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Abstract

Wepresenta methodto separateanddeconvolvesources
whichhavebeenrecordedin real environments.Theuseof
noncausalFIR ®ltersallows us to deal with nonminimum
mixingsystems.Thelearningrulescanbederivedfromdif-
ferentviewpointssuchas informationmaximization,maxi-
mumlikelihoodandnegentropywhichresultin similar rules
for theweightupdate.We transformthe learningrule into
the frequencydomainwhere theconvolutionanddeconvo-
lution propertybecomesa multiplicationanddivisionoper-
ation. In particular, theFIR polynomialalgebratechniques
as usedby Lambertpresentan ef®cienttool to solvetrue
phaseinversesystemsallowinga simpleimplementationof
noncausal®lters.Thesigni®canceof themethodsis shown
bythesuccessfulseparationof twovoicesandseparatinga
voicethat hasbeenrecordedwith loud musicin the back-
ground.Therecognitionrateof anautomaticspeechrecog-
nition systemis increasedafter separatingthe speechsig-
nals.

1 Intr oduction

In blind sourceseparationtheproblemis to recoverinde-
pendentsourcesgivensensoroutputsin which thesources
havebeenmixedby anunknownchannel.Theproblemhas
becomeincreasinglyimportantin thesignalandspeechpro-
cessingareadueto their prospectiveapplicationin speech

recognition,telecommunicationsand medicalsignal pro-
cessing.

Theblindsourceseparationproblemhasbeenstudiedby
researchersin the ®eldof neuralnetworks [1, 2, 5, 9, 10,
16, 17] andstatisticalsignalprocessing[3, 7, 11, 15, 19].
Comon [7] de®nestheconceptof independentcomponent
analysis(ICA) whichmeasuresthedegreeof independence
amongoutputsusingcontrastfunctionsapproximatedbythe
Edgeworthexpansionof the Kullback-Leiblerdivergence.
Thehigherorderstatisticsis approximatedby cummulants
up to 4th order and requiresintensivecomputation. Re-
searchersin neuralcomputationhavedevelopedadaptive
learningalgorithmswhicharesimplerandbiologicallymore
plausible [1, 2, 5, 9, 10].

Recently, Bell andSejnowski [2] haveproposedan in-
formationtheoreticapproachto theblind sourceseparation
andblind deconvolutionproblem. This approachhasbeen
extendedto convolutionandtime-delaysin a feedbackar-
chitecture [6, 13, 18]. PearlmutterandParrahaverefor-
mulatedtheICA in amaximumlikelihood(ML) framework
[16] wheretheunderlyingdensityis estimatedin a context
sensitivemanner. Althoughresearchin blindsourcesepara-
tion hasbeencarriedoutfor severalyearsonly veryfew pa-
pershaveaddressedtheproblemwith realacousticsignals
recordedin reverberatingenvironments[19, 18, 13, 12].

In thispaper, wetackletheproblemof separatingsignals
recordedin realenvironments.Theinvertingsystemis ap-
proximatedby amatrixof ®niteimpulseresponse(FIR) ®l-
tersto deconvolveandunmixthemixingsystemwhichmay



haveanonminimumphasecharacter. Thelearningrulescan
bederivedfrom differentperspectivessuchasinformation
maximization,ML andnegentropywhich resultin similar
rulesfor the weight update. Anotherway of dealingwith
®ltersin a multichannelrepresentationis to transformthe
learningrulesinto thefrequencydomainwheretheconvo-
lutionanddeconvolutionpropertybecomesamultiplication
anddivisionoperation.In particular, theuseof FIR polyno-
mial techniques[11] presentanef®cienttool to solvetrue
phaseinversesystemsallowingasimpleimplementationof
noncausal®ltersolutions.Thesigni®canceof themethodsis
shownby thesuccessfulseparationof two voicesandsepa-
ratingavoicethathasbeenrecordedwith loudmusicin the
background.We alsoshowthat the recognitionrateof an
automaticspeechrecognitionsystemis increasedaftersep-
aratingthespeechsignals.

