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ABSTRACT

In this paperwe presenta new sourceseparationmethodbasedon
dynamicsparsesourcesignalmodels. Sourcesignalsaremodeled
in frequency domainasa productof a Bernoulli selectionvariable
with a deterministicbut unknown spectralamplitude.TheBernoulli
variablesaremodeledin turn by first orderMarkov processeswith
transitionprobabilitieslearnedfrom a training database.We con-
sidera meetingtranscriptionsystemscenariowherethemixing pa-
rametersareestimatedusinga calibrationprocedure.We derive the
MAP signalestimatorsandshow they areimplementedby a Viterbi
decodingscheme.We performsimulationsusingTIMIT database,
andcomparetheseparationperformanceof this algorithmwith our
previousextendedDUET method.

1. INTRODUCTION

SignalSeparationis a well studiedtopic in signalprocessing.Many
studieswerepublishedduringthepast10years,eachof themconsid-
eringtheseparationproblemfrom differentpointsof view. Oncecan
usemodelcomplexity to classifythesestudiesinto four categories:

1. Simplemodelsfor bothsourcesandmixing. Typical signals
aremodeledasindependentrandomvariables,in their origi-
nal domain,or transformeddomain(e.g. frequency domain).
The mixing modelis eitherinstantaneous,or anechoic.The
ICA problem[1], DUET algorithm([2]), or [3] belongto this
category;

2. Complex sourcemodels,but simplemixing models.An ex-
ampleof this type is separationof two speechsignalsfrom
onerecordingusingonemicrophone.In thiscase,sourcesig-
nalsaremodeledusingcomplex stochasticmodels, e.g. AR
processesin [4], HMMs in [5], or generalizedexponentialsin
[6];

3. Complex mixing models,but simplesourcemodels.This is
thecaseof standardconvolutiveICA. For instancesourcesig-
nals are i.i.d. but the mixing operatoris composedof un-
known transferfunctions.Thustheproblemturnsinto ablind
channelestimationasin e.g.[7, 8, 9];

4. Complex mixing andsourcemodels.For instance[10] uses
AR to modelsourcesignals,andFIR transferfunctionsfor
mixing.

We chosethe complexity criterion in order to point out the basic
trade-off of signalseparationalgorithms.A morecomplex mixing or
sourcemodelmayyield abetterperformanceprovidedit fits well the
data.However morecomplex modelsarelessrobustto mismatches
thana simplermodel,andmayperformunexpectedlyworseon real

world data.In our prior experiments[11] we foundthatsimplesig-
nalandmixing modelsyield surprisinglygoodresultson realworld
data.Robustnessto modeluncertaintiesexplainsthesegoodresults.

Indeedthis is thecasewith DUET. Thebasicideaof theDUET
approachis theassumptionthat for any time-frequency point, only
onesignalfrom theensembleof sourcesignalswouldusethattime-
frequency point. In [12] we extendedthis assumptionin a system
with � sensorsto what we calledgeneralized W-disjoint orthogo-
nality hypothesis by allowing up to ����� sourcesignalsto usesi-
multaneouslyany time-frequency point. In bothcasessourcesignals
wereassumedmutuallyindependentacrossbothtimeandfrequency.
In otherwords,any two differenttime-frequency coefficientsof the
samesourceareassumedindependent.

However we would like to increasethepower of sourcesepara-
tion particularlywhenthereexistsprior knowledgeaboutthesources
(seealso[5, 6]). In thispaperweproposeanincrementalincreasein
sourcemodelcomplexity combinedwith simplemixing modelthat
conformsto ourbasicbelief thatmodelsshouldnotbemorecompli-
catedthanwhat is really neededin orderto solve theproblem.For
thisweweallow for statisticaldependenciesof sourcesignalsacross
time.

