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BSS Problem Formulation
·Given m instantaneous linear mixtures of n sources 

with an unknown mixing matrix, in the presence of 
additive noise, estimate the sources.

·Mathematically, given:

produce           which is optimal in some metric.
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BSS Problem Formulation
·The problem can divided into three distinct cases:
·Determined ɀWhen m = n.

In this case it suffices to estimate the mixing matrix A 
and compute its inverse in order to retrieve the sources.

·Overdetermined ɀWhen m > n.
Easier than the determined case. The redundancy in 
data can be used to improve the separation and also for 
noise reduction schemes.

·Underdetermined ɀWhen m < n.
Hard problem. Estimating the matrix A is not sufficient. 
The sources themselves needs to be estimated directly 
using some assumption on their distribution.



Assumptions Used
·The proposed solution is based on the assumption that 

the sources are sparse in some (known) basis 
representation.
·A sparsesignal has only a small fraction of its samples 

significantly different from zero.

·For natural sounds, such as speech and music, Fourier 
Transform based representations provide good 
sparsification for the signals.

·It is also assumed that the noise samples are Gaussian 
i.i.d. Their is variance estimated as well, so no prior 
information is required.



Assumptions Used
·Because of the linearity of the basis transformation, 

transforming the mixtures is equivalent to 
transforming the sources.

·Mathematically, all the time samples are grouped, and 
the basis change matrix is denoted by                     :
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Assumptions Used
·Example how sparsification affects the mixtures.

·Using two random mixtures of three sources 
(m = 2, n = 3), and the MDCT basis:



Assumptions Used
·A Gaussian i.i.d process will transform to a Gaussian 

i.i.d process under an orthogonal transformation, 
therefore the transformed noise coefficients     are also 
Gaussian i.i.d.
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The Bayesian Approach
·Using the Bayesian approach, every unknown

parameter has a known prior probability profile which 
reflects the information we have on it.

·By this approach, the sparsity assumption of the 
ÓÏÕÒÃÅÓ ÃÁÎ ÂÅ ÕÓÅÄ ÎÁÔÕÒÁÌÌÙ ÂÙ ÄÅÆÉÎÉÎÇ Á ȰÓÐÁÒÓÅ 
ÐÒÏÂÁÂÉÌÉÔÙ ÆÕÎÃÔÉÏÎȱ ÐÒÉÏÒ ÆÏÒ ÔÈÅ ÓÏÕÒÃÅÓȭ ÃÏÅÆÆÉÃÉÅÎÔÓȢ

·For parameters with no prior information on, a 
ÃÏÎÓÔÁÎÔ ÐÒÉÏÒ ×ÉÌÌ ÂÅ ÕÓÅÄȟ ÅØÃÅÐÔ ÆÏÒ ȰÓÃÁÌÅ 
ÐÁÒÁÍÅÔÅÒÓȱ ×ÈÉÃÈ ×ÉÌÌ ÒÅÃÅÉÖÅ *ÅÆÆÅÒÙȭÓ ÐÒÉÏÒȡ
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{ǘǳŘŜƴǘΩǎ ǘ-distribution
·! ȰÓÐÁÒÓÅ ÐÒÏÂÁÂÉÌÉÔÙ ÆÕÎÃÔÉÏÎȱ ÈÁÓ ÔÏ ÇÅÔ ÍÏÓÔ ÏÆ ÉÔÓ 

probability around the origin, and it also has to have 
ȰÆÁÔ ÔÁÉÌÓȱ ÔÏ ÁÃÃÏÕÎÔ ÆÏÒ ÔÈÅ ÎÏÎ-zero coefficients.

·4ÈÅ 3ÔÕÄÅÎÔȭÓ Ô-distribution, which arises when 
investigating the mean of a small number of Gaussian 
variables satisfies both these conditions, in addition to 
being very flexible ɀit is defined using 2 shape 
parameters.



{ǘǳŘŜƴǘΩǎ ǘ-distribution
·Definition and several graphs of the distribution :
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Several Unnormalized Student's t-distributions With l = 1
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{ǘǳŘŜƴǘΩǎ ǘ-distribution
·When comparing to the histogram of the coefficients  

a good match can be seen:
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Comparison Of The Student's t-distribution To Real World Data. (a = 0.55, l = 10-3)

 

 

Coefficient's Histogram

Student's t-distribution



Gibbs Sampling
·As mentioned, in the Bayesian approach all the prior 

distributions are known, and their relationships.

·)ÎÄÅÐÅÎÄÅÎÃÅ ÉÓ ÁÓÓÕÍÅÄ ɉÁ Ȱ×ÏÒËÉÎÇ ÁÓÓÕÍÐÔÉÏÎȱɊ ÏÆ 
all parameters to be estimated, unless otherwise 
implied:


