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Abstract. In this paper we propose an extension of time-domain Blind Source
Separation algorithms by applying the well known proportionate and improved
proportionate adaptive algorithms. These algorithms, known in the context of
adaptive filtering, are able to use the sparseness of acoustic impulse responses
of mixing environments and give better performances than standard algorithms.
Some preliminary experimental results show the effectiveness of the proposed
approach in terms of convergence speed.
Keywords: Blind Source Separation, Independent Component Analysis,
Proportionate algorithms, Improved proportionate.

1 Introduction
Blind Source Separation (BSS) applied to speech and audio signals is an attractive research topic in the field of adaptive signal processing [1,2]. The problem is to recover
original sources from a set of mixtures recorded in an unknown environment. While several well-performing approaches exist when the mixing environment is instantaneous,
some problems arise in convolutive environments.
Several solutions were proposed to solve BSS in a convolutive environment [3,2].
Some of these solutions work in time domain, others in frequency domain. Each of them
have some advantages and disadvantages, but there is not a unique winner approach [4].
In addition, when working with speech and audio signals, convergence speed is an
important task to be performed. Since impulse responses of standard environments,
e.g. office rooms, are quite sparse, some authors have proposed to incorporate sparseness in the learning algorithm [5,6]. The idea is to introduce a weighting matrix in
the update equation, that can give more emphasis to the most important part of the impulse response. In particular a proportionate [5] and an improved proportionate [7] algorithms were proposed for supervised signal processing applications, like acoustic echo
cancellation.
In this paper we aim to extend these proportionate algorithms to the BSS problem,
in the hope that they can be effective also for unsupervised case. Hence a proportionate and an improved proportionate version of the well-known time-domain Torkkola’s
algorithm [8,9] will be proposed. Some preliminary results, that demonstrate the effectiveness of the proposed idea in terms of convergence speed, are also presented.
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The rest of the paper is organized as follows: Section 2 introduces the BSS problem
in convolutive environments. Then Section 3 describes the proposed algorithm, while
Section 4 shows some experimental results. Finally Section 5 draws our conclusions.

2 Blind Source Separation for Convolutive Mixtures
Let us consider a set of N unknown and independent sources denoted as
s[n] = [s1 [n], . . . , sN [n]]T , such that the components si [n] are zero-mean and mutually independent. Signals received by an array of M sensors are denoted by
x[n] = [x1 [n], . . . , xM [n]]T and are called mixtures. For simplicity we consider the case
of N = M.
The convolutive model introduces the following relation between the i-th mixed signal and the original source signals
N K−1

xi [n] =

∑ ∑ ai j [k]s j [n − k],

i = 1, . . . , M

(1)

j=1 k=0

The mixed signal is a linear mixture of filtered versions of the source signals, ai j [k]
represents the k-th mixing filter coefficient and K is the number of filter taps. The task
is to estimate the independent components from the observations without resorting to a
priori knowledge about the mixing system and obtaining an estimate u[n] of the original
source vector s[n]:
M L−1

ui [n] =

∑ ∑ wi j [l]x j [n − l],

i = 1, . . . , N

(2)

j=1 l=0

where wi j [l] denotes the l-th mixing filter coefficient and L is the number of filter taps.
The weights wi j [l] can be adapted by minimizing some suitable cost function. A
particular good choice is to maximize joint entropy or, equivalently, to minimize the
mutual information [1,3]. Different approaches can be used, for example implementing
the de-mixing algorithm in the time domain or in the frequency domain. In this paper we
adopt the time-domain approach, using the algorithm proposed by Torkkola in [8] and
based on the feedback network shown in Figure 1 (for the particular case of M = N = 2)
and described mathematically by:
L−1

ui [n] =

N

L−1

∑ wii [l]xi [n − l] + ∑ ∑ wi j [l]u j [n − l],

l=0

i = 1, . . . , N

(3)

j=1, j=i l=1

This latter will be used in the paper for achieving source separation in time domain by
maximizing the joint entropy of a nonlinear transformation of network output: yi [n] =
f (ui [n]), with f (·) a suitable nonlinear function, very close to the source cumulative
density function [1,8]. In this work we use f (·) = tanh(·). The k-th weight of the demixing filter wi j [k] is adapted by using the general rule:
p
p
wip+1
j [k] = wi j [k] + μΔ wi j [k],

