complicated mixtures (and for other
estimation methods of SFD), the MP approach has, in general, better convergence behavior (as discussed at the end of
Section V-B) and converges in fewer iterations, while the gradient approach leads to sightly higher output SNRs.
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VIII. APPLICATION TO CONVOLUTIVE MIXTURES

In this section, we show how the gradient and the MP approaches can be used in separating convolutive mixtures of two

sources.

A. Gradient approach

To use the gradient approach, %I(yl (n),y2(n —m)) must be first calculated. Although this gradient is directly calculated
in [7], here, we recalculate it using the general approach of Section V-A and Theorem 1, to show how this general approach
can be used in convolutive mixtures.

For calculating this gradient, we first define the following notation for any signal y(n) = (y1(n),y2(n))7:

y(m (n) £ ( z/l(”) | ) (55)
Y2(n —m

In other words, y (™) (n) shows a shift operation on the second component of y(n) with respect to the first one.

Now, the gradient of I (y(™(n)) must be calculated. Let B; = B; for i # k and By = By, + &£, where £ is a “small”
matrix. Then, from (47) we conclude that §(n) £ [B(2)]x(n) = y(n) + Ex(n — k). Denoting A(n) = Ex(n — k), we will
have §(™ (n) = y(™ (n) + A™) (n), and hence from Theorem 1:

1(3™ @) =1 (3™ (1) = E{Byem )T A (0)} = E{ By 1 (m)AT ()}
+ B {Byom s (A (1) } = B {Byom 1 (1) A1 ()} + B { By 5 (m) Ao (n = m) }
= E{Byom 1(n)A1(n)} + E{Byom 2(n +m)As(n)}
where By (n) stands for Bym) (y(™ (n)). Note that in writing the above equations, the sources are assumed to be stationary.

Now, we define:

B(n) 2 B (n) = ( , Py ) (56)

y(m) 2 (n+m)
In other words, for obtaining 3,,(n), the second component of y(n) must be shifted m times, then after calculating its SFD,

the second component of SFD must be shifted back m times:

( y1(n) ) shift ( y1(n) ) D ( Bt (n) ) Shift back ( Bt (n) ) .
— - —_— = Bm(n)
y2(n) y2(n —m) B5(n) B5(n+m)
By using this notation, we can write:
I-T=E{B,m)"AMN)} =E{B,,(n)"Ex(n—k)} = (&, E{B,,(n)x(n—k)T})

and finally:

oo (31 (1), 2 = ) = B {B()x(0 — 1)} )

Now, taking into account the scale indeterminacy, the separation algorithm is obtained as shown in Fig. 5.
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« Initialization:
1) Bo=L
2 Fork=1...p,By=0.
3) y(n) =x(n).
« Loop:
1) Choose arandom m fromtheset {—M,...,+M}.
2) Estimate 3*(n), the SFD of (y1(n), y2(n—m)) .

3) LetB,,(n) = (Bi(n), B3 (n+m))".
4) Fork=0...p:

B « By — uFE {Bm(n) x(n — k)T}
5) Cdculate y(n) = [B(z)]x(n).
6) Normalization:
— Let y; = yi/oi, where o} is the energy of ;.
— Divide the i-th raw of B(z) by a;.
o Repeat until convergence.

Fig. 5. Gradient algorithm for separating convolutive mixtures.

1) Experiments. Here, an experimental result with the algorithm of Fig. 5 is presented. Because of the filtering indeterminacy,

instead of (52), the SNR is defined here as:

E {2
SNR; = 10log;, Bl (58)
E {le siZO}

stands for what is at the i-th output, where the i-th input is zero (assuming there is no permutation). By using

where y;l, _,
this definition, SNR will be a measure of “separation”, that is, a high SNR means that there is not a large leakage from the
other sources to this output. However, it can be a filtered version of the actual source, and a post-processing can be done for
recovering the effect of this source on each sensor [20] (as mensioned at the begining of this section).

Now, we mix two uniform random sources with zeros means and unit variances. The mixing system is:

(59)

140227140122 05+032 1401272
A(z) =
05+032714+0.1272 1402271 +0.1272
The separation parameters are: Second order filters (p = 2), M = 2p+ 1 = 5, u = 0.3, 500 samples data block, and the
Pham’s method [17] for estimating SFD. The averaged SNR's (taken over 100 repetitions of the experiment), and the number

of required iterations for convergence are given in the Table I.