2 Architecture

In thelinearblind signalprocessingproblem[2, 3, 7],
�

signals,�������	��
 ��
�������������������������� , aretransmittedthrough
a mediumso that an arrayof

�

sensorspicks up a setof
signals����������
 ��
�������������� �!��������� , eachof which hasbeen
mixed,delayedand®lteredasfollows:
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(Here1!"

& areentriesin amatrixof delaysand6 "

& aretheM-
tap®ltercoef®cientsbetweenthethe 7 th sourceandthe 8 th
sensor.) Theproblemis to invert thisenvironmentalscram-
bling without knowledgeof it, thusrecoveringtheoriginal
signals,������� . Thetypeof architecturethatwechoosefor in-
vertingeq.1is important.An accuratearchitectureto invert
a M-tap ®lter is an in®nitiveimpulseresponse(IIR) ®lter
with M-taps.However, IIR ®ltersarelimited to polesinside
theunitcircleandtherefore,astableIIR ®lterexistsonly for
aminimumphasemixingsystem.FIR®ltersmaybeusedto
approximatetheinversesolution. Figure1 showsthemix-
ing andunmixingsystem.
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In this,we have®lters,<*"

& andthetime delaysareseenas
partof thedeconvolution®lters.Theoriginal uncorrupted
sourcesignals,�=" arereproducedby 9

" whenthelearnedsys-
tem >?�A@B� is the inverseof themixing systemCD�A@B� . The
designof >?�A@B� mustallow for noncausalextensionsince
theinverseof a nonminimum-phasesystemis noncausal.
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Figure 1. (a) The feedforwar d mixing / con-
volving system A(z) and the inver ting system
W(z) whic h is used to separate and decon-
volve the signals x. Each box represents a
®lter. (b) Entropy maximization at the out-
put of the nonlinear neural processor . The
nonlinearity E��

9

� can be ®xed or can have a
parametric form.

3 Algorithm

Recently, severalalgorithmshavebeenproposedfor the
blind separationof linearmixtures.Bell andSejnowski [2]
haveproposeda simpleinfomaxneuralnetworkalgorithm
wherethey maximizethe joint entropy FG��HI� of an obser-
vation � that hasbeenlinearly transformedandprocessed
througha nonlinearity HJ�?E��AK0� with K��?>J� . Pearl-
mutterandParra[16] derivea similar learningrule from a
ML densityestimationusingtheKullback-Leiblerdistance
measure.

1L� MON5P M����RQRMI���O�BS TVU

MI���O�

PMI���XW�<Y�VZ

�

�[FG� MI���O���0/GQ\MI���O�BS TVU*P MO���XW�<Y� (3)

MI���O� is theprobabilitydensityfunction(pdf)of theobserva-
tion � and PMI���XW�<Y� is a parametricestimateof thedistribu-
tion of theindependentsources.GirolamiandFyfe [9] start
from thenegentropypoint of view andusea kurtosismea-
sureasprojectionpursuit.

�

� M ]^���[FG� M _$�I/2FG� M ]^� (4)

NegentropycanalsobelookedattheML perspectivewhere
we measurethe KL-distanceof a transformedvector K to
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normality. Sincetheobservation� is closeto theGaussian
distributionfor alinearmixingof independentvariablesdue
to the centrallimit theorem,the differencebetweenmaxi-
mizing thedistanceto theobservationor to a Gaussiandis-
tributiondoesnotmatterin practice.In [4] Cardososhows
thatinfomaxandML is equivalentbecausetherelationbe-
tweenthe KL-distanceandtheML differsby the constant
Entropy FG���O� which is notdependenton > .