(4)

where in particular the stochastic gradient method can be used, μ is the learning rate
and p is the iteration index.
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Fig. 1. The architecture for BSS in time domain in the particular case of M = N = 2

3 The Proposed Algorithm
Standard BSS algorithms were proposed so far in several works [3,9,10,8]. More recently, some authors have underlined the importance of sparseness of the impulse response ai j [n] [6]. In order to improve the performance of standard adaptive algorithms
(LMS and NLMS [11]), that do not take into account sparseness, these authors proposed
some modifications introducing the so-called Proportionate NLMS (PNLMS) [5] and
Improved Proportionate NLMS (IPNLMS) [7]. The resulting algorithms derive from a
more general class of regularized gradient adaptive algorithms [12,13].
In this kind of algorithms, the update term is simply multiplied with a matrix G[k],
whose entries gi j [k] are chosen using different criteria (NLMS, PNLMS and IPNLMS)
and take into account the sparseness of the impulse response: the parameters variation
is proportional to the impulse response itself
w p+1 = w p + μΔ w p ⇒

w p+1 = w p + μ G {w p } Δ w p .

The aim of this section is to extend the previous ideas on proportionate adaptive algorithms to time-domain BSS algorithm proposed by Torkkola [8], deriving a new updating rule for the de-mixing filter matrix W[k].
Based on [8] and [6], the proposed modification to the Torkkola’s algorithm results
in the following algorithm:


1
Δ wiip [0] ∝ gii [0]
− 2yi[n]xi [n] ,
wii [0]
p
Δ wii [k] ∝ −2gii[k]yi [n]xi [n − k], for k ≥ 1
(5)

Δ wipj [k] ∝ −2gi j [k]yi [n]u j [n − k], for k ≥ 1 and i = j
where yi [n] = f (ui [n]) = tanh (ui [n]).
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The k-th parameter gi j [k] in the case of Proportionate BSS (PBSS) are chosen as
follows

γi j [k]
"
gi j [k] = "
"γi j " ,
#1


$
γi j [k] = max ρ max δk , wi j [0] , . . . , wi j [L − 1] , wi j [k] ,
γi j = [γi j [0], γi j [1], . . . , γi j [L − 1]]T ,

(6)

(7)

with ρ and δk suitable constants.
A second proposal is the following Improved PBSS (IPBSS) choice for the k-th
parameter gi j [k]:
gi j [k] =

wi j [k]
1−β
" ,
+ (1 + β ) "
2L
2 "wi j "1

wi j = [wi j [0], wi j [1], . . . , wi j [L − 1]]T ,

(8)
(9)

where −1 ≤ β ≤ 1 is a constant.

4 Experimental Results
Some experimental results are proposed using two speech signals sampled at 8 kHz.
Three different synthetic mixing weight sets were proposed and a total of 5000 samples
are used.
The first set of weights is a very simple and sparse set given by
a11 [0] = 1, a22 [0] = 56 , a12 [10] = 46 ,
a21 [10] = 36 , a12 [40] = 26 , a21 [40] = 16 .

(10)

A more dense set of weights is used in the second set, perhaps more realistically in
a room that produces notable reverberation, where it was imagined that you have one
microphone closer to the first source and another microphone close to the other, which
results in:
a11 [0] = a22 [0] = 1
ai j [5n − 1] = exp(−n), for n = 1, . . . , 120 and i, j = 1, 2

(11)

that is, we have the strongest input respectively from the two sources in the input, with
subsequent echoes every five taps of the filter that decay exponentially.
The third set has only non-zero elements for the length of the filter, but is otherwise
similar to the previous weights, and is meant to simulate the same situation:
a11 [0] = a22 [0] = 1
ai j [n] = exp (−(1 + 0.4n)), for n = 1, . . . , 200 and i, j = 1, 2

(12)