B. Minimization-Projection Approach

In this section, an algorithm based on the MP approach (Section V-B) is developed for separating convolutive mixtures.
The minimization step of this agorithm (Equation (45)) does not depend on the separating model. The projection step for
convolutive mixtures consists of first finding the filter B(z) which minimizes the error E {||y(n) — [B(2)] X(n)||2}, and then
replacing y(n) by [B(2)]x(n).

After doing some algebric calculations, it can be found that the filter B(z) which minimizes E {||y(n) — [B(2)] X(n)||2}

is given by the following system of linear equations (see [21] for details):

14
ZB]RXX(]’k) :Ryx(o’k) ) k= ]-,'"7p (60)
j=0
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« Initidization: y(n) = x(n).
« Loop:
1) Choose a random m from the set
{—M,...,+M}.
2) Edtimate,(n), the SFD of (y1(n), y2(n—
T

m)) .
3) Update the outputs by:

Y™y ™ = uByom (v
4) Remove the DC of each output, and nor-
malize its energy.
5) Compute the matrices By, £ = 0,...,p,
from (60).
6) Lety(n) = [B(z)]x(n).
o Repeat until convergence.

(m

(m))

Fig. 6. Projection algorithm for separating convolutive mixtures.

where:
Rox (4, k) £ E{x(n — j)x"(n — k) } (61)
Ryx(j,k) £ E{y(n —j)x"(n —k)} (62)

Finally, taking into account the scale indeterminacy, the MP algorithm for separating convolutive mixtures is obtained as
shown in Fig. 6.

1) Experiments. The experiment of Section VIII-A.1 is repeated here using the MP method. The separation parameters are:
Second order filters (p =2), M =2p+ 1 =15, p = 0.1, 500 samples data block, and the Pham’s method [17] for estimating
SFD. The averaged SNR'’s (taken over 100 runs of the algorithm), and the number of required iterations for convergence are
given in Table I.

A look at the Table | shows that the quality of the projection approach is slightly less than the gradient approach. However,
as discussed at the end of section V-B, it has better convergence behaviour.

IX. APPLICATION TO PNL MIXTURES

In this section, we consider the application of the general mutual information minimization approaches of section V (gradient

and MP approaches) in separating PNL mixtures.

A. Gradient approach

The gradient approach for separating PNL mixtures has been first reported in [26]. The parameters of the separating system
(Fig. 2) are the matrix B and the functions g;'s, and for using the gradient approach, the gradients of I(y) must be calculated
with respect to these parameters.

The gradient with respect to B can be obtained by repeating the calculations done in Example 1 of Section V-A, and hence
(42) gives the desired gradient (or (49) for the relative gradient).

For calculating the gradients of I(y) with respect to the functions g;, two different approaches may be used. The first is

a ‘parametric’ approach, in which, a parametric model for these functions is assumed, and then the gradients of I(y) with
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respect to these parameters are calculated. Finally the steepest descent gradient algorithm is applied on each parameter of the
model. For example, neural networks and polynomial models have aready been used for modeling g ;'s [11], [27].

Another approach, which is used in this paper, is ‘non-parametric’ [28], [26]. In this approach, no parametric model is
assumed for g;'s, and the ‘gradient’ of the criterion with respect to these functions, which is itself a function, is directly
caculated. To clarify the idea, suppose that a cost function C is to be minimized with respect to a function g(z). Moreover,

suppose that for any ‘small’ function ¢(z) we have:
+oo

Clg+e)—Clg) = / (&) £ (&) plz) dz + o(e) (63)

where p(z) is a non-negative function and o(e) stands for higher order terms. Then, it can be said that the gradient of C with
respect to the function g(z) is the function f(z)p(x). Equivaently, it can be said that the gradient of C with respect to g via
the weighting function p(z) is f(z). The main point here is that a little movement in the opposite direction of these gradients
(that is, g < g — ufp or g < g — uf) insures a reduction in the cost function.

