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Abstract

We presenta new techniquefor achiezing sourceseparatiorwhengiven
only asinglechannetecording.Themainideais basednexploiting the
inherenttime structureof soundsourcesy learninga priori setsof basis
filters in time domainthat encodethe sourcedn a statisticallyefficient
manner We derive a learningalgorithm usinga maximumlikelihood
approactygiventhe obsenedsinglechanneldataandsetsof basisfilters.
For eachtime point we infer the sourcesignalsand their contribution
factors. This inferenceis possibledue to the prior knowledge of the
basisfilters and the associatectoeficient densities. A flexible model
for densityestimationallows accuratemodelingof the obsenationand
our experimentalresultsexhibit a high level of separatiorperformance
for mixturesof two musicsignalsaswell asthe separatiorof two voice
signals.

1 Introduction

Extractingindividual soundsourcegrom anadditive mixture of differentsignalshasbeen
attractve to mary researcherin computationakuditory sceneanalysis(CASA) [1] and
independentomponentinalysi(ICA) [2]. In orderto formulatethe problem,we assume
thatthe obsenredsignaly® is anadditionof P independensourcesignals

yt = Mt + Aoz + ..+ Apah, (1)

wherez! is thet*? sampledvalueof theit" sourcesignal,and); is thegainof eachsource
which is fixed over time. Note that superscriptsndicatesampleindicesof time-varying
signalsand subscriptdndicatethe sourceidentification. The gain constantsare affected
by severalfactors,suchaspowers,locations,directionsandmary othercharacteristicof
the sourcegeneratoraswell assensitvities of the sensorslt is corvenientto assumeall
the sourcego have zeromeanandunit variance. The goalis to recover all £ givenonly
asinglesensoiinputy®. The problemis too ill-conditionedto be mathematicallyractable
sincethe numberof unknowvnsis PT + P givenonly T obsenations. Several earlier
attemptd3, 4, 5, 6] to this problemhave beenproposeasedn the presumedgroperties
of theindividual soundsn thefrequeng domain.

* This manuscripts a draft for the paperSP02at NIPS*2002.
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Figure 1. Generatre modelsfor the obsened mixture and original sourcesignals(A) A
singlechannelobsenationis generatedy a weightedsumof two sourcesignalswith dif-
ferentcharacteristics(B) Individual sourcesignalsaregeneratedy weighted(st, ) linear
superpositionsf basisfunctions(a;). (C) Examplef theactualcoeficientdistributions.
They generallyhave moresharpenedummitsandlongertails thana Gaussiarlistribution,
andwould be classifiedassuperGaussian.The distributionsare modeledby generalized
Gaussiardensity functionsin the form of p(sf,) « exp (—|s%,|?), which provide good
matchedo the non-Gaussiamlistributions by varying exponents. From left to right, the
exponentdecreasegndthedistribution becomesnoresuperGaussian.

ICA is a datadriven methodwhich relaxesthe strongcharacteristicafrequeng structure
assumptions.However, ICA algorithmsperform bestwhenthe numberof the obsened
signalsis greaterthanor equalto the numberof sourceq2]. Althoughsomerecentover-
completerepresentationsnay relax this assumptionthe problemof separatingsources
from a singlechannelobsenationremainsdifficult. ICA hasbeenshown to be highly ef-
fective in otheraspectsuchasencodingspeechsignals[7] and naturalsoundg[8]. The
basisfunctionsandthe coeficientslearnedby ICA constituteanefficientrepresentationf
thegiventime-orderedsequencesf asoundsourceby estimatinghemaximumlik elihood
densitiesthusreflectingthe statisticalstructuref the sources.