Furthermore, the de-mixing weights are not updated for each iteration of the learning
rule, rather we sum the contributions from the learning rule over 150 iterations between
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each update of the filter for a robust estimation. When using the G matrix from the
PBSS algorithm, we always use ρ = 0.01 and δk = 0.01, as suggested as good values
by [6]. When using IPBSS, we always use the parameter β = 0.1. In both cases we use a
de-mixing filter length of L = 200 samples and the learning rate is set to μ = 1.5 × 10−5.
We will face the more complicated problem of separating real world mixtures in a future
work.
Now, we ask ourself the natural question: Does the proposed method using a G
matrix from either the PBSS method or the IPBSS method improve the results from the
standard algorithm? The answer found, is that it depends on the filter length. Or likely,
more generally, how sparse the filter is.
In order to evaluate the convergence of the algorithm, an estimate I of the mutual
information is used as convergence and performance index [14,15].
4.1 Results of Proportionate Algorithm
As we will see in this section, there are improvements in the convergence speed over the
standard algorithm. Figure 2 shows the convergence history using the estimated mutual
information, and we can clearly see that there is a considerable speed-up in convergence: already at epoch number 10, we can see that using the PBSS has almost reached
convergence, while the standard algorithm does not reach this level until around epoch
number 30. At epoch number 20, using PBSS, the algorithm has practically reached
convergence, while convergence is reached for the standard algorithm before around
epoch number 80.

Convergence history
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Fig. 2. Comparison of the standard algorithm to the algorithm with the G matrix from the PBSS
method
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This suggests that the algorithm converges between 3 and 4 times faster when using the G matrix from the PBSS method, which shows that by adaptively changing the
learning rate for the different taps of the filter, we get a significantly better performance.
As it can be seen in Figure 2, at convergence the solution of both algorithms reaches
the same level of mutual information. It would be interesting to see if there are any
differences, looking at the recovered de-mixing filters directly. Figure 3 shows the solution at convergence for both methods using the first weight set, and we easily see that
the main features of both solutions are present in both filters and are approximately the
same filter taps, albeit at slightly different scalings. Except for that, the are other small
differences, but it seems to be mostly noise in the filter. Qualitatively, from hearing the
de-mixing of the the mixed sound files, we could discern no differences between the
two solutions at convergence. Thus it seems reasonable to conclude that both methods
eventually converge to the same solution, but that using the G matrix from the PBSS
method, we obtain convergence and a good solution significantly faster.
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Fig. 3. Solution at convergence using the first set of weights, for a) standard algorithm, and b)
PBSS algorithm

4.2 Results of Improved Proportionate Algorithm
Similar results can be obtained from the IPBSS method. Figure 4 shows the convergence
history of the standard algorithm versus the proposed algorithm using the G matrix from
the IPBSS method. As we can see, the convergence is significantly faster than what is
possible with the standard algorithm. It is interesting to note also that there is more
noise in the mutual information at convergence with respect to the standard algorithm.
However, looking at the converging solution, there is once again not difference with the
standard algorithm. Qualitatively from listening to the solutions, the authors could not
hear any difference. We have therefore concluded that the difference is negligible and
might have been caused by the noise in the mutual information at convergence.
The IPBSS algorithm turned out to be slightly faster for these examples than the
PBSS one. From Figure 4 we can see from the value of the mutual information of the
proposed algorithm using IPBSS from the first epoch, that the same value is reached for
the standard algorithm between epoch 4 and 5, while for PBSS the value of the mutual
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Convergence history
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Fig. 4. Comparison of the standard algorithm to the algorithm with the G matrix from the IPBSS
method

information at the first iteration is reached between epoch 2 and 3. A similar reasoning
can be made for other epochs of iterations.
As concluded in the previous section, that indicates that the proposed algorithm using the PBSS method increases the speed of convergence of the first iterations of 3-4
times. From this, we can also infer that the IPBSS method further increases the speed
of convergence, suggesting an improvement of 20-25% over the PBSS algorithm.

5 Conclusions
In this paper some preliminary results on a proportionate and improved proportionate
version of the well-known time-domain Torkkola BSS algorithm have been proposed.
The proposed idea is to use the sparseness of the acoustic impulse responses of the
mixing environment, by applying some proportionate algorithm known in the context
of speech adaptive filtering. Some experimental results have shown the effectiveness
of the proposed approach in terms of convergence speed and encourage us for a more
theoretical introduction of these novel classes of separation algorithms.
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