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Blind Source Separation 4%/

Cocktail-party problem'

PREXT

Mixing Separation

/I/I/I/I/M MWWM /I/I/I/I/M

We want to separate mixed signals into
original ones.




Demonstration 248
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From http://www.brain.kyutech.ac.jp/~shiro/research/blindsep.html




Formulation 249

Source signals:
o Speaker 1: s, 58, s TWWIWAWWVAA
o Speaker 2. sV, s8N NN

Mixed signals:

e Left ear: R I WWW\/WWV\M/\
e Rightear: %.2%,...,2® WM

(2)
(2)

x,gl) = mlls( ) + Mi28,

x§2)—m 3( )+m2



Formulation (cont.) 220

In matrix form:
XL, = MSZ'

N
1 $§2)
mi1r  Mi2 ( 3(1) )
M= ( mar m ) A W
21 22 S,

More generally
e I;,S; . d-dimensional vectors
e VI : d-dimensional matrix.



Problem 251

£X; :MSZ'

We want to estimate {S:};—; from {xi}i—; .
Approach: Estimate M , and use Its inverse
for obtaining {s:}i—; .

S, = ]\7_1:13,,;
In BSS, the followings may not be important:

e Permutation of separated signals
e Scaling of separated signals

_ —~—1
Therefore, we estimate M upto
permutation and scaling of rows.



Assumptions 252

{s;}~, are L.1.d. random variables with
mean zero and covariance identity:

1 « 1 <
5237;:0 ﬁ;sw;:[d

1=1

{s)19_ are mutually independent:
P(sM 5@ s @)y = p(sM)P(s?) ... p(sld)

{sY)}9_, are non-Gaussian.
M 1s Iinvertible.

BSS under source independence is called
Independent component analysis.



Example 293

Source signals Mixed signals
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v=(51)
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Data Sphering 254
Sphering (or pre-whitening):
;E,,;:C_%a:i C:%Zazja:;

Then
%Z‘:MS?; M:C_ﬁM

Now we want to estimate M from {Z;}_, |
and obtain {s;};—; by

—~ 1

s, = Wax, W =M



Example 295

Source signals Mixed signals Sphered signals
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Orthogonal Matrix 296

M is an orthogonal matrix since
é:lii-iT:I
nz:l 1% d
~ o~ (1< ~T ~ T
C=M/|- s | M =MM

Therefore, 5i =Wz



Non-Gaussian Is Independent®’

Now we want to find an ONB {w?)}¢_, such
that {s)}%_, are independent.

Central limit theorem: Sum of independent
variables tends to be Gaussian.

Conversely, non-Gaussian variables are
Independent.

We find non-Gaussian directions in {x;}.:—,



Example (cont.) 258

Non-Gaussian direction Is independent.




ICA by Projection Pursuit 2°°

Finding non-Gaussian directions can be
achieved by projection pursuit algorithms!
e Center and sphere the data.

e Find non-Gaussian directions by PP.

We may use an approximate Newton-
based PP method, which is called FastICA.
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Example 2 (cont.) 26l

Source Separated
: TA A AN, Original
I MM I signals are
Yo w0 we wo a0 we o we o w we s  recovered
1 LTI up to
A VVTVITL permutation

and scaling.