Themethodpresentedh thispaperaimsatexploiting thelCA basisfunctionsfor separating
mixed sourcesfrom a single channelobsenation. Setsof basisfunctionsare learneda
priori from a training datasetandthesesetsare usedto separatehe unknavn testsound
sources. The algorithm recoversthe original auditory streamsn a numberof gradient-
ascentadaptatiorstepsmaximizingthe log-likelihoodof the separatedignals,calculated
usingthe basisfunctionsandthe probability densityfunctions(pdf’s) of their coeficients
—the outputof the ICA basisfilters. The objectfunction not only makesuseof the ICA
basisfunctionsas a strongprior for the sourcecharacteristicsbut alsotheir associated
coeficient pdf’'s modeledby generalizedsaussiardistributions[9]. Experimentshaowing
the separatiorof the two differentsourcesvasquite successfuin the simulatedmixtures
of rock andjazzmusic,andmaleandfemalespeectsignals.

2 Generative Modelsfor Mixture and Source Signals

The algorithmfirst involvesthe learningof the time-domainbasisfunctionsof the sound
sourcesthat we areinterestedn separatingrom a given training database.This corre-
spondsgo the prior informationnecessaryo successfullyseparateéhe signals.We assume
two differenttypesof generatre modelsin the obsenedsinglechannemixture aswell as
in the original sources.Thefirst oneis depictedin Figure1-A. As describedn Equation



1, ateveryt € [1,T] the obseredinstanceis assumedo be a weightedsumof different
sourcesln our approachonly thecaseof P = 2 is regarded.This correspondso the situ-
ationdefinedin Sectionl in thattwo differentsignalsaremixedandobsenedin a single
sensor

For the individual sourcesignals,we adopta decomposition-basedpproachas another
generatie model. This approactwasemployedformerly in analyzingsoundsourceg?7, 8]
by expressinga fixed-lengthsegmentdravn from a time-varying signalasa linear super
positionof a numberof elementarypatterns calledbasisfunctions,with scalarmultiples
(Figure 1-B). Continuoussamplesof length N with N « T arechoppedout of a source,
fromt¢tot + N — 1, andthe subsequentegmentis denotecasan N-dimensionatolumn
vectorin a boldfaceletter, xt = [2¢ zi*! ... 2i*N~1])' attachingthe lead-of sample
index for the superscripaind representinghe transposeperatorwith . The constructed
columnvectoris thenexpressedsa linearcombinationof the basisfunctionssuchthat
M
xt = Z a;,st, = A;st, (2
k=1

where M is the numberof basisfunctions, a;;, is the k" basisfunction of i*" source
in the form of N-dimensionalcolumn vector sf, its coeficient (weight) and s! =
[st, sty ... sty )" Ther.h.s.is thematrix-vectornotation. The secondsubscriptk followed
by the sourceindex i in st, representshe componenthumberof the coeficientvectorst.
We assumehat M = N andA hasfull ranksothatthe transformsbetweenx! andst be
reversiblein bothdirections.Theinverseof thebasismatrix, W; = A;l, refersto thelCA
filters thatgeneratehe coeficientvector:s! = W;xt. The purposeof this decomposition
is to modelthe multivariatedistribution of x¢ in a statisticallyefficient manner The ICA
learningalgorithmis equivalentto searchingfor the linear transformatiorthat make the
componentss statisticallyindependenas possible,aswell as maximizing the marginal
densitiesof thetransformedcoordinatedor the giventrainingdata[10],

Wi = arggg [T PrexWe) = ang g [ T Prcet) ®)

wherePr(a) denoteshe probability of the value of a variablea. Independencéetween
the componentandover time sampledactorizeghe joint probabilitiesof the coeficients
into the productof marginal ones.What mattersis thereforehow well matchedhe model
distribution is to the true underlyingdistribution of Pr(st,). The coeficient histogram
of real datarevealsthat the distribution hasa highly sharpenegboint at the peakwith a
long tail (Figure1-C). Thereforewe usea generalizedsaussiarprior [9] thatprovidesan
accurateestimatefor symmetricnon-Gaussiadistributionsby fitting the exponenty in the
setof parameter$ in its simplestform
q

sk ],oz{mag} (4)
wherey = E[s], 0 = 1/V[s], andp(a) is arealizedpdf of variablea andshouldbe noted
distinctively with Pr(a). With the generalizedsaussiariCA learningalgorithm[9], the
basisfunctionsandtheirindividual parametesetd;; areobtainedbeforehandéndusedas
prior informationfor thefollowing sourceseparatioralgorithm.