�

� /DQRMI���O�BS TVU

MI���O�

PMO���XW�<Y�VZ

� /4FG� M�� � (5)

In bothapproachestheoutputentropyFG��HI� of aneuralpro-
cessoris maximizedwhich impliesapproximatingtheout-
putdensityin thesenseof minimumKL-distance,by auni-
formdensity. Thiscorrespondstoproducingawhitenedsig-
nal with a ¯at amplitudespectrumat theoutputof theneu-
ral processorandat thesametimemakingtheinputsignals
prior to thetransferfunction E��

9

� independentwhile shap-
ing themaccordingto the derivative �^E��

9

�����

9 with K �

>J� being the estimateof the independentsources.This
maybeviewedasmaximumentropyestimationof theinput
densitiesunderthe parameterizationof PM������XW�<Y� . We can
relate � to thenonlineartransferfunction �
	�� 
����

��
��

thatgives
usthepdf estimatePM������XW�<Y� :

���������

���O�

�

�

�������

>

���

�

"

'




�^E��

9

" �

�

9

"

�JP M������XW�<Y� (6)

where
�

���O� is theJacobian.Thelogarithmicrepresentation
is:

S TVU���P M������XW�<Y��� � S TVU
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Evaluatingtheexpectedvaluefor eq.7givestheoutputen-
tropywhichcanbemaximizedwith respectto > .

��FG��HI�
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Consideringtheparameter> , abetterwaytomaximizeen-
tropy in thefeedforwardandfeedbacksystemis not to fol-
low theentropygradient,asin [2], butto follow its `natural'
gradient,asreportedby Amari etal [1]:
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This is anoptimalrescalingof theentropygradient.It sim-
pli®esthe learningrule andspeedsconvergenceconsider-
ably. The form of the nonlinearity E��

9

� playsanessential

rolein thesuccessof thealgorithm.Theidealform for E��

9

�

is thecumulativedensityfunction(cdf)of thedistributionof
theindependentsources.E��
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9 . Thisleavesus
somedegreeof freedomin choosingadifferentiablenonlin-
earfunctionthat®tstheunknowntruedistributionof ��" . If
wechooseE��

9

� tobeasigmoidfunctionthelearningrulere-
ducesto thealgorithmproposedin [2] andthealgorithmis
limited to theseparationof super-Gaussiansources.A more
accurate,but computationalburdensomeway is to usethe
contextualICA [16] wherethepdf is modeledin aparamet-
ric form andtaking into accountthe temporalinformation.
PearlmutterandParrachooseto make M�" a weightedsum
of logisticdensityfunctionswith variablemeansandscales,
andmakethesemeanslinearfunctionsof therecenthistory
of source8 asshownin ®gure1(b).
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where

5

"

+ arethemixing parametersand 6

"

+ arethescal-
ing parameters.�^E����

9

� E���1;/GE5� denotesthederivative
of thelogistic densityfunction. Thecomponentmeans9

9

"

+

arelinearfunctionsof therecenttimesamplesof thesource.
Thelearningrulesfor thesetof parametersto parameterize
thedensityis givenby thegradientascentof theentropy.
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This allows the separationof sub/super-Gaussianand to
someextentGaussiandistributions.In [14] wediscusssev-
eralalternativesfor theestimationof theunderlyingdensity.

An elegantway of generalizingthe learning rule to
sub/super-Gaussiansis to approximatetheestimatedpdf in
form of theEdgeworthapproximationup to 4thorder. This
leadsto asimplesubstitutionasshownin [9].
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For superGaussiansthekurtosis 3JC is positiveandthe re-
sulting term

�FEDGIH

�AK0� K0� in eq.12correspondsto an anti-
Hebbianrulewhereasfor anegativekurtosisthesourcesare
subGaussianandthetermbecomesa Hebbianterm.

