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ABSTRACT

This paper describes a novel modi cation to the well-known
natural gradient or INFOMAX algorithm for blind source sep-
aration that largely mitigates its divergence problems. The
modi ed algorithm imposes an a posteriori scalar gradient
constraint that adds little computational complexity to the al-
gorithm and exhibits fast convergence and excellent perfor-
mance for xed step size values that are largely independent
of input signal magnitudes and initial separation matrix esti-
mates. Evaluation of the approach for the separation of in-
stantaneous and convolutive source mixtures using both time-
and frequency-domain implementations shows its excellent
separation behavior.

Index Terms— blind source separation, independent com-
ponent analysis, natural gradient algorithm.

1. INTRODUCTION

The goal of blind source separation is to extract individual
source signals from linear mixtures without speci c knowl-
edge of the mixing process and with limited knowledge about
the individual source signals. Algorithms for spatial-only (in-
stantaneous) and spatio-temporal (convolutive) mixing con-
ditions have been developed and usually leverage some prior
knowledge about the source signals, such as their statistical
independence, amplitude variations, or correlation statistics.

One of the oft-cited methods for blind source separation
is the natural gradient or information-maximization (INFO-
MAX) algorithm [1, 2]. For linear mixtures of the form

���� � ������ (1)

where� is an ����� mixing matrix and ���� � ������ � � �
������� contains independent source signals, this algorithm
adapts a separation matrix���� as
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where ����� � �������� contains the estimated source sig-
nals at time � and iteration �, � ��� is a vector-valued nonlin-

earity function, and � is the algorithm step size. For appro-
priate choices of the nonlinearites in � ���, the algorithm is a
natural gradient procedure that approximately minimizes the
mutual information of the output vector sequence ����� over
all non-singular matrices ���� [2]. Simulations show that
the algorithm can separate mixtures of sources so long as the
source distributions do not differ too much from those used to
design the nonlinearities in � ���.

Although useful, the natural gradient BSS algorithm in
(2)–(3) suffers from a lack of robustness to the magnitudes of
the mixtures in ����. Convergence is governed both by the
initial coef cient matrix ���� and the step size �. It can be
quite challenging to choose���� and � to obtain fast conver-
gence with this algorithm without explosive divergence, par-
ticularly if � ��� is highly nonlinear. The end result is usually
slow initial convergence using���� � Æ� with both � and Æ
chosen to be small. Moreover, our experience with this algo-
rithm indicates that for larger-order mixtures (e.g. � � ��),
it is nearly impossible to choose���� to obtain convergence
for any constant step size �. Although some work has been
done in time-varying step size sequences for this algorithm
class [3], initial convergence is still slow, and ���� � ����
must be maintained for some unknown ����.

This paper presents presents a novel, simple modi ca-
tion to (2)–(3) that alleviates the aforementioned dif culties.
Since separation performance does not depend explicitly on
the scaling of ����, a scaling constraint is used to main-
tain a constant (natural) gradient magnitude for the algorithm.
The modi cation adds little computational complexity and
achieves signi cant practical advantages. In particular, the al-
gorithm exhibits fast convergence and excellent performance
for a xed step size �, independent of the magnitude of ����
and ����. Extensive simulations indicate that the algorithm
is robust and does not appear to diverge suddenly for any
step size, unlike the original unscaled natural gradient algo-
rithm. It typically converges in only 40 to 150 iterations un-
der mixing conditions in which the original algorithm does
not converge reliably for any xed step size. Performance
comparisons of the convolutive extensions of the algorithm in
both time- and frequency-domain forms with other competing
approaches show the superior performance of the proposed

II ­ 6371­4244­0728­1/07/$20.00 ©2007 IEEE ICASSP 2007



methods.

2. DERIVATION
The proposed algorithm attempts to solve the following opti-
mization problem via natural gradient descent:

minimize ���� � ���������� �
���

����������

��

���

��� ���������(4)

such that
	

��

������

������
���

����������

� ����������
�
������

������

������
�


 	� (5)

where ���� is a chosen source p.d.f. model. The cost function
in (4) is af nely-related to the mutual information of the out-
put vector sequence ������� when ���� accurately models the
source p.d.f.’s [2, 4]. Eq. (5) is a scalar ��-norm constraint
on the a posteriori or �� � 	�st gradient data matrix that is
satis ed at algorithm convergence for separated sources. A
scalar constraint is chosen to stabilize the algorithm as it does
not alter the goal of making the output signals statistically-
independent and is expected to have a minimal effect on the
algorithm’s local convergence behavior.

The adaptation procedure used to achieve (4)–(5) jointly
adjusts ���� in the natural gradient direction in an attempt
to minimize (4) while imposing a multiplicative scaling of all
of the elements of the updated matrix to satisfy (5) exactly.
This algorithm has the form
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where 	��� is a scaling factor sequence. In order to impose
(5), we compute 	��� as
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where ���� is the inverse function of the magnitude of ������;
i.e. ��������� 
 ���. The complete algorithm in its simplest
form is
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where ���� is as computed in (2). Note that this algorithm
absorbs the scaling factor 	��� into the update for����, such
that little computational complexity is added.

As for choices of algorithm nonlinearity � ����, typical
choices and their associated ���� functions are
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where � � 	. The last choice uses an approximation for ����,
as the inverse of ��� ��
������� approaches ��� as � gets large.

The proposed scaling strategy can be used in frequency-
domain blind source separation algorithms involving convo-
lutive mixtures [5], where measured signals from each input
signal frequency bin is treated as an instantaneous complex
mixture. Permutation issues must be addressed to achieve
good separation, however [6]. We can also extend this method
to the time-domain algorithm for multichannel blind decon-
volution and convolutive BSS in [7]. The complete algorithm
for �� � 	�-samples-long FIR multichannel separation lters
in this case is
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In the above relations, both�	��� and�	��� are assumed to
be zero outside the range � � ��� ��.

Simulations of the scaled natural gradient algorithms above
in instantaneous and convolutive BSS tasks indicate that the
algorithm achieves fast convergence and a low inter-channel
interference (ICI) for a range of step sizes that are indepen-
dent of the initial scaling of either the separation system or
the input signal mixtures so long as the amount of data sam-
ples � in the gradient calculation are large enough. Data
reuse is recommended, such that ��� � �� � 
 ���� for
� � �	� �� � � �� and the entire data set ����, � � �	� � � is
used at each algorithm iteration. Typically, step sizes in the
range ��	 � 
 � ��� have been chosen and appear to work
well.
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Fig. 1. Performance of the original natural gradient and pro-
posed scaled natural gradient algorithms in a ten-source in-
stantaneous BSS task.

3. NUMERICAL EVALUATIONS

We rst explore the behavior of the scaled natural gradient al-
gorithm in an instantaneous BSS task. Complex-valued mix-
tures of � � ���� samples of �� complex-valued sources –
ve 4-QAM and ve uniform-���� ����� �� �� �� �� �� –

are created using random mixing matrices � with i.i.d. com-
plex Gaussian entries with �������

�� � � and ������� � �.
Both the original (unscaled) and scaled natural gradient algo-
rithms are applied with���� � ������. For each algorithm,
step sizes were chosen to achieve fastest convergence for each
initial condition. One hundred simulations were run and the
convergence curves were averaged in each case. Fig. 1 shows
the behaviors of the algorithms in terms of ICI for each block
iteration, computed as
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As can be seen, the original (unscaled) algorithm does not
converge, and its convergence behavior does not improve even
after 1000 iterations of the algorithm. In addition, increas-
ing the step size for the original unscaled algorithm did not
improve its convergence speed; in fact, it caused divergence.
The scaled version of the algorithm achieves convergence in
about 100 iterations on average.

We now consider a convolutive BSS task involving speech
signal mixtures. We used an acoustically-isolated laboratory
environment to collect three-channel data using loudspeak-
ers to play recordings of talkers (one female and two male)
as the sources. The sources were located 127 cm away from
three omnidirectional microphones in a nearly-uniform lin-
ear array with 4 cm spacing and had angles of incidence of

Fig. 2. Laboratory measurement environment used for nu-
merical evaluations.

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 6   Mic = 1   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 7   Mic = 1   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 8   Mic = 1   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 6   Mic = 2   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 7   Mic = 2   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 8   Mic = 2   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e
0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 6   Mic = 3   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 7   Mic = 3   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 8   Mic = 3   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

Fig. 3. Impulse responses measured from the uniform linear
array, �
 � ��� ms condition.

-30 degrees, 0 degrees, and 27.5 degrees. The reverberation
time of the room was adjusted by placement or removal of
foam tiles on the walls of the room. Fig. 2 shows a photo-
graph of the laboratory setup. Figs. 3 and 4 show the impulse
responses of the loudspeaker/microphone paths as calculated
using pseudo-random noise sequences for the two reverbera-
tion conditions corresponding to 300 ms and 425 ms, respec-
tively. For purposes of correlating these plots with the pho-
tograph in Fig. 2, the microphones are labeled as 1, 2, and 3
from right to left in the photograph, and the loudspeakers are
labeled as 6, 7, and 8 from right to left in the photograph with
directions of arrival of 
���Æ, �Æ, and ���Æ, respectively. All
speech measurements were made using 7 seconds of data per
channel and a 48kHz sampling rate and were downsampled to
an 8kHz sampling rate for processing.

We compare the separation performance of ve algorithms:

II ­ 639



0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 6   Mic = 1   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 7   Mic = 1   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 8   Mic = 1   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 6   Mic = 2   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 7   Mic = 2   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 8   Mic = 2   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 6   Mic = 3   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 7   Mic = 3   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

0 0.1 0.2 0.3

0.02

0.01

0

0.01

0.02

Spkr = 8   Mic = 3   Fs = 8000 Hz

Time in seconds

Im
pu

ls
e 

R
es

po
ns

e

Fig. 4. Impulse responses measured from the uniform linear
array, �� � ��� ms condition.

(1) Scaled natural gradient time domain (NGTD) method [this
paper] using two stages of least-squares prewhitening accord-
ing to the method in [8], � � ����, � � ���; (2) Scaled
natural gradient frequency-domain (NGFD) bin-wise method
[this paper] with beamforming initialization, � � ����, � �

���; (3) Spatio-temporal FastICA with two stages of least-
squares prewhitening, � � ���, � � ��� [8]; (4) Parra’s
decorrelation-based method with the following choices:
�number of diagonalized matrices� � �, �number of data
blocks averaged� � ��, �FFT size� � ����, ��

� ���-
tap time-domain lters per input-output channel, and a 1000-
iteration limit [9]; and (5) Parra’s decorrelation-based method
with beamforming initialization using the above parameter
settings [10]. After separation is performed, least-squares
methods are used to estimate the contributions of the source
recordings to each of the recorded mixtures as well as the sep-
arated results from each algorithm. By calculating power ra-
tios, we compute the average improvement in signal-to-inter-
ference-plus-noise ratio (SINR) for each algorithm in each
data case.

Fig. 5 shows the performance of these algorithms on this
data. The time-domain scaled natural gradient algorithm with
prewhitening performed the best on both data sets, achieving
13.8dB and 9.5dB SIR improvement in the two data cases,
respectively. The frequency-domain scaled natural gradient
algorithm with beamforming outperformed Parra’s methods
by a signi cant margin and performed nearly as well as the
spatio-temporal FastICA algorithm on this data without re-
quiring a prewhitening step. Both of the scaled natural gradi-
ent algorithms never diverged in any of our numerical experi-
ments.

4. CONCLUSIONS

This paper describes a simple modi cation of the well-known
natural gradient or INFOMAX algorithm for blind source sep-
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Fig. 5. Performance of various separation methods under two
reverberation conditions (RT = 300 msec and 425 msec) for a
uniform linear microphone array, � � � sources.

aration that (a) stabilizes its behavior regardless of initial con-
ditions and input signal scaling, (b) achieves fast convergence
for a xed range of step size values, and (c) produces better
separation quality for convolutive BSS of real-world acoustic
mixtures as compared to competing methods. An analytical
study of the convergence behavior of the scaled natural gradi-
ent algorithm is currently underway.
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