mqw«em{—

3 Separation Algorithm

Themethodis motivatedby the pdf approximatiorpropertyof ICA transformation(Equa-

tion 3). The probability of the sourcesignalsis computedby the generalizedGaussian
parametersn the transformeddomain, and the methodperformsmaximuma posteriori

(MAP) estimationin a numberof adaptatiorstepson the sourcesignalsto maximizethe

datalik elihood. Scalingfactorsof the generatie modelarelearnedaswell.



3.1 MAP estimation of Source Signals

We have demonstratedhat the learnedbasisfilters maximizethe likelihood of the given
data. Supposeve know whatkind of soundsourceshave beenmixed andwe weregiven
the setof basisfilters from a training set. Could we infer thelearningdata?The answeris
generally’'no” when N < T andno otherinformationis given. In our problemof single
channekeparationhalf of thesolutionis alreadygivenby theconstraint® = Ay z! + a8,
wherez! constituteghe basislearningdatax! (Figure 1-B). Essentially the goal of the
sourceinferring algorithmpresentedh this papetris to complementheremaininghalf with
the statisticalinformation given by a setof coeficient densityparameterd;;. If model
parametersaregiven,we canperformmaximuma posteriori (MAP) estimationsimply by
optimizingthe datalik elihoodcomputedoy the modelparameters.

At everytime pointasggmentxt = [z} ... 2{"V =1 generatetheindependentoeficient
vectors! = W;x! ands} = Wox} respectiely. Thelikelihoodof x! is

Pr(xi|W1) = p(si|01)| det Wy, (6)

wherep(-) is the generalizedGaussiardensityfunction,and®; = 6; 1.y — parame-
ter group of all the coeficients, with the notation‘s . .. 5’ meaningan orderedsetof the
elementdrom index ¢ to j. Assumingthe independencever time, the probability of the
wholesignalz!-T is obtainedrrom the mamginal onesof all the possiblesegments,

TN TN
Pr(z}~T[Wy) = [] Pr(x{[W1) = [ p(si|©1)] det W], 6)
t=1 t=1

where,for corveniencely = T — N + 1. Theobjective functionto be maximizedis the
multiplication of the datalik elihoodsof both soundsourcesandwe denoteits log by £:

L = logPr(z;T|Wy)Pr(zyT|Wy)

Tn
o~ Z [log p(s}|©1) + log p(sh|©2)]
=1
+Tn log | det W1 || det Wa|. @)

Our interestis in adaptingz’ andzf for V¢ € [1,T], toward the maximumof £. We
introducea new variablez! = \;z!, ascaledvalueof z! with the contritution factor The
adaptatioris doneon thevaluesof z{ insteadof z¢, in orderto infer the soundsourcesand
their contribution factorssimultaneouslyThelearningrule is derivedin a gradient-ascent
mannetby summingup the gradientsof all the sgmentswherethe samplélies:
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whichis derivedby thefactthat =% 83’“ = a(v‘é’;’ft") g”z”: = %= and @ = 3(?(4%121) -1,
wheret, =t —n+1, ¢(s) = m"gaip(sm andw;g, = W;(k,n). Notethatthegradlent
of £ for z3, 0L/0z2 = —0L/0z, always makesthe conditiony = z; + 2z satisfy

so learningrule on either z; or z; subsumeshe counterpart. The overall processof the
proposednethodis summarizedas4 stepsin Figure2. Thefigure shavs oneiterationof
theadaptatiorof eachsample.
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Figure 2: The overall structureof the proposedmethod. We are given single channel
datay;, andwe have the estimatesof the sourcesignals, ¢, at every adaptationstep.
(A) zt = st At eachtimepoint, the currentestimatef the sourcesignalsare passed
throughbasisfilters W;, generatingV sparsecodess, thatarestatisticallyindependent.
(B) st, = Ast,: Thestochastigradientfor eachcodeis obtainedby taking derivative of

log-likelihood. (C) Ast, = Az!: Thegradientis transformedo the sourcedomain. (D)

The individual gradientsare combinedto be addedto the currentestimateof the source
signals.

3.2 Estimating A\; and A,

Updatingthe contribution factors)\; canbeaccomplishedby simply finding the maximum
a posteriorivalues. To simplify theinferring steps,we force the sumof the factorsto be
constantie.g. A\; + A2 = 1. Then); is completelydependenbn \; asA; = 1 — Ay, and
we needto consider); only. Giventhe basisfunctionsW; andthe currentestimateof the
sourcese} T, the posteriorprobabilityof ); is

Pr(\zi 7, 25T, Wi, Wa) oc Pr(ep " [Wi) Pr(zy T |[Wa)pa(hi),  (9)
wherep, (+) is the prior densityfunctionof A;. Thevalueof A\; maximizingthe posterior
probabilityalsomaximizesits log,

Al = arg rriax{ﬁ +logpa(A1)}, (10)

where L is the log-likelihood of the estimatedsourcesdefinedin Equation7. Assuming
that \; is uniformly distributed,0{L + log px(A\1)}/0A1 = 0L£/OA1, whichis calculated

as
T N

oL Y1 | o ZZ £ Ver. ot
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derivedby thechainrule
dlogp(st,)  Ologp(st,) sk, ‘ 1
N os,,  oN Plsin) - Wik X ) (12)

Solvingequationd£/dA; = 0 subjectto A; + A2 = 1 andXy, A2 € [0, 1] gives

2\ V |¢1| 2\ V |¢2| (13)

T+ Vel T VI + Vel

Thesevaluesguaranteghelocal maximaof £ w.r.t. thecurrentestimate®f sourcesignals.
Thealgorithmupdateghe contribution factorsperiodicallyduringthelearningsteps.
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Figure3: Waveformsof four soundsourcesexamplesof thelearnedbasisfunctions(5 were
choserout of 64), andthe correspondingoeficient distributionsmodeledby generalized
GaussiansThefull setof basisfunctionsis availableat the websitealso.

Figure4: Averagepowerspectraf the4
soundsources.Frequeng scaleranges
in 0~4kHz (z-axis),sinceall thesignals
aresampledat 8kHz. The powerspectra
are averagedand representedn the y-
axis.
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4 Experimentsand Discussion

We have testedthe performancef the proposednethodon the singlechanneimixturesof
four differentsoundtypes. They were monauralsignalsof rock andjazz music,maleand
femalespeechWe useddifferentsetsof speeclsignalsfor learningbasisfunctionsandfor
generatinghe mixtures. For the mixture generationtwo sentencesf the targetspealers
‘mcpm0’ and‘fdaw0’, onefor each,wereselectedrom the TIMIT speectdatabaseThe
training setconsistedof 21 sentence$or eachgender 3 for eachof randomlychosen?
males(or females)from the samedatabasexcluding the 2 target spealers. Rock music
was mainly composef guitar and drum sounds,andjazz was generatedy a wind in-
strument.Vocalpartsof bothmusicsoundsvereexcluded.All signalsweredownsampled
to 8kHz, from original 44.1kHz(music)and16kHz (speechyata. The training datawere
segmentedn 64 sampleg¢8ms)startingatevery sample Audio files for all theexperiments
areaccessiblatthewebsité.

Figure3 displaysthe actualsourcesadapteasisfunctions,andtheir coeficientdistribu-

tions. Music basisfunctionsexhibit consistenamplitudeswith harmonicsandthe speech
basisfunctionsaresimilarto Gaborwavelets.Figure4 compare# sourcedy theaverage
spectraEachcoversall thefrequeng bandsalthoughthey aredifferentin amplitude.One
might expectthatsimplefiltering or maskingcannotseparatéhe mixedsourcelearly.

Beforeactualseparationthe sourcesignalswereinitialized to thevaluesof mixture signal:
z! = yt, andtheinitial \; wereall 0.5 to satisfyEquationl. The adaptatiorwasrepeated
morethan300 stepson eachsample andthe scalingfactorswereupdatedevery 10 steps.
Table1 reportsthe signal-to-noiseatios(SNRs)of themixedsignal(y?) andtherecovered
results(z!) with the original sources(z! = A;z!). In termsof total SNR increasethe
mixtures containingmusic were recozered more cleanly than the male-femalemixture.
Separatiorof jazz musicandmalespeechwasthe best,andthe waveformsareillustrated

1 http://speech kaist.ac.kr/jangbal/chlbss /



o o
-5 -5
z1 Time (sec) z2 Time (sec)
2.5 3 35 a 25 3 3.5 a
5
o
-5
z1+z2 Time (sec)
2.5 3 5
5 5
o o
-5 -5
ezl Time (sec) ez2 Time (sec)
25 3 3.5 a 2.5 3 3.5 a

Figure5: Separatiorresultfor the mixture of jazz musicandmalespeech.In the vertical
order:original sourceqz; andz,), mixedsignal(z; + z3), andtherecoveredsignals.

in Figure5. We conjectureby the averagespectraof the sourcesn Figure4 thatalthough
thereexistsplentyof overlapbetweerjazzandspeechthestructuresaredissimilar i.e. the
frequeny component®f jazzchangdess,sowe wereableto obtainrelatively goodSNR
results.Howeverrock musicexhibits scatteredgpectrumandlesscharacteristicastructure.
This explainstherelatively poorerperformancesf rock mixtures.

It is very difficult to comparea separatiormethodwith other CASA techniquesbecause
their approachesre sodifferentin mary waysthatan optimal tuning of their parameters
would be beyondthe scopeof this paper However, we comparecdur methodwith Wiener
filtering [4], that providesoptimal maskindfilters in the frequengy domainif true spectro-
gramis given. So, we assumedhat the othersourcewas completelyknown. Thefilters
were computedevery block of 8 ms (64 samples)0.5 sec,and 1.0 sec. In this case,our
blind resultswerecomparablén SNRwith resultsobtainedwhenthe Wienerfilters were
computedat0.5sec.

In summaryour methodhasseveraladvantage®ver traditionalapproacheso signalsep-
aration. They involve eitherspectrattechniqueg5, 6] or time-domainnonlinearfiltering
techniqueg3, 4]. Spectratechniquesissumedhatsourcesaredisjointin the spectrogram,
which frequentlyresultin audibledistortionsof the signalin theregion wheretheassump-
tion mismatchesRecentime-domairfiltering techniquesrebasedn splitting the whole
signalspaceinto severaldisjoint subspacesAlthoughthey overcomethelimit of spectral
representationthey considersecond-ordestatisticsonly, suchasautocorrelationwhich
restrictsthe separableasego orthogonakubspacept].

Our methodavoidsthesestrongassumption$y utilizing a prior setof basisfunctionsthat
capturesheinherentstatisticalstructureof thesourcesignal. Thisgeneratie modelthere-
fore makesuseof spectralandtemporalstructuresat the sametime. The constraintsare
dictatedby the ICA algorithmthat forcesthe basisfunctionsto resultin an efficient rep-
resentationi.e. thelinearly independensourcecoeficients;andboth, the basisfunctions

Table1: SNRresults. {R, J, M, F} standfor rock, jazz music, male,andfemalespeech.All the
valuesaremeasuredn dB. ‘Mix’ columnsarethe sourceghataremixedto y, and‘snr,,’s arethe
calculatedSNR of mixedsignal(y) andrecoreredsourceg2;) with theoriginal sourcegz; = A;x;).

Mix snry, SNry, Total Mix SNy, SNfy, Total
m m Yy inc. m m Yy inc.

R+J [ -37 33|37 7.0][ 103 J+M 0.1 56]-01 55| 111
R+M | -37 31| 37 6.8 99| J+F |-0.1 51| 01 53| 104
R+F | -39 22|39 6.1 83| M+F|-02 25| 02 27 52




andtheir correspondingdf arekey to obtainingafaithful MAP basednferencealgorithm.
An importantquestionis how well thetraingdatahasto matchthetestdata.We have also
performedexperimentswith the setof basisfunctionslearnedrom the testsoundsandthe
SNRdecreasedn averageby 1dB.

5 Conclusions

We presentedh techniquefor single channelsourceseparatiorutilizing the time-domain
ICA basisfunctions. Insteadof traditional prior knowledgeof the sourceswe exploited
the statisticalstructuresof the sourcesthat are inherently capturedby the basisand its
coeficientsfrom a training set. The algorithm recoversoriginal soundstreamsthrough
gradient-asceradaptationstepspursuingthe maximumlik elihood estimate contraintby
the parameter®f the basisfilters and the generalizedGaussiardistributions of the fil-
ter coeficients. With the separatiorresults,we demonstratedhat the proposedmethod
is applicableto the real world problemssuchasblind sourceseparationdenoising,and
restorationof corruptedor lost data. Our currentresearclincludesthe extensionof this
framawork to performmodelcomparisionto estimatewhich setof basisfunctionsto use
given a dictionary of basisfunctions. This is achieved by applying a variationalBayes
methodto comparedifferentbasisfunction modelsto selectthe mostlikely source.This
methodalsoallows usto copewith otherunknonvn parametersuchthe asthe numberof
sources Futurework will addresghe optimizationof the learningrulestowardsreal-time
processingandthe evaluationof this methodologywith speectrecognitiontasksin noisy
ervironmentssuchasthe AURORA database.

References

[1] G. J. Brown and M. Cooke, “Computationalauditory sceneanalysis, Computer
Speeb andLanguage, vol. 8, no.4, pp.297-336,1994.

[2] P. Comon,“Independentomponentanalysis,A new concept?, Signal Processing
vol. 36, pp.287-314,1994.

[3] E. WanandA. T. Nelson,“Neural dual extendedkalmanfiltering: Applicationsin
speechlenhancemerdnd monauralblind signalseparatiori,in Proc. of IEEE Work-
shopon Neural Networksand SignalProcessing1997.

[4] J.HopgoodandP. Rayner“Single channekignalseparatiomsinglineartime-varying
filters: Separabilityof non-stationarystochasticsignals; in Proc. ICASSR vol. 3,
(PhoenixArizona),pp.1449-1452March 1999.

[5] S.T. Roweis,"“One microphonesourceseparatiori, Advancesn Neuml Information
Processingsystemsvol. 13, pp. 793—-7992001.

[6] S.Rickard,R. Balan,andJ. Rosca,"Real-timetime-frequeng basedblind source
separatiori,in Proc.of InternationalConfeenceonIindependenComponenfnalysis
and SignalSepaation (ICA2001) (SanDiego, CA), pp.651-656 Decembe001.

[7] T.-W. LeeandG.-J.Jang, The statisticalstructuresof maleandfemalespeectsig-
nals; in Proc. ICASSR (SaltLake City, Utah),May 2001.

[8] A. J.Bell andT. J. Sejnawski, “Learning the higherorder structuresof a natural
sound; Network: Computationin Neural Systemsvol. 7, pp.261-266 July 1996.

[9] T.-W. LeeandM. S.Lewicki, “The generalizedsaussiammixture modelusingICA,”
in International\Wbrkshopon Independen€omponenfAnalysis(ICA'00), (Helsinki,
Finland),pp. 239-244 June2000.

[10] B. PearlmutterandL. Parra,“A context-sensitve generalizatiorof ICA,” in Proc.
ICONIP, (HongKong),pp. 151-157 Septembei996.