It is interestingto notethatthedirectBussgangproperty
for blind deconvolutionaswell asthe EASI algorithmby
Cardoso[3] leadto a similar learningrule.
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4 FIR Polynomial Filter Design

Theuseof IIR ®ltersis restrictedto ARMA (autoregres-
sivemovingaverage)systemswith minimumphase.Since
wecannotobtainthisprior knowledgeaboutrealrecordings
wehaveto assumeanonminimumphasesystemwhichmay
havea noncausal®ltersysteminverse.Forexample,anon-
minimumphasesystemwill occurwhenamicrophonepicks
up an echothat is strongerthanthe direct signal. The in-
creasein negativephaseis directly relatedto the amount
of temporaldelayof a narrowbandcomponentat that fre-
quency. Hence,theminimumphaselagpropertyor themin-
imumgroupdelaypropertyof anonminimum-phasesystem
is notguaranteed.However, anynonminimumor truephase
systemcan be expressedas FG�A@B� � F�� "

�

�A@B� F���� �A@B�

where F�� "

�

�A@B� is a minimum phasesystemand F���� �A@B�

is an all-passsystem. F�� "

�

�A@B� hasall its polesand ze-
rosinsidetheunit circle and F���� �A@B� representsa time de-
lay with a unit frequencymagnituderesponse.Therefore,

F���� �A@B� preservesthe amplitudefrequencyspectrumand
delaysFG�A@B� by re¯ectingthezerosoutsidetheunit circleto
theirconjugatereciprocallocationinsidetheunit circle. By
time delayingtheinvertingsystemup to

�

�	� taps,
�

be-
ing thesizeof theinverting®lter, weintroducea

�

�	� order
F���� �A@B� whichis atechniqueto realizeanoncausalsystem.

To implementsucha system,the mixing andunmixing
systemin ®gure1 canbewritten in the frequencydomain
representationwherethe elementsof the matricesare®l-
tersandthemultiplicationoperationreplacestheconvolu-
tion property. Lambert[11] hasshownthatFIR polynomial
matrix algebracanbeusedasanef®cienttool to elegantly
solveproblemsfor themultichannelsourceseparation.The
basicideaof usingtheFIR polynomialmatrix algebrais to
extendthealgebraof scalarmatricesto thealgebraof matri-
cesof ®lters(time-domain)or polynomials(freq. domain).
Themethodsfor computingfunctionsof anFIR ®lter, such
asaninverse,involve theformationof a circulantdatama-
trix. Due to this naturewe moveto the frequencydomain
representationwhereeigencolumnsof the circulantmatrix
arethediscreteFourierbasisfunctionsof the 
�
�� of corre-
spondinglength.The®ltersnowbecomepolynomialsof the
Laurentseriesextension(z-transform)andtheconvolution
/ deconvolutionof ®ltersis reducedto multiplication/ divi-
sionof polynomials.Forexample,theinverseof a®lter

:

�����

is suchacomputationandcanbeformulatedasfollows:

:
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The prependingof postpendingof zerosis neededto pro-
duceagoodestimateof thedouble-sidedLaurentseriesex-
pansionto allow for noncausalexpansionsof nonminimum

phaseroots. The circular reorderingin the time domain
shiftsthezerothlag to thecenterof the®lter. Thecomplete
proofis givenin [11]. Thelearningrulefor thetwo sources
/ two sensorsproblemcanbereformulatedfrom eq.9asfol-
lows:
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NotethattheneuralprocessorP
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still operatesin
thetimedomainandtheFFT is appliedat theoutput. * de-
notesthecomplexconjugateform. Eq.15is of theform of
theleastmeansquared(LMS) adaptive®lters.A fastimple-
mentationof theLMS adaptive®ltersin the frequencydo-
maincanbearchievedby employingtheoverlapandsave
blockLMS technique[8].
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For a blocksizeof 1024FFT-pointsthemethodis 16 times
fasterthantheconventionalLMS method [8].

5 Experimentswith RealRecordings

We haveconductedseveralexperimentsin a normalof-
®ceroom(3m x 4m) anda conferenceroom(8m x 5.5m).
Thepositionof thetwo distanttalkingmicrophonesandthe
locationof the sourceshavebeenvaried for eachexperi-
ment. In the®rstsetof experimentswe haverecordedone
speakersayingthedigits from oneto tenwhile loud music
wasplaying in thebackground.In this experimentalsetup
thesourcesandsensorswereplacedin a rectangular(60cm
x 40cm)orderwith 60cmdistancebetweenthesourcesand
the sensors.Figure2 (a) and(b) showsthe recordedsig-
nalswherethespeechsignalhasbeenheavilycorruptedby
themusicsource.Thealgorithmconvergedafter30epochs
througha7sec.recordingwith 16kHz(120000points).The
unmixedsignalshavebeenobtainedusing1024tapsFIR®l-
terswhichcoveradelayof 32mscorrespondingto10m.The
separatedsignalsareshownin ®gure2 (c) and(d) A listen-
ing testshowsa cleanspeechseparation.The learned®l-
tersareshownin ®gure3. In each®lter, the leadingtap is
followed by a strongnegativetap which indicatesthat the
infomaxalgorithmtriesto decorrelateadjacenttimepoints.
Thiswhiteningeffect increasestheenergy in thehigherfre-
quencyspectrumandreducesthe energy of the lower fre-
quencyband.Speechsignalssoundsharperthantheirorig-
inal. Thiseffect canbecompensatedby postprocessingthe

4



Figure 2. Microphone recor dings of two
speaker s in a normal of®ce room (a) Micro-
phone 1 (b) Microphone 2. The separated
signals are (c) speech and (d) music.

unmixedsignalswith a dewhitening®lter. Anothersetof
experimentshavebeenperformedwith two speakersspeak-
ing simultaneously. Figure4 (a) and(b) showthe signals
recordedwith thesamesetupbutwith anotherspeakersay-
ing the digits oneto ten in Spanish(uno dos ����� diez) in-
steadof themusicsource.Theseparatedsignalsareshown
in ®gure4 (c) and (d). A listening test showsan almost
cleanspeechseparation.Theseaudio-®lesareavailablein
http://www.cnl.salk.edu/� tewon/blind.html. A prospective
applicationis givenin spontaneousspeechrecognitiontasks
wherethebestrecognizermay fail completelyin thepres-
enceof backgroundmusicor competingspeakersasin the
teleconferencingproblem.Wehaveusedaautomaticspeech
recognitionsystemtrainedontheWall StreetJournaltaskto
testits performanceon therecordedandseparatedsignals.
Therecognitionratesarelisted in table1. The resultscan

Table 1. Speech recognition results
Recog.rate No. of words mixtures separation

Speech-Music 100 14% 64%
Speech-Speech 100 42% 61%

TOTAL 200 28% 62.5%

befurtherimprovedbypostprocessingtheseparatedsignals,
e.g.,zeroingout thenoisypartwith a low signalpowerde-
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Figure 3. Unmixing and decon volving FIR
1024-tap ®lters. Leading weights of the chan-
nel ®lters
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tectorandby usingaspeechrecognizertrainedondigits.

6 Conclusions

We havepresentedamethodto separateanddeconvolve
sourceswhich havebeenrecordedin real environments.
Theuseof noncausalFIR ®ltersallowsusto dealwith non-
minimum mixing systems.The learningrulescanbe de-
rived from differentperspectivesandsuchas information
maximization,maximumlikelihood andnegentropywhich
resultin similar rulesfor theweightupdate.We transform
thelearningrulesinto thefrequencydomainwherethecon-
volutionanddeconvolutionpropertybecomesamultiplica-
tion and division operation. In particular, the useof FIR
polynomialalgebratechniquespresentan ef®cienttool to
solvetruephaseinversesystemsallowing a simpleimple-
mentationof noncausal®ltersolutions.Thesigni®canceof
the methodsis shownby the successfulseparationof two
voicesandseparatinga voice that hasbeenrecordedwith
loud musicin the background.The recognitionrateof an
automaticspeechrecognitionsystemis increasedaftersep-
aratingthespeechsignals.
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