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Abstract

We presenta new techniquefor achieving sourceseparationwhengiven
only asinglechannelrecording.Themainideais basedonexploiting the
inherenttimestructureof soundsourcesby learninga priori setsof basis
filters in time domainthat encodethe sourcesin a statisticallyefficient
manner. We derive a learningalgorithm using a maximumlikelihood
approachgiventheobservedsinglechanneldataandsetsof basisfilters.
For eachtime point we infer the sourcesignalsand their contribution
factors. This inferenceis possibledue to the prior knowledgeof the
basisfilters and the associatedcoefficient densities. A flexible model
for densityestimationallows accuratemodelingof the observationand
our experimentalresultsexhibit a high level of separationperformance
for mixturesof two musicsignalsaswell astheseparationof two voice
signals.

1 Introduction

Extractingindividual soundsourcesfrom anadditivemixtureof differentsignalshasbeen
attractive to many researchersin computationalauditorysceneanalysis(CASA) [1] and
independentcomponentanalysis(ICA) [2]. In orderto formulatetheproblem,we assume
thattheobservedsignal ��� is anadditionof � independentsourcesignals� �����
	��� 	�� ������������������ ��������� (1)

where� � � is the ��� � sampledvalueof the !"� � sourcesignal,and � �
is thegainof eachsource

which is fixed over time. Note that superscriptsindicatesampleindicesof time-varying
signalsandsubscriptsindicatethe sourceidentification. The gain constantsareaffected
by several factors,suchaspowers,locations,directionsandmany othercharacteristicsof
thesourcegeneratorsaswell assensitivities of thesensors.It is convenientto assumeall
thesourcesto have zeromeanandunit variance.Thegoal is to recover all � � � givenonly
a singlesensorinput � � . Theproblemis too ill-conditionedto bemathematicallytractable
sincethe numberof unknowns is �$# � � given only # observations. Several earlier
attempts[3, 4, 5, 6] to this problemhavebeenproposedbasedon thepresumedproperties
of theindividual soundsin thefrequency domain.%
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Figure1: Generative modelsfor the observedmixture andoriginal sourcesignals(A) A
singlechannelobservationis generatedby a weightedsumof two sourcesignalswith dif-
ferentcharacteristics.(B) Individual sourcesignalsaregeneratedby weighted( M � �ON ) linear
superpositionsof basisfunctions( P �ON

). (C) Examplesof theactualcoefficientdistributions.
They generallyhavemoresharpenedsummitsandlongertails thanaGaussiandistribution,
andwould beclassifiedassuper-Gaussian.Thedistributionsaremodeledby generalized
Gaussiandensityfunctionsin the form of QSRTM � �ONVUXWZY�[�\ R4]_^ M � �ON ^ ` U , which provide good
matchesto the non-Gaussiandistributionsby varying exponents.From left to right, the
exponentdecreases,andthedistributionbecomesmoresuper-Gaussian.

ICA is a datadrivenmethodwhich relaxesthestrongcharacteristicalfrequency structure
assumptions.However, ICA algorithmsperformbestwhen the numberof the observed
signalsis greaterthanor equalto thenumberof sources[2]. Althoughsomerecentover-
completerepresentationsmay relax this assumption,the problemof separatingsources
from a singlechannelobservationremainsdifficult. ICA hasbeenshown to behighly ef-
fective in otheraspectssuchasencodingspeechsignals[7] andnaturalsounds[8]. The
basisfunctionsandthecoefficientslearnedby ICA constituteanefficient representationof
thegiventime-orderedsequencesof asoundsourceby estimatingthemaximumlikelihood
densities,thusreflectingthestatisticalstructuresof thesources.