Moreprecisely[13] postulatesasignalmodelthatstatesthatthe
time-frequency coefficient �	��

����� of a (speech)signal ������� factors
asaproductof acontinuousrandomvariable,say ����
������ , anda0/1
Bernoulli ����
������ :

�	��

�����	� �!��

����������

����� (1)

Thisformulamodelssparsesignals.Seealso[14] for asimilarsignal
model. Denotingby " the probability of � to be 1, andby #$��%&� the
p.d.f. of � , thep.d.f. of � turnsinto

#(')���	�*�+",#$���	�.- �/���0"���1)���	� (2)

with 1 , theDiracdistribution. For 2 independentsignals�435��6�656����.7 ,
thejoint p.d.f. isobtainedbyconditioningwith respectto theBernoulli
randomvariables.Therank 
 term, 8:9;
<9>= , is associatedto a
casewhenexactly 
 sourcesareactive,andtherestarezero.In [12]
weshowedthatby truncatingto thefirst N+1termstheapproximated
joint p.d.f. correspondsto thecasewhenat most = sources are ac-
tive simultaneously, whichconstitutesthegeneralized W-disjoint hy-
pothesis. This paperextendsthe signalmodel(1) by assumingthe
Bernoulli variablesare generatedby a Markov process,while the
complex amplitudes����
������ aremodeledasunknown deterministic
variables.

Theapplicationwe target is a meetingtranscriptionsystem(see
Figure2) wherea calibrationprocedureis usedto estimatethemix-
ing matrix. Section3 describesthestatisticalsignalestimators.We
show thatsignalestimationis similar to a Viterbi decodingscheme.



Section4 presentsthemethodfor learningthe transitionprobabili-
ties of sourcemodels. Section5 containsnumericalresults,andis
followedby theconclusionsection.

2. SIGNAL AND MIXING MODELS

2.1. The Mixing Model

Considerthe measurementsof 2 sourcesignalsby an array of �
sensors.We absorbthe transferfunction to thefirst sensorinto the
definitionof thesourcesignal,andthusa convolutive mixing model
takesthefollowing form in frequency domain:

?A@,BDC(E�FHGJI 7K L M 3ON @5P
L BDFQGDR L BDC(E�FHG)SUTV@WBDC(E�FHG

(3)

We denoteby X @ ��

����� , � L ��

����� , = @ ��
������ theshort-timeFourier
transformof measuredsignal, sourcesignal, andnoisesignal, re-
spectively, with respectto a window YZ����� , where 
 is theframein-
dex, and� thefrequency index. [ @�P L ����� denotestheratioof transfer
functionsfrom source\ to sensor] dividedby thetransferfunction
from source\ to sensor� . Sometimeswedropthearguments
���� inX @ �5� L ,= @ , or [ @�P L .
2.2. Signal Model

Considera sourcesignal ������� , �^9��_9�` , andits associatedshort-
time Fourier transform �*��

����� , �a9b
c9ed0fhg5i , 8Z9j�k9ml .
Eachtime-frequency coefficient �*��

����� is modeledby theproduct����
�����������

����� asin (1), where� is a Bernoulli (0/1) randomvari-
able, and � is an unknown deterministiccomplex amplitude. In
previouswork we assumedn��!��

�����	op

����q is a setof independent
randomvariables. In this paperwe preserve independencealong
the frequency index, but we introducea Markov dependencealong
the time index. The independencein frequency is supportedby the
remarkthat local stationarityin time domainimplies decorrelation
of frequency components.Along the time index, our assumption
amountsto:r ������
�������s �!��
��a�����������!��
t�au��������v6�6�6������/�!�����/�	�r ������
�������s �!��
��a�������/�	� w4x(���!��

���������!��
��+�������/�
wheren�wyx.q is thesetof u�zAu matricesof probabilitiesof transition.
By successive conditioningwe obtainthat:

{_B�|~}OBDC(E�FHG$��C(E�FH��G4I�� x {_BD}OB��OE�FHG�G��	�H�v��� M.��� x B�}OBDC(E�FQG�E�}OB�C_�0�OE�FHG�G
(4)

For eachsourcein the mixture we assumewe have a databaseof
trainingsignalswherewe learnthematricesof transitionprobabili-
tiesandthesetof initial probabilities(seeSection5).

For a collection of 2 sourcesignals,we assumethat only =
Bernoulli variablesare nonzero;the rest are zero. We denotebynW��� L ��

�����/�v3/� L �(7(o�
�����q thecollectionof Bernoullirandomvariables,� ��
������h��n�\*oy� L ��
������h����q the = -setof nonzerocomponentsof�	��

����� , ��w

L
x � 3/� L �.7 P � �$x��(� the collectionof transitionprobability

matrices, � r
L
x � 3/� L �.7 P � �$x��(� the collection of initial probabilities.

Thenthejoint pdf becomes:{_B�|~} L BDC(E�FQG�����E�C(E�FH��GJI � x:�
�x B��JB��OE�FHG�G ���� � � x BD�JB�C(E�FHG�E��JB�C$�h�OE�FHG�G

(5)

where

� x BD�4BDC(E�FHG�E��4BDCV�0�OE�FHG�G4I
7� L M 3 �
L
x B�} L BDC(E�FHG�E�} L B�C����OE�FHG�G

�
�x B��JB��OE�FHG�GJI 7� L M 3 {

L
x BD} L B��OE�FHG�G (6)

Thecollectionof all subsets� ��
������ definesatrajectorythroughthe
selectionspace�H 7 , thesetof = -subsetsof nW�!�5u���6�6�6���2tq . Thusfor
eachfrequency � we associate¡¢x���n � ��
������	oh�A9�
�9�d fhg5i q
theselectionspacetrajectory. Sourceestimationis thenequivalentto
estimatingboththeselectionspacetrajectories�/¡ x � x andthecom-
plex amplitudesn�� L ��
������JoJ\Q£ � ��

������q .

In this paperwe assumethat themixing modelis givenby (3),
signals � L ��

����� satisfy the signalmodelabove, andnoisecompo-
nents= @ ��

����� areGaussiani.i.d. with zeromeanandspectralvari-
ance� � .

Ourproblemis: Estimatethesourcesignals���,3����5� , 6�6�6 , �O7(�����/� 3/��¤��$¥
givenmeasurements��¦Q3����5� , 6�6�6 , ¦*§¢�����/� 3/��¤��$¥ of thesystem(3) and
assumingthefollowing:

1. Themixing parametersn�[ @�P L ������q 3/�4�(§ P 3/� L �.7 areknown;

2. Thenoise n�¨H������q is i.i.d Gaussianwith zeromeanandknown
spectralpower � � ;

3. Thecomponentsof signal � areindependentandsatisfythe
stochasticmodelpresentedbefore,with known probabilities
of transition ��w

L
x � L P x andinitial probabilities

r Lx ;
4. At every time-frequency point ��
������ at most = components

of �	��
������ arenon-zero,and= is known.

3. MAP SIGNAL ESTIMATION

In this paperwe estimatethe signals ��� L �����/� L P ¤ by maximizing the
posteriordistribution of the Bernoulli variables,andthe likelihood
of the complex amplitudes. Alternatively, using a uniform prior
modelon the amplitudes,our solution is a MAP estimatorof both
theselectionvariablesandthecomplex amplitudes.Thecriterionto
maximizeis:©_I � x {_B�|~?<BDC(E�FQG����hª<C^ª¬« fpgvi ��­&|~}

L BDC(E�FHG�E�®_BDC(E�FHG��
�~E/�hª¬C^ª¬« fpg5i ��GD{_B�|~} L B�C(E�FHG�����E��¯ª<C^ª<« fpg5i ��G (7)

WereplacetheBernoullivariablesby theset-valuedvariables¡ x �� � ��

�����/� � P x , andwe considerthe reducedcomplex amplitude= -
vector °²±���

����� correspondingto nonzerocomponentsof � (in turn
selectedby � ��

����� ). We let [ ± ��

����� denotethe �³z¬= mixing
matrix whosecolumnscorrespondsto the nonzerocomponentsof�*��

����� : ��[A±���
������/� @5P f �´[ @5P L�µ fp¶ ����� , where\~��·¸� is the · ¤�¹ el-
ementof � ��
������ . Thefirst termdecouplesinto a productof likeli-
hoodsat eachtime 
 ; the secondterm is estimatedin (5). Putting
thesetwo expressionstogether, the criterion to maximizebecomes
(up to a multiplicative constantterm):

º �/¡p�/°0±W�»� x �:¼ ¦�#$n�� �� �)½ X¾�<[A¿�°0± ½ � q �O� �À x(� � ��

������� � ��
t� �!�����/� À �x � � �/�!�����/�
Given � ��
������ , at every ��
������ we cansolve for °0±W��
������ andob-
tain: ° ± ��

�����	�Á��[�Â ¿ [ ¿ �vÃ 3 [ÄÂ ¿ X



Takingthelogarithm,flipping thesign,ignoringsomeconstants,and
replacing °0± by the above estimate,we obtainthe following opti-
mizationproblem

·�Å�¨HÆ x �:Ç X²Â��/���²[ ¿ ��[ÄÂ ¿ [