Now, for calculating the gradients of I(y) with respect to the functions g;, suppose there is a small perturbation in these
functions of the form g; = g; + €; o g;, where ¢; denotes a ‘small’ function. This is equivaent to #; = z; + €;(2;). Using

Theorem 1 and after doing some algebric calculations (see [26] for details), we will have:

I(y) - I(y) = Z/_OO ei(@)E{ai(y) | i = 2} po, (2)dz (64)
where:

a(y) £B7B,(y) (65)

From the above equation, we conclude that the (natural) gradient of I(y) with respect to ¢ ; via the weighting function p,, is:

(V. D)(@) = BE{aily) | 7 = 2} | (66)

We emphasize again thet VI is itself a function.

In PNL mixtures, there are scale indeterminacies on both x; and y; signals, and a mean (DC) indeterminacy on z; [11].
Moreover, when using nonparametric methods, a smoothness constraint is necessary on functions g; [26]. Without any
smoothness constraint, the value of g; at each data point acts as a parameter, and the number of parameters will be equal
to the number of data points, which is mathematically ill-posed. To insure this smoothness, smoothing splines [16] may be
used [26]: at each iteration, g; is the smoothing spline which has the best fit on the data points (z;, «;).-

Taking into account these indeterminacies, the separation algorithm is obtained as shown in Fig. 7.

1) Experiments. As an experiment, two uniform random sources with zero means and unit variances are mixed. The mixing

system composed of:

A= ( boos ) ,  fi(z) = f2(x) = 0.1z + tanh(22) (67)
05 1
Then, we have used the separation algorithm of Fig. 7 with 1000 data samples, kernel estimation of SFD (by Gaussian kernels),
and p; = p2 =0.2.
The separation quality is measured by mean of output SNR's, where each output SNR is defined in (52). The averaged

SNR'’s taken over 100 runs of the algorithm, and the number of required iterations for convergence are given in the Table I.
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« Initialization:

1) B=1I

2 x=e

3) y=x
o Loop:

1) Estimate 3, (y) (SFD of y).

2) Letay(y) 2 B8, (y).

3 For i = 1,...,N, estimate (Vg,I)(z;i), by
fitting a smoothing spline on (z;, a;).

4) For: =1,...,N, modify z; by z; « x; —
w(Vo D).

5) Let g; be the smoothing spline which fits on the
(ei, ;) points.

6) For i = 1,...,N, normaize z; by z; <
”ijﬂmi .
7 Absorb the effect of the above normalization in
B:
Oz, 0
B«+~B
0 Oy

8) Estimate VgI, using (49).
9) Modify B by B «+ (I — 411 VBI)B.
10) Compute outputs by y = Bx.
11) Normalization:
— Lety; =y /o, where o7 is the energy of y;.
— Divide the i-th raw of B by o;.
« Repeat until convergence

Fig. 7. The gradient approach for separating PNL mixtures.

B. Minimization-Projection Approach

In this section, an algorithm for separating PNL mixtures is developed based on the MP approach (Section V-B). As usua,
the minimization step of this algorithm (Equation (45)) is the same for al mixing-separating models. The projection step for
PNL mixtures, consists in first finding functions g; and matrix B which minimize E {Ily - Bg(e)||2}, and then replacing y

by Bg(e), where g(e) = (g1(e1), ..., gn(en))”.

For finding functions g; and matrix B which optimally map e to y, an iterative algorithm is proposed in [18]. It is based on
noting that the invertibility of g;’s implies their monotonicity, and without loss of generality they can be assumed ascending.
If x was known, then the matrix B which optimally maps x to y were given by (54). Knowing B, x can be re-calculated
using x = B~ ly. It automatically defines a set of g;'s, which are not necessarily ascending. To make g; ascending, we change
the order of the values x;(1),z;(2),...,z;(T) (T is the length of data block) in such a way that for any e; (k1) > e;(k2) we
have z;(k1) > z;(k2). This may be better explained by its MATLAB code:

[tenmp, index_i] = sort(e_i);

X_i(index_i) = sort(x_i);

It defines a new x, and the above process is repeated. This results in the algorithm of Fig. 8 for finding the optimal mapping.
It is experimentally shown in [18] that this algorithm converges very fast, typically in 2 to 5 iterations.
Having this agorithm for finding the projected mapping, the fina MP agorithm for separating PNL mixtures can be easily

obtained. However, two modifications is done in the algorithm of Fig. 8: (a) instead of initializing by x = e, the value of x
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« Initidization: x = e.
o Loop:

1) Let B=E{yx"} (E{xx"})"".