Themethodpresentedin thispaperaimsatexploiting theICA basisfunctionsfor separating
mixed sourcesfrom a single channelobservation. Setsof basisfunctionsare learneda
priori from a trainingdatasetandthesesetsareusedto separatetheunknown testsound
sources.The algorithm recovers the original auditory streamsin a numberof gradient-
ascentadaptationstepsmaximizingthe log-likelihoodof theseparatedsignals,calculated
usingthebasisfunctionsandtheprobabilitydensityfunctions(pdf’s) of their coefficients
—the outputof the ICA basisfilters. Theobjectfunctionnot only makesuseof the ICA
basisfunctionsas a strongprior for the sourcecharacteristics,but also their associated
coefficientpdf’smodeledby generalizedGaussiandistributions[9]. Experimentsshowing
theseparationof thetwo differentsourceswasquitesuccessfulin thesimulatedmixtures
of rockandjazzmusic,andmaleandfemalespeechsignals.

2 Generative Models for Mixture and Source Signals

The algorithmfirst involvesthe learningof the time-domainbasisfunctionsof the sound
sourcesthat we are interestedin separatingfrom a given training database.This corre-
spondsto theprior informationnecessaryto successfullyseparatethesignals.We assume
two differenttypesof generativemodelsin theobservedsinglechannelmixtureaswell as
in the original sources.Thefirst oneis depictedin Figure1-A. As describedin Equation



1, at every �ba�ced � #gf the observedinstanceis assumedto bea weightedsumof different
sources.In our approachonly thecaseof � �ih is regarded.This correspondsto thesitu-
ationdefinedin Section1 in that two differentsignalsaremixedandobservedin a single
sensor.

For the individual sourcesignals,we adopta decomposition-basedapproachasanother
generativemodel.Thisapproachwasemployedformerly in analyzingsoundsources[7, 8]
by expressinga fixed-lengthsegmentdrawn from a time-varyingsignalasa linearsuper-
positionof a numberof elementarypatterns,calledbasisfunctions,with scalarmultiples
(Figure1-B). Continuoussamplesof length j with jlkm# arechoppedout of a source,
from � to � � jn]od , andthesubsequentsegmentis denotedasan j -dimensionalcolumn
vector in a boldfaceletter, p � � � c � � � � �rq 	� ���s� � �rqutwv 	� fOx , attachingthe lead-off sample
index for the superscriptandrepresentingthe transposeoperatorwith x . The constructed
columnvectoris thenexpressedasa linearcombinationof thebasisfunctionssuchthatp � � �zy{N}| 	 P �ON M � �ON ��~ �"� � � � (2)

where � is the numberof basisfunctions, P ��N
is the � � � basisfunction of ! � � source

in the form of j -dimensionalcolumn vector, M � �ON its coefficient (weight) and
� � � �c M � � 	 M � � � �s��� M � � y f x . Ther.h.s.is thematrix-vectornotation.Thesecondsubscript� followed

by thesourceindex ! in M � �ON representsthecomponentnumberof thecoefficient vector
� � � .

We assumethat � � j and ~ hasfull ranksothat thetransformsbetweenp � � and
� � � be

reversiblein bothdirections.Theinverseof thebasismatrix, � � ��~ v 	� , refersto theICA
filters thatgeneratethecoefficient vector:

� � � � � � p � � . Thepurposeof this decomposition
is to modelthemultivariatedistribution of p � � in a statisticallyefficient manner. The ICA
learningalgorithmis equivalent to searchingfor the linear transformationthat make the
componentsasstatisticallyindependentaspossible,aswell asmaximizing the marginal
densitiesof thetransformedcoordinatesfor thegiventrainingdata[10],� �� ����������� [����� ��� � R p � � ^ � � U ���V�4����� [����� � � N � � RTM � �ON U � (3)

where � � R � U denotesthe probability of the valueof a variable � . Independencebetween
thecomponentsandover time samplesfactorizesthe joint probabilitiesof thecoefficients
into theproductof marginal ones.Whatmattersis thereforehow well matchedthemodel
distribution is to the true underlyingdistribution of � � R"M � ��N U . The coefficient histogram
of real datarevealsthat the distribution hasa highly sharpenedpoint at the peakwith a
long tail (Figure1-C). Thereforewe usea generalizedGaussianprior [9] thatprovidesan
accurateestimatefor symmetricnon-Gaussiandistributionsby fitting theexponent� in the
setof parameters� in its simplestformQSRTM�^ � U�W�Y�[F\�� ]����� Mg]��� ���� `�  � � �i¡ � � � � �£¢ (4)

where� ��¤ c M�f , � �¦¥ § c M�f , and Q¨RT� U is a realizedpdf of variable � andshouldbenoted
distinctively with � � R � U . With the generalizedGaussianICA learningalgorithm[9], the
basisfunctionsandtheir individual parameterset � �ON areobtainedbeforehandandusedas
prior informationfor thefollowing sourceseparationalgorithm.

3 Separation Algorithm

Themethodis motivatedby thepdf approximationpropertyof ICA transformation(Equa-
tion 3). The probability of the sourcesignalsis computedby the generalizedGaussian
parametersin the transformeddomain,and the methodperformsmaximuma posteriori
(MAP) estimationin a numberof adaptationstepson the sourcesignalsto maximizethe
datalikelihood.Scalingfactorsof thegenerativemodelarelearnedaswell.



3.1 MAP estimation of Source Signals

We have demonstratedthat the learnedbasisfilters maximizethe likelihoodof the given
data.Supposewe know whatkind of soundsourceshave beenmixedandwe weregiven
thesetof basisfilters from a trainingset.Couldwe infer thelearningdata?Theansweris
generally“no” when jm©i# andno otherinformationis given. In our problemof single
channelseparation,half of thesolutionis alreadygivenby theconstraint�£� ���ª	}� � 	 � ��s� �� ,
where � � � constitutesthe basislearningdata p � � (Figure1-B). Essentially, the goal of the
sourceinferringalgorithmpresentedin thispaperis to complementtheremaininghalf with
the statisticalinformationgiven by a setof coefficient densityparameters� �ON . If model
parametersaregiven,we canperformmaximuma posteriori (MAP) estimationsimply by
optimizingthedatalikelihoodcomputedby themodelparameters.

At everytimepointasegmentp � 	 � c � � 	 �s��� � �rqutwv 		 fOx generatestheindependentcoefficient
vector

� � 	 � � 	 p � 	 and
� � � � � � p � � respectively. Thelikelihoodof p � 	 is� � Rrp � 	 ^ � 	 U�«� QSR � � 	 ^ ¬ 	 U ^9 Y�® � 	 ^ � (5)

where QSRH¯ U is the generalizedGaussiandensityfunction, and ¬ 	°� � 	}± 	³²´²´² y — parame-
ter groupof all the coefficients,with the notation‘ ! �����"µ ’ meaningan orderedsetof the
elementsfrom index ! to µ . Assumingthe independenceover time, theprobabilityof the
wholesignal � 	}²´²´² ¶	 is obtainedfrom themarginalonesof all thepossiblesegments,� � R � 	³²´²´² ¶	 ^ � 	 U � ¶�·�� | 	 � � R p � 	 ^ � 	 U «� ¶¸·�� | 	 QSR � � 	 ^ ¬ 	 U ^H Y�® � 	 ^ � (6)

where,for convenience,# t � #�]¹j � d . Theobjective functionto bemaximizedis the
multiplicationof thedatalikelihoodsof bothsoundsources,andwe denoteits log by º :º � »e¼½� � � R � 	}²´²´² ¶	 ^ � 	 U � � R � 	}²´²´² ¶� ^ � � U«� ¶ ·{ � | 	¿¾ »�¼V� QSR � � 	 ^ ¬ 	 U � »�¼V� QSR � � � ^ ¬ � U�À� # t »e¼½� ^H Y�® � 	 ^�^H Y�® � � ^ � (7)

Our interestis in adapting � � 	 and � � � for Á
�ÂaÃcÄd � #gf , toward the maximumof º . We
introducea new variable Å �� �Æ� � � � � , a scaledvalueof � � � with thecontribution factor. The
adaptationis doneon thevaluesof Å �� insteadof � � � , in orderto infer thesoundsourcesand
their contribution factorssimultaneously. Thelearningrule is derivedin a gradient-ascent
mannerby summingup thegradientsof all thesegmentswherethesamplelies:Ç ºÇ Å �	 � t{È | 	 � ÇÇ Å �	 »e¼½� Q¨R � �rÉ	 ^ ¬ 	 U � ÇÇ Å �	 »e¼½� Q¨R � �rÉ� ^ ¬ � U  � t{È | 	$Ê t{N}| 	�ËSÌ RTM �rÉ	 N U¸Í 	 N È�ª	ÃÎ ] t{N}| 	SË�Ì R"M �rÉ� N U�Í � N È��ÏÎuÐW t{È | 	$Ê � � t{N}| 	ÑÌ R"M � É	 N U Í 	 N È ] � 	 t{N}| 	Ì RTM � É� N U Í � N È Ð � (8)

which is derivedby thefact that Ò�ÓKÔ ÉÕÒsÖ Ô � ÒV×ÄØ Õ�Ù Ô ÉFÚÒÜÛ Ô ÒÜÛ ÔÒÜÖ Ô �ÞÝ Õ Éß and ÒsÖ4àÒsÖ³á � ÒV×eâ v Ö á ÚÒÜÖ�á � ]ãd ,
where � È � ��]¹ä � d , Ì RTM U � Ò
å æ4ç�è¸×�Ó�é ê ÚÒÜÓ , and Í �ON È � � � RT� � ä U . Note that thegradient
of º for Å � , Ç º0ë Ç Å � � ] Ç ºgë Ç Å 	 , always makes the condition � � Å 	 � Å � satisfy,
so learningrule on either Å 	 or Å � subsumesthe counterpart.The overall processof the
proposedmethodis summarizedas4 stepsin Figure2. Thefigureshows oneiterationof
theadaptationof eachsample.
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Figure 2: The overall structureof the proposedmethod. We are given single channel
data U � , and we have the estimatesof the sourcesignals, V� � � , at every adaptationstep.
(A) � � �XW M � �ON : At eachtimepoint, the currentestimatesof the sourcesignalsarepassed
throughbasisfilters � �

, generatingj sparsecodesM � �ON thatarestatisticallyindependent.
(B) M � �ON WZY M � ��N : Thestochasticgradientfor eachcodeis obtainedby takingderivativeof
log-likelihood. (C) Y M � �ON W[Y � � � : Thegradientis transformedto thesourcedomain. (D)
The individual gradientsarecombinedto be addedto the currentestimatesof the source
signals.

3.2 Estimating �ª	 and ���
Updatingthecontribution factors� �

canbeaccomplishedby simply finding themaximum
a posteriori values.To simplify the inferring steps,we force thesumof the factorsto be
constant:e.g. � 	 � � � � d . Then � � is completelydependenton � 	 as � � � d ] � 	 , and
we needto consider�
	 only. Giventhebasisfunctions� �

andthecurrentestimateof the
sources� 	}²´²´² ¶� , theposteriorprobabilityof �ª	 is� � R �
	 ^ � 	³²´²´² ¶	 � � 	³²´²´² ¶� � � 	 � � � U W � � R � 	}²´²´² ¶	 ^ � 	 U � � R � 	³²´²´² ¶� ^ � � U Q ß R �
	 U � (9)

whereQ ß R9¯ U is theprior densityfunctionof �ª	 . Thevalueof �ª	 maximizingtheposterior
probabilityalsomaximizesits log,� �	 ����������� [ß á ¡ º � »e¼½� Q ß R � 	 U ¢ � (10)

where º is the log-likelihoodof the estimatedsourcesdefinedin Equation7. Assuming
that � 	 is uniformly distributed,

Ç ¡ º � »e¼½� Q ß R � 	 U ¢¸ë Ç � 	 � Ç ºgë Ç � 	 , which is calculated
as Ç ºÇ �
	 � ] \ 	� � 	 � \ �� �� � where

\ � � ¶�·{ � | 	 t{N}| 	Ì R"M � ��N U�] ��N_^ � � (11)

derivedby thechainruleÇ »�¼V� QSRTM � �ON UÇ � � � Ç »�¼V� QSRTM � ��N UÇ M � �ON Ç M � ��NÇ � � � Ì R"M � ��N U ¯ ] ��N ^ � �a` ] d� ��cb � (12)

Solvingequation
Ç º0ë Ç � 	 �ed subjectto � 	 � � � � d and � 	 � � � a�c d � d�f gives� �	 � ¥ ^ \ 	 ^¥ ^ \ 	 ^ � ¥ ^ \ � ^ � � �� � ¥ ^ \ � ^¥ ^ \ 	 ^ � ¥ ^ \ � ^ � (13)

Thesevaluesguaranteethelocalmaximaof º w.r.t. thecurrentestimatesof sourcesignals.
Thealgorithmupdatesthecontribution factorsperiodicallyduringthelearningsteps.



(a) Rock music (b) Jazz music

(c) Male speech (d) Female speech
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Figure3: Waveformsof foursoundsources,examplesof thelearnedbasisfunctions(5were
chosenout of 64), andthecorrespondingcoefficient distributionsmodeledby generalized
Gaussians.Thefull setof basisfunctionsis availableat thewebsitealso.
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4 Experiments and Discussion

We have testedtheperformanceof theproposedmethodon thesinglechannelmixturesof
four differentsoundtypes.They weremonauralsignalsof rock andjazzmusic,maleand
femalespeech.Weuseddifferentsetsof speechsignalsfor learningbasisfunctionsandfor
generatingthemixtures.For themixturegeneration,two sentencesof the targetspeakers
‘mcpm0’ and‘fdaw0’, onefor each,wereselectedfrom theTIMIT speechdatabase.The
training setconsistedof 21 sentencesfor eachgender, 3 for eachof randomlychosen7
males(or females)from the samedatabaseexcluding the 2 target speakers. Rock music
wasmainly composedof guitar anddrum sounds,andjazz wasgeneratedby a wind in-
strument.Vocalpartsof bothmusicsoundswereexcluded.All signalsweredownsampled
to 8kHz, from original 44.1kHz(music)and16kHz(speech)data.Thetrainingdatawere
segmentedin 64samples(8ms)startingateverysample.Audio filesfor all theexperiments
areaccessibleat thewebsite1.

Figure3 displaystheactualsources,adaptedbasisfunctions,andtheircoefficientdistribu-
tions. Music basisfunctionsexhibit consistentamplitudeswith harmonics,andthespeech
basisfunctionsaresimilar to Gaborwavelets.Figure4 compares4 sourcesby theaverage
spectra.Eachcoversall thefrequency bands,althoughthey aredifferentin amplitude.One
might expectthatsimplefiltering or maskingcannotseparatethemixedsourcesclearly.

Beforeactualseparation,thesourcesignalswereinitializedto thevaluesof mixturesignal:� � � � �£� , andtheinitial � �
wereall d �gf to satisfyEquation1. Theadaptationwasrepeated

morethan300stepson eachsample,andthescalingfactorswereupdatedevery 10 steps.
Table1 reportsthesignal-to-noiseratios(SNRs)of themixedsignal( ��� ) andtherecovered
results( VÅ �� ) with the original sources( Å �� � � � � � � ). In termsof total SNR increasethe
mixturescontainingmusic were recoveredmore cleanly than the male-femalemixture.
Separationof jazzmusicandmalespeechwasthebest,andthewaveformsareillustrated

1 http://speech.kaist.ac.kr/˜jangbal/ch1bss /
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Figure5: Separationresultfor themixtureof jazzmusicandmalespeech.In thevertical
order:original sources( Å 	 and Å � ), mixedsignal( Å 	 � Å � ), andtherecoveredsignals.

in Figure5. We conjectureby theaveragespectraof thesourcesin Figure4 thatalthough
thereexistsplentyof overlapbetweenjazzandspeech,thestructuresaredissimilar, i.e. the
frequency componentsof jazzchangeless,sowe wereableto obtainrelatively goodSNR
results.Howeverrockmusicexhibitsscatteredspectrumandlesscharacteristicalstructure.
Thisexplainstherelatively poorerperformancesof rockmixtures.

It is very difficult to comparea separationmethodwith otherCASA techniques,because
their approachesaresodifferentin many waysthatanoptimal tuningof their parameters
would bebeyondthescopeof this paper. However, we comparedour methodwith Wiener
filtering [4], thatprovidesoptimalmaskingfilters in thefrequency domainif truespectro-
gramis given. So, we assumedthat the othersourcewascompletelyknown. The filters
werecomputedevery block of 8 ms (64 samples),0.5 sec,and1.0 sec. In this case,our
blind resultswerecomparablein SNRwith resultsobtainedwhentheWienerfilters were
computedat 0.5sec.

In summary, our methodhasseveraladvantagesover traditionalapproachesto signalsep-
aration. They involve eitherspectraltechniques[5, 6] or time-domainnonlinearfiltering
techniques[3, 4]. Spectraltechniquesassumethatsourcesaredisjoint in thespectrogram,
which frequentlyresultin audibledistortionsof thesignalin theregionwheretheassump-
tion mismatches.Recenttime-domainfiltering techniquesarebasedon splitting thewhole
signalspaceinto severaldisjoint subspaces.Althoughthey overcomethelimit of spectral
representation,they considersecond-orderstatisticsonly, suchasautocorrelation,which
restrictstheseparablecasesto orthogonalsubspaces[4].

Our methodavoidsthesestrongassumptionsby utilizing a prior setof basisfunctionsthat
capturestheinherentstatisticalstructuresof thesourcesignal.Thisgenerativemodelthere-
fore makesuseof spectralandtemporalstructuresat the sametime. The constraintsare
dictatedby the ICA algorithmthat forcesthe basisfunctionsto result in an efficient rep-
resentation,i.e. the linearly independentsourcecoefficients;andboth,thebasisfunctions

Table1: SNR results. h R, J, M, F i standfor rock, jazz music,male,andfemalespeech.All the
valuesaremeasuredin dB. ‘Mix’ columnsarethesourcesthataremixed to j , and‘ k�lnm�o � ’s arethe
calculatedSNRof mixedsignal( j ) andrecoveredsources( pqsr ) with theoriginalsources( qsrutwvxrzy{r ).

Mix snr| á snr| à Total Mix snr| á snr| à Total} j_~ } j�� inc. } jn~ } j�� inc.

R + J -3.7 3.3 3.7 7.0 10.3 J + M 0.1 5.6 -0.1 5.5 11.1
R + M -3.7 3.1 3.7 6.8 9.9 J+ F -0.1 5.1 0.1 5.3 10.4
R + F -3.9 2.2 3.9 6.1 8.3 M + F -0.2 2.5 0.2 2.7 5.2



andtheircorrespondingpdf arekey to obtainingafaithful MAP basedinferencealgorithm.
An importantquestionis how well thetraingdatahasto matchthetestdata.We havealso
performedexperimentswith thesetof basisfunctionslearnedfrom thetestsoundsandthe
SNRdecreasedon averageby 1dB.

5 Conclusions

We presenteda techniquefor singlechannelsourceseparationutilizing the time-domain
ICA basisfunctions. Insteadof traditionalprior knowledgeof the sources,we exploited
the statisticalstructuresof the sourcesthat are inherentlycapturedby the basisand its
coefficients from a training set. The algorithm recoversoriginal soundstreamsthrough
gradient-ascentadaptationstepspursuingthe maximumlikelihoodestimate,contraintby
the parametersof the basisfilters and the generalizedGaussiandistributions of the fil-
ter coefficients. With the separationresults,we demonstratedthat the proposedmethod
is applicableto the real world problemssuchasblind sourceseparation,denoising,and
restorationof corruptedor lost data. Our currentresearchincludesthe extensionof this
framework to performmodelcomparisionto estimatewhich setof basisfunctionsto use
given a dictionary of basisfunctions. This is achieved by applying a variationalBayes
methodto comparedifferentbasisfunctionmodelsto selectthe mostlikely source.This
methodalsoallows us to copewith otherunknown parameterssuchtheasthenumberof
sources.Futurework will addresstheoptimizationof thelearningrulestowardsreal-time
processingandtheevaluationof this methodologywith speechrecognitiontasksin noisy
environments,suchastheAURORA database.
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