DEMIXING OF LINEAR MIXTURES OF UNIMODAL SUPERGAUSSIAN

SIGNALS BASED ON GEOMETRIC PROPERTIES

B.Prieto, C.G.Puntonet , P. Martí n - Smit h, A.Priet o

Depart ament o de Arqui tectura yTecnología de Computadores

E.T.S. Ingeniería Informática. Universi dad de Granada, E - 18071,Granada, Spain apriet o@ugr.es

Thi s paper present s how it woul d be possibl e to separate li near mi xt ures of stati stical lyi ndependent si gnal s with unimodal supergaussian probabil itydistribut ions, wit h a simpl e neural net work. This procedure is b ased on geometric properties, and we wil l show that t he distribution maxima of the mixed densitydi stri but ion belongto s traight lines, whose direct ion vect ors, t aken as col umns of a matri xcomprise a demixing mat rix. The result s obt ained wit h synt het ic mi xtures of real speech signals are shown.

I. INTRODUCTION

We assume that the observations, e (t ) = [e

1

(t ),...,e p

(t )] ´ , are generated as a linear mixture A =(a ij

) ( a ij

Î Â ) of p sources,

s (t )=[s

1

(t ),...,s

p

(t )] ´ , such that:

) ( ) ( t t s e A = (1)

The goal i s to estimat e a matrix W

- 1 such t hat:

DP A W DP = = - 1 ; ) ( ) ( t t s y (2)

where P i s a permut ation matrix and D i s a di agonal matri x.

We wi ll consi der sources with a unimodal and supergaussian

probabi lit ydensityfunct ion. These dist ributions are of

con siderable int erest in engineeri ng and sci ence because

manyrandom variables are discri bed bythis model. Among

these are the bil ateral gamma, double exponent ial (or

Lapl ace) and beta (wi th a = b >1 ) densi tyfunct ions; for

example, i n [10] it i s shown that a g ood approximat ion to

measure t he speech ampli tude densi tyis a bi lateral gamma

of t he form:

¥ < £ ¥ - ×

÷

÷

ø ö

ç ç

è æ

- × × ×

=

÷

÷

ø ö

ç ç

è æ - ×

-

s e

s s f s

s m

m s p

2

3

2 / 1

8

3

) ( (3)

where s 2 i s t he variance and m t he mean. A simpler

approxi mation of the Laplacian densit yis frequentlyused:

s m

s

-

× -

× = s

e s f

2

2

1

) ( (4)

We cons ider a discret ised ti me: t= nT

s

, with n=1,2,...,N,

and T

s the sampli ng peri od. We suppose a memoril ess

model, such that at everyti me instant, n, the s ources

generate a vect or or poi nt in the source space , s (n), and at

the s ame ti me in stant a vector or point e (t ) i s produced in

the mi xing (observation) space and det ected byt he

sensors.

We have s een with si gnal s wit h a supergaussi an

probabi lit ydensi tyfunction, the frequencyof the points

located in t he mi xing space al ong straight lin es

( dist ribution axes ), i n which di rector vectors taken as

columns could define a demixing mat rix W . Consideri ng

this i dea, i n previous papers [6, 7], we proposed an

adaptive algori thm for p=2 sources based on the

considerati on of t aki ng t he cent re of the mixi ng

dist ribution as i ts ori gin and then dividing t he space ( e

1

,

e

2

) into sectors (clusters). The algorit hm counts t he

incidence frequencyof t he observati on vectors in each

cluster, and identi fies t he clusters cont aining the relati ve

frequencymaxima as di rections of the dist ributi on axes.

Thi s paper addresses the foll owing questions:

· Consideri nganal ytic geometry, t he procedure principle

is formalised. In particular, we show t hat, for signals

wi th a unimodal supergaussi an probabi lit ydensi ty

function, the maxi ma of the dist ributi on densit y

obtained i n the mi xingspace are alongaxis,from which

a demixi ng matri x W can be defi ned, byusing a vector

from each axis as column of that mat rix.