2) Leex=By.

3) For i = 1,...,N, change the order of
z;(k) such that the function z; = gi(e;)
become ascending (see the text).

« Repeat until convergence

Fig. 8. Finding the projected PNL mapping.

o Initidization: y =x =e.
« Loop:
1) Estimate 3, (y), the SFD of y.
2) Modify the outputs by y <y — u8, (y).
3) Fork=1,...,K, do:
a LeB=E{yx"}(F {xxT})_l.
b) Letx=B y.
¢) For ¢ = 1,...,N, change the order
of z;(k) such that the function z; =
gi(ei) be ascending.
4) Fori=1,...,N, remove the mean of z;
and normalize its energy.
5) Fori=1,...,N, let g; be the smoothing
spline which fits on (e;, z;).
6) Lety = Bg(e).
7) Fori=1,..., N, remove the mean of y;
and normalize its energy.
o Repeat until convergence

Fig. 9. Minimization-Projection algorithm for separating PNL mixtures.

obtained in the previous iteration of MP algorithm is used, which is a better initial estimation of x. (b) we do not wait for the
projection algorithm of Fig. 8 to converge (even, it is possible that it does not converge, when the outputs cannot expressed
as Bg(e)). Instead, we simply repeat the loop for some fixed number of iterations, say 5 or 10 times (even 1 iteration seems
sufficient in many cases, because the whole MP algorithm is itself iterative, and the value of x in the previous iteration is used
as initial value in the current iteration).

Finally taking into account the indeterminacies (similir to what is done for the gradient approach), the final separation
algorithm is obtained as shown in Fig. 9.

1) Experimental results: Now we repeat the experiment of Section IX-A.1 using the MP agorithm with parameters: © = 0.1,
1000 samples data block, Pham’s estimation of SFD, and K = 5. The averaged SNR's taken over 100 runs of the algorithm,

and the number of required iterations for convergece are given in the Table I.

X. APPLICATION TO CPNL MIXTURES

We terminate the applications of gradient and MP approaches by using them in separating Convolutive Post Non-Linear
(CPNL) mixtures of two sources. In CPNL mixtures, the separation system composed of the linear FIR filter (47) and non-linear
functions g;. Consequently, the separation algorithms can be obtained by combining the algorithms obtained for convolutive

and PNL mixtures.
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o Initidization:
1) B(z)=Lthais Bp=Iandfork=1...p,
B, =0.
2) x(n) =e(n).
3) y(n) =x(n).

« Loop:
1) Choose a random m from the set
{—-M,...,+M}.
2) Compute B*(n), the SFD of (yi(n),y2(n —
T
m)) .

3) Let B,,(n) = (Bi(n), B3 (n+m))".

4) Estimate (V4 I)(z;), by fitting a smoothing
spline on (z;, a;). .

5) Modify z;: z; < x; — p1 (Vg I)().

6) Let g; be the smoothing spline which fits on the
(ei, x;) points.

7) Normalize z;: x; <+ (i — fiz;) [Oa;-

8) Absorb the effect of the above normalization in
B(z):

Gy 0
B(z) «+ B(z)
0 Gy
9 Fork=0...p:
Bi < By — o {ﬂm(n) x(n — k)T}

10) Caculate y(n) = [B(2)]x(n).
11) Normalization:
— Lety; =y, /o, where o7 is the energy of y;.
— Divide the i-th raw of B(z) by a;.
o Repeat until convergence.

Fig. 10. Gradient algorithm for separating CPNL mixtures.

A. Gradient Approach

Similar to convolutive mixtures, the separation criterion is I(y1(n),y2(n — m))), where m is randomly chosen at each
iteration from —(2p + 1) to 2p + 1. To use the gradient approach in separating CPNL mixtures, the gradient of this criterion
must be calculated with respect to both B;’s and g;'s.

Following the same calculations done in Section VIII-A, the gradient with respect to B ’'s is given by (57). The gradient
with respect to functions g; can be obtained using a method similar to what is done for PNL mixtures at Section IX-A. The
final result is given by (66), where in this case « is [23]:

o £ Y BE8, 00+ = [B7 (1)] 8,0 8)

k=0
Taking into account the DC and scale indeterminacies, the final separation algorithm is obtained as shown in Fig. 10.

1) Experimental results: As an experiment, two uniform radom sources with zero means and unit variances are mixed by
a system composed of the mixing matrix (59) and sensor nonlinearities given by (67). Each output SNR is defined as (58).
Moreover, there are a lot of parameters to be estimated and to not encounter “over-learning”, a new data set is used at each
iteration. Here, the main parameters are: observation blocks of 2000 samples, p = 2, M =5 and p = 0.2. The averaged SNR's

taken over 100 runs of the algorithm, and the number of required iterations for convergence are given in the Table I.
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« Initidization: y = x =e.
o Loop:
1) Choose arandom m fromtheset {—M,..., M}.
2) Estimate B,(m) (y), the SFD of y™.
3) Modify the outputs by y™ « y0m™ —
By om) (™).
4) Fork=1,...,K, do
a) Find the best B(z) which maps x(n) to
y(n), using (60).
b) Compute x(n) = [inv(B(z))] y(n) using the
recursive eguation (69).
¢) For i = 1,2, change the order of z;(k) such
that the function xz; = g;(e;) be ascending.
5) Fori =1, 2, remove the DC of z; and normalize
its energy.
6) Fori=1,2,let g; bethe smoothing spline which
fitson (e, z;).
7) Lety(n) = [B(2)]g(e(n)). _
8) Fori=1,2, removethe DC of y; and normalize
its energy.
o Repeat until convergence

Fig. 11. Minimization-Projection agorithm for separating CPNL mixtures.
TABLE |

SUMMARY OF THE RESULTS OF THE EXPERIMENTS OF THE PAPER. SNR’SARE AVERAGED OVER 100 EXPERIMENTS.

Mixture type Algorithm | SNR (in dB) | Number of
iterations
Linear Instantaneous | Gradient 324 31
MP 317 22
Convolutive Gradient 254 86
MP 20.4 108
PNL Gradient 214 22
MP 18.7 19
CPNL Gradient 24 1090
MP 24.7 328

B. Minimization-Projection Approach

The MP approach for separating CPNL mixtures can be obtained by directly combining the corresponding approaches for
separating convolutive and PNL mixtures. However, step (2) of the projection agorithm of Fig. 8 (for finding the optimum

mapping) must be replaced by x(n) = [inv(B(z))] y(n). This inverse function can be found using the recursive eguation:
x(n) = B, * [y(n) —Bix(n—1) —--- = Byx(n — p)] (69)

Consequently, the final MP separation algorithm is obtained as shown in Fig. 11.
1) Experimental Results: The same experiment of Section X-A.1 is repeated here, but with block lengths of 1000 samples
and i = 0.1. The averaged SNR’s taken over 100 runs of the algorithm, and the number of required iterations for convergece

are given in the Table I.
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XI. CONCLUSION

In this paper, the problem of mutual information minimization was considered. Using a non-parametric “gradient” of mutual
information, two general approaches for its minimization in a parametric model, called gradient and Minimization-Projection
(MP) approaches, were proposed. Moreover, it was shown that mutual information has no “local minimum”. Finally, these
approaches were used for blind source separation in linear instantaneous, convolutive, PNL and CPNL mixtures.

In general, because of direct manipulation of outputsin the MP method, and since mutual information has no local minimum,
this method has better convergence behaviour (faster convergence and lowest risk of a local minimum) than gradient method,
especially where the number of parameters are large (e.g. convolutive mixtures with long separating filters). Especialy, in the
gradient-based agorithms, it is very tricky to select parameters which insures the algorithm convergence. On the contrary,
the convergence of MP algorithms is very robust to the parameters. However, if convergence achieved, the gradient approach
may result in a dlightly better separation. Moreover, in blind separating linear instantaneous mixtures, gradient approach may
be simplified (as done in (53)) such that it uses only margina distributions, which is a great advantage for large number of
SOUrCEsS.

The limitation of methods of mutual information minimization based on SFD is the need for estimation of a multi-variate
PDF which is quite difficult and requires a large number of data when the number of variables grows. Practically, they are

limited to 3 or 4 variables.
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