
Audio Demixing and Blind Source Separation

Outline:
• Problem formulation
• Review the decorrelation approach from the signal processing class and

related research questions
• Discuss some possible alternative approaches
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Blind Source Separation (BSS)

Blind source separation class notes

Let sj(t) be the source signalsj = 1, ..., N

Let xi(t) by mixtures
∑

j aijsj(t) for i = 1, ...,M

Discretize signals by sampling att = k∆t, k = 0, 1, 2, ....

In matrix form
X = AS

whereA is anM ×N matrix.

Goal: GivenX , recoverS andA. Without further assumptions, this is a very
ill posed problem!
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http://math.uci.edu/icamp/courses/math77a/lecture/intro_bss.pdf


Blind Audio Demixing

If the sourcessj are audio signals, then the goal is to decompose mixtures of
these sounds into their component sources without knowing how they were
mixed.

We need further assumptions to make this problem tractable:
• Assume 2 sources and 2 mixtures
• Normalize the columns ofA
• Assume the sources are independent
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Decorrelation

Let V = det(A)A−1X = det(A)S Since

A−1 = 1
det(A)

[

a22 −a12

−a21 a11

]

,

v1 = a22x1 − a12x2 = det(A)s1

v2 = −a21x1 + a11x2 = det(A)s2

Independence of sources impliesv1 andv2 are independent, which also means
they are uncorrelated. We can use this to generate equationsfor the unknown
mixing coefficients in terms of the data.

E(v1(t), v2(t)) = 0

Also assume they are uncorrelated when one is shifted in timeby a small
amount.

E(v1(t), v2(t− n)) = 0

Approximate the expectations by averages. ie:E(v1, v2) ≈
v1v

T

2

# samples
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Generating Equations from 2nd Order Statistics

Plug the definitions ofvi into the expectation formulas to get

−a22a21C
11
n + a12a21C

21
n + a22a11C

12
n − a12a11C

22
n = 0

where

Cij
n = E(xi(t), xj(t− n))

is again approximated by an average.

If we choose just two equations, we can derive a formula for the unknown
mixing coefficients. See Blind source separation class notes
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http://math.uci.edu/icamp/courses/math77a/lecture/intro_bss.pdf


Using Many Equations

Choosing many equations (by using additional time shifts),we will probably
have no solution, but we can still seek a ’best’ solution in a least squares sense.

Minimize the function

F (a11, a12, a21, a22) =
∑

n∈S

(−a22a21C
11
n +a12a21C

21
n +a22a11C

12
n −a12a11C

22
n )2

subject to the normalization constraints

a211 + a221 = 1

a212 + a222 = 1

We will see how to solve this in the optimization tutorial. See also
Audio demixing lab notes
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http://math.uci.edu/icamp/courses/math77a/lab/ls_decorr.m


Further Research Questions

• Which equations should we use?
• How many equations should we use?
• How can we improve our model by definingF differently?
• How well does this work for real sound mixtures as opposed to the

synthetic instantaneous mixture being considered here?
• What strategies work better for more realistic data? For example,

mixtures may actually be combinations of the sources convolved with
unknown functions.

xi = ai1 ∗ s1 + ai2 ∗ s2

• Are there additional assumptions that help make the more complicated
mixing model tractable? One example is to make use of pauses in a
speech signal. See A Convex Speech Extraction Model...
by Meng Yu, Wenye Ma, Jack Xin, and Stanley Osher.
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ftp://ftp.math.ucla.edu/pub/camreport/cam10-32.pdf


Alternative Approaches

• Incorporating higher order statistics
Blind source separation class notes
4th Order BSS Class Notes

• Using additional assumptions about the sources (such as containing
pauses)

• Using time-frequency information (from short time Fouriertransforms)
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http://math.uci.edu/icamp/courses/math77a/lecture/intro_bss.pdf
http://math.uci.edu/icamp/courses/math77a/lecture_10f/Lec3.pdf


Spectrogram 1

Color indicates amplitude of short time DFT coefficients
s1
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Spectrogram 2

s2
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Spectrogram of Mixture

x1
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More Questions

• Can we use a linear model for the spectrogram data? ie: Is it possible to
estimate the mixing coefficients by decomposing the spectrogram of a
mixture into a combination of spectrograms of sources?
Some preexisting work along these lines attempts to use nonnegative
matrix factorization to decompose a spectrogram into 2 sources.
Non-negative Matrix Factor Deconvolution..., by Paris Smaragdis

and

NMF WITH TIME-FREQUENCY ACTIVATIONS..., by Romain
Hennequin, Roland Badeau and Bertrand David.

• How can we model additional redundancies that we see in the data.
Source spectrograms often seem nearly piecewise constant in time
allowing for small shifts in frequency.
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http://biblio.telecom-paristech.fr/cgi-bin/download.cgi?id=10090


Using Phase Information

There is some existing work on source separation by clustering using
time-frequency features. For example, given two mixtures,cluster based on
their amplitude ratio and phase difference.

A Convex Model and l1 Minimization for Musical Noise Reduction in Blind Source Separation
by Wenye Ma, Meng Yu, Jack Xin, and Stanley Osher

Time-Frequency Domain Clustering Class Notes
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ftp://ftp.math.ucla.edu/pub/camreport/cam10-80.pdf
http://math.uci.edu/icamp/courses/math77a/lecture_10f/BM_clustering.pdf


Additional References

A Time Domain Algorithm for Blind Separation of ConvolutiveSound Mixtures...,
Jie Liu, Jack Xin, Yingyong Qi, and Fan-Gang Zeng.

audio_data.zip
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http://www.math.uci.edu/~jxin/CMS-09.pdf
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