· A simple neural network i s proposed t o implement the

above concep t, and can be used for two or more

sources. The network weights are taken as element s of

the demi xi ngmatri x and are changed adapti vel yand in

an unsupervi sed wayfoll owing one of t he easiest rules

of competit ive l earning, but wit hout usi ng different

573

phas es of learning and recall . This procedure is more

effi cient than the previous one [6, 7], because it can be

used for more than 2 signals, it is more precise, and it s

convergence i s fast er.

· The si mulation result s show, wi th synt hetic mi xt ures of

real spee ch signals, that t he proces s achi eves an adequate

demixing matrix.

· It al so noteworthythat compared t o previ ous geometri c

procedures [5, 8, 9], t he hypothesi s of bounded sources i s

not necessary.

II. THEORETICAL CONSIDERATIONS

Geometric source separat i on methods are based on

considerati ons about spaci al di stri but ion of points in the

source and mixi ng spaces. Thus, we have observed [5, 8, 9]

that if t he sources have a uni form bounded probabili ty

densityfunct ion, t he whole of the source space poi nt s for m a

rectangle if p=2 , a rectangular paral lelepiped if p=3,

otherwi se a rectangul ar hyperparallel epi ped. The poi nts

belonging to thi s rectangle are mapped into a paral lelepiped

(or an hyperparal lelepiped i n general ) of the mi xing space. It

is easyt o prove that a vertex of the hyperparallel epi ped of

the source s pace i s mapped on a vertex of the mi xing space,

edges map on edges, the centre on the centre, et c.

We have also shown in previous papers [5, 9] that the mat rix

W =(w

ij

) , obtai ned from p vectors (consi dered as columns)

located at the p edges that are incident upon on anyone of

the vert ices of t he mixed hyperparal lelepiped is a demixing

matrix.

Thi s lat ter propert ycan be used efficientl yto demixbounded

signals wi th a subgaussian probabil itydensi t yfunct ion,

otherwi se it is impossible t o obt ain a point on an edge (that is, the probabi lit yof obt aining these signals i s, i n fact,

veryl ow). In t he case of speech signals the point

dist ribution i n the source and mixi ng spaces presents t he

pattern shown i n Fi gure 1 (if p=2 ) and t he poi nt density

at the edges i s seen to be verylow.

When there i sa signal,s

i

,wit hadi stri buti onfunctiont hat

is uni modal (t hat is, whose probabili tyfnct ion onlyhas a

local maximum) and symmetrical , the mean ( m

i

) the

med ian and t he mode coi nci de [11] and thus t he

maximum dist ributi on of poi nts is obtained for s

i

= m

i

,

which, in the source space corresponds to an axi s (for

p=2 ), to a pl ane (for p=3 ) or to a hyperplane (for any p ).

When p=2 , if t he two si gnals ( s

1

, s

2

) presen t a

dist ribution function of the above type, t he di stributi on

maxima are found at the st raight l ines s

1

= m

1 and s

2

= m

2

,

which are parall el to the axes s

1 and s

2

, respectively. The

greatest densityof poi nts i s obtained at the point

C=( m

1

, m

2

) , which we term t he dist ribution cent re.

The above st atement can be shown analytical ly.

Consider, for example, two si gnal s, ( s

1, m

1

, s

1

) and

( s

2

, m

2

, s

2

) , with a bilat eral gamma probabilit yfunct ion,

i.e. (3). The fol lowing i s then veri fied:

¥ < £ ¥ - ×

÷

÷

ø ö

ç ç

è æ

- × × ×

=

¥ < £ ¥ - ×

÷

÷

ø ö

ç ç

è æ

- × × ×

=

÷

÷

ø ö

ç ç

è æ -

× -

÷

÷

ø ö

ç ç

è æ -

× -

2

2

3 2 / 1

2 2 2

2

1

2

3 2 / 1

1 1 1

1

2

2 2

1

1 1

8

3

) (

8

3

) (

s e

s s f s e

s s f

s s

s m s m

m s p m s p (5)

If the two signals are stati stical lyindependent, the joi nt

probabi lit ydensit yat anypoint i n t he source space is

given bythe product of the margi nal prbabili tydensit ies,

i.e.:

÷

÷

ø ö

ç ç

è æ -

+

-

-

×

- × - × × × ×

= × = 2

2 2

1

1 1

2

3

2 2 1 1 2 1

2 1 2 1

8

3

) ( ) ( ) , ( s m

s m

m m s s p s s

e

s s s f s f s s f (6)

It can be seen from (6) that t he maxi mum probabil ity

densityi s produced when the exponent is zero and/or t he

denominator i s minimum; that is, when:

2 2 1 1 m m = = s and s (7)

Express ion (7) impl ies t hat the maxi mum is produced at

point C=( m

1

, m

2

) , for anyval ue of s

2

, when s

1

= m

1

, and for

any value of s

1 when s

2

= m

2

. Thus, the contri but ion to t he

maxima densi ties are as follows:

(a) (b)

Figure 1 . Source space (a) and mixing space (b) of two speech signals.

p p s

s

s m

m

m

= ®

= ®

= ® s of on Contributi

..........

..........

..........

..........

..........

s of on Contributi

s of on Contributi p

2 2 2

1 1 1

(8)

The equati ons in (8) repres ent hyperpl anes (axes parallel to the axes s

1

, s

2

when p=2 ).

Figures 2a and 2b show the joint probabili tyd ensityfor gamma bil ateral and laplacian functi ons, in the plane ( s

1

,s

2

) .

It can cl earlybe seen that, from t he di stri but ion cent re the

direct ions wi th the highest poi nt frequencyare s

1

= m

1

and s

2

= m

2 .

It shoul d be noted t hat in t he case of gaussian si gnal s , the j oint probabil itydensit ywould be:

( ) ( )

÷

÷

÷ ø

ö ç

ç

ç è

æ -

+

-

-

×

× × ×

= × =

2

2

2

2 2

2

1

2

1 1

2 2

2 1

2 1 2 1 2

1

) ( ) ( ) , (

s

m s

m s s p

s s e s f s f s s f (9)

The points of equal dens ity, i .e. f(s

1

,s

2

)= f(s

1

)· f

2

(s

2

)= k

(constant), are as fol lows:

( ) ( ) k

s s

=

-

+

-

2

2

2

2 2

2

1

2

1 1

2 2 s

m s

m

(10)

In ot her words, the points of equal densit yare di stri but ed i n ell ipses (circumferences when m

1

= m

2

and s

1

= s

2

) wit h the centre i n C and semiaxes in k2

1

s and k2

2

s .

Therefore, there do not exist anysuit abl e di stributi on axes wi th whi ch the direct ions of maxi mum point frequencyco uld be det ermined from the cent ral point.

Our goal is t o obtain t he axes of the mixing space where the dist ribution maxima are produced. It i s well known

[4] that if x

1

and x

2

are st atist icall yindependent standard gamma random variables, and k

1

and k

2

ar e constants, t he random variabl e:

y=k

1

· x

1

+ k

2

· x

2

(11) also has a gamma distri buct ion function. This property can be appli ed t o each of the mixtures e j

, as t heyare described byexpression (11). We thus could obtain, in a similar wayto t hat used for t he source space, t he poi nt s wi th a maximum joint probabili tydensity, as a functi on of t he mixing matrix coefficients , a ij

. These point s can be obtained more easil ybyusing analyti c geomet ry. Then the set of points i n the mixi ng s pace present ing greatest frequencywil l corres pond to t he images of t he poi nts i n the source space with the greatest frequency. These points correspond to t he inters ect ions of t he hyperpl anes defined i n (8). Thus, when p=2 , the axis s

1

= m

1

is mapped on the followi ng poi nt s of the mixi ng space:

2 22 1 21 2

2 12 1 11 1 s a a e

s a a e

× + × =

× + × = m

m

(12) which correspond t o the fol lowi ng axi s:

Figure 2. Joint pr obabili ty densit y for two signals: (a)

Bilateral gamma, (b) Laplacian, (c) Gaussi an.

(a)

(b )

( c )

22

1 21 2

12

1 11 1 a

a e a

a e m m × -

=

× -

(13)

Simil arly, when p=2 , t he ot her axis of maxi mum densi ties

( s

2

= m

2

) is mapped ont o the fol lowing axi s:

21

2 22 2

11

2 12 1 a

a e a

a e m m × -

=

× -

(1 4)

When there exist more than 2 signals, the point s of maximum densi tyare obtai ned from the axes at the intersection of the hyperplanes defined by(8). For p=3 , these axes are at the intersecti on of t he planes( s

1

= m

1

,s

2

= m

2

),

( s

1

= m

1

, s

3

= m

3

) and ( s

2

= m

2

, s

3

= m

3

), etc. In general, taking point C= ( m

1

, m

2

,..., m p

) as t he origin of the coordinates, the intersections are mapped onto axes within t he mixing space as i n the fol lowi ng equati ons:

pp

p p p

p

p

p

p a

e a

e a

e

a

e a

e a

e

a

e a

e a

e

= = =

= = =

= = =

......

.....

..........

..........

..........

......

......

2

2

1

1

2 22

2

12

1

1 21

2

11

1

(15)

From expression (15) we deduce t hat anyset of the vectors of t he foll owing form:

( )

( )

( ) pp p p p p p p

p

p a k a k a k

a k a k a k

a k a k a k

,......., ,

........

..........

..........

..........

..........

,......., ,

,......., ,

2 1 1

2 2 22 2 12 2 2

1 1 21 1 11 1 1

=

=

= w

w

w

(16)

(where k i

i s an arbitraryconstant) can be t aken as a column in a demixing matrix W , because t his mat rix will always be relat ed to A as in (2). In ot her words, it is equal to A except for one permutation and one scal e fact or per column.

It is t hus shown that the problem of the bli nd separat ion of sources wi th supergaussian probabilit ydensitybecomes j ust that of determining an arbi traryset of vectors contained wi thin t he dis tribut ion axes.

In order to obtain the vectors withi n the dist ributi on axes more easi ly, anytype of preprocessi ng can be performed, providing the directi ons remain unal tered. Specifical ly, we can transl ate the axis coordi nates t o the central dist ributio n point C. Note, too, t hat the sources are not necessaril ycentred at their means.

III NEURAL NETWORK TO OBTAIN THE

DISTRIBUTION AXES

The previous secti on showed that, in order to separate signals usi ng t he proposed procedure, it is necessaryt o design algorit hms to identifythe direct ions where the local distribution maxi ma (modes) are to be found.

When a mi xingvector i s sampled, t he coordinates are transl ated to t he di stri but ion cent re and normali zed. The algorit hm must locate t he di rections where t h ere occur

2 × p maxima in the product ion frequencyof the preprocessed vect ors , e n

(t ), taki ng i nto account the fact that the l atter are pairwise symmetri cal.

To i mplement the corresponding al gorithm, we use an unsupervi sed neural net wi th competit ive learn ing. This net cont ains 2 × p neurones, u j

wit h w j

pairwi se symmet rical weight vectors. Init iall y, the weight vectors are uniformlydi stributed wit hi n the p - dimensional space.

Two vari ant s of t hi s procedure are used for network learni ng. The si mplest one is to calcul ate the proximi ty d j

(t ) from each i nput vect or e n

(t ) t o the various wei ghts w j

( j= 1,...,2· p ) ofthenetworkandthent ouset hefoll owing rule to adapt t he wei ght s of t he wi nning neurone, u w

:

)) ( ) ( ( ) ( ) ( ) 1 ( n n sign n n n w n w w

w e w w - × + = + h (17) where:

(1) The proxi mit y, d j

(t ) ( 1 1 £ £ - j d ), from the input vector, e n

(t ) t o the di fferent neurones, w j

, is calculated bythe scal ar product , as bot h the mi xi ng vect ors and the weights are normali zed.

(2) Onlythe wei ghts of the wi nni ng neurone , u w

, are updat ed, as t hi s i s the one that produces the great est scalar product .

(3) Because we wish to l ocat e t he points where the dist ribution densit yi s maximum, the weights are modifi ed, not accordi ng to t he differences bet ween the vectors e n

(t ) - w w

, but according t o their sign. Th is is because the s pat ial dis tributi on i s asymmet ric, i.e.

the mode does not coincide with t he mean. The use of the difference would create t he undesirabl e effect of the more di stant mi xing vect ors having a greater infl uence on weight adaptation t han the c loser ones, and thus the weight vectors woul d t end towards t he mean rather than towards the local mode.

(4) A frequency, f j

, is assi gned to count t he number of ti mes e ach neurone, u j

, has won. The adapt ation gain is modifi ed accordi ngto t he foll owing expressi on:

otherwise n

n if e n

L

L

n f w h h

h h h t

= +

< + × = +

-

) 1 (

) 1 ( 1 . 0 ) 1 ( 1

) (

(18)

In order to prevent the network from becoming stuck in a metast able stat e, t he learning paramet er, h (n), i s maint ai ned at a low value, h

L

.

The other variant is more compl ex, but provides bett er result s for p>2 . The d ifferences are as foll ows:

· The winning vect or is onlyupdated if its proximityfrom the input vect or, d w

, is greater t han a gi ven value d c

, expressed by:

otherwise d n d

d n d if e n d

L c

L c

n c

= +

< +

÷

÷

÷ ø

ö ç

ç

ç è

æ

× - = +

-

) 1 (

) 1 ( 2 1 ) 1 ( 2

t

(19) where, to ensure t hat the adaptat ion does not stop, thi s proxim it yis li mit ed to the val ue d

L

. The use of this crit erion i s of great value for locating t he local maxi ma, as the neurones are onlyinfluenced bythe inputs that li e wi thin a hypersphere the cent re of whi ch is in the neurone and which has an exponenti ally decreasing radi us, 1 - d c .

· The weight update i s carri ed out in t he us ual way[ 2], t hat is, using t he difference e n

(t ) - w w

, and not the sign function:

( )

) ( ) ( ) ( ) ( ) 1 ( n n n n n

d d iff w w w

c w w e w w - × + = +

> h

(20)

Some preli minaryresul ts are given i n the fol lowing sect ion.

IV. EXP ERIM ENTAL RESULTS WITH SPEECH

SIGNALS

We have t ested the algorit hms des cribed in Sect ion III wi th different mixtures of real speech and bil ateral gamma signals. Tabl e 1 ill ust rates some prel iminary experiments, including t he number of signals mixed, t he t ype of s ources, t he mixingmatrices used, and t he crit eria used t o adapt the parameters of the neural net works.

Some of t hese matri ces were randoml ychos en by

Ci chocki [CIC99] and byHyvärinen [HYV98]. To measure the qualit yof the separation, t he mean of the absolute error, ea, between t he el ements of t he original mixi ng matrix (normalized) and the demixing matrix

(sort ed and normalized), that is:

2

1 1 p

w a e

p i

p j

ij ij a

å å

= =

-

= (21)

Table 1

EX PE

RIM ENT

#

p SOURCES MI XINGM ATRI X ADAPTATI ON

PARAM ETERS

1 2 Speec h ÷ ÷ ø

ö ç ç è

æ

- -

-

1 4 . 0

1 . 0 3 . 0 t

1 =1000 g

L =0.0001

2 2 Speech ÷ ÷ ø

ö ç ç è

æ -

9 . 0 77 . 0

88 . 0 8 . 0 t

1 =1000 g

L =0.0001

3 3 Speech

÷

÷

÷ ø

ö ç

ç

ç è

æ

- -

- -

64 . 0 52 . 0 21 . 0

96 . 0 78 . 0 54 . 0

09 . 0 03 . 0 90 . 0 t

1 =1000 g

L =0.00001

4 4 Bilater al

Gamma

÷ ÷

÷

÷

÷ ø

ö ç ç

ç

ç

ç è

æ

- -

- -

- - - -

- - -

74 . 0 11 . 0 63 . 0 33 . 0

37 . 0 48 . 0 26 . 0 03 . 0

85 . 0 62 . 0 42 . 0 71 . 2

39 . 0 06 . 0 82 . 0 28 . 0 t

1 =1000 t

2 =5000 g

L =0.001 d L =0.998

Figures 3 - 6 show t he straight li nes obt ained after adjusti ng the absol ut e errors bythe squared minima criet eria, and als o t he i ntervals for which a confidence rate of 50%. These figures cl earlyshow that in everycase the networkweights converge towards a mi xi ngmatrix that is valid t o perform the separati on.

Of course, the great er the number of sources, t he slower this convergence will be.

V. CONCLUSIONS

Thi s paper shows that, from concepts of anal ytic geometry, for sources wit h a unimodal supergaussian probabili ty den sit yfuncti on, the maxima of t he vector di stri buti on densiti es obt ained in the mixing space are dist ributed al ong straight li nes (dist ribution axes) which can be used t o define a demi xi ngmatri x W .

A simple unsupervised neural net work i s also proposed: t hi s network adapti velyl ocat es the di stri buti on axes such that the wei ght s of each neurone, taken as the columns of a matri x, define a demixing mat rix. The network adapt s i ts weights by adopt ing a competi tive model .

Finallywe provide prel iminaryresults th at demonst rate how the procedure produces a convergence t owards opti mal soluti ons.

VI. REFERENCES

[1] A. Cichocki ,R.Thawonmas, "On - li ne algorithmfor blind signal extract ionofarbi trarilydistr ibut ed,but temporall y corr el ated sources usi ng second order stat isti cs ." . Submi tted t o Neural Processi ng Lett ers,

1999.

[2] S. Hayki n, "Neural networks" . Prent ice Hall, 1999.

[3] A. Hyväri nen, E. Oja, "Independent component anal ysisbygener al nonlinearHebbi an - li kelearning rules" . Signal Processi ng, vol. 64 , pp. 301 - 313,

1998.

[4] N.L.Johnson, S.K ot z, N.Balakri shan, ^Continuous univariate di stribucti ons" , Vol.1, 2 nd Edt. John

Wiley& Sons, 1994.

[5] A. Pri eto, C. G. Punt onet, B. Priet o; "A Neural

Lear ni ng Algorit hm f or blind separation of sources based on ge ometri c propert ies". Signal Processing,

Vol.64, No. 3, pp. 315 - 331, 1998.

[6] A.Prieto, B.Prieto, C,G,Puntonet, A.Cañas,

P.Martí n - Smith, "Geometri c separation of linear mi xtures of sources: Applicat ion to speech signals", Internat ional workshop on Independe nt

Component Analysis and Bl ind Si gnal Separati on

(ICA’99) , pp. 295 - 300, Aussois, France, January

11 - 15, 1999.

[7] B. Priet o, "Nuevos al gori tmos para separación ciega de f uent es ut lizando métodos geomét ricos".

Tesis Doctoral, Departamento de Arquit ectura y

Tecnología de Computadores. Uni versidad de

Granada. October 1999.

[8] C.G.Puntonet, A. Pri eto, "An adaptive geomet rical procedure f or blind separation of s ources" , Neural

Processing Lett ers, Vol.2, No.5, pp.23 - 27, Sept .

1995.

[9] C.G.Puntonet, A. Priet o, "Neural net approach f or blind separat ion of sources based on geometric proper ties" , Neurocomputi ngVol . 18, No.1 - 3, pp.

141 - 164, Jan. 1998.

[10] L.R.Rabi ner,and R.W.Schafer,^ Di gi talProcessi ng

Signals~, Prentice - Hal l, 1978.

[11] A. Stuart, J. K. Ord , ^Kendal l´s advanced theory of stat isti cs ~, Vol. 1: Distri but ion theory. 6ª Edici ón.

Edward Arnol d, 1994.

Figure 5. Mean absolute err or variation in Experiment 3.

Figure 3. Mean absolute error variation in Experiment 1.

Figure 4. Mean absolute error variation in Experiment 2.

Figure 6. Mean absolute error variation in Experiment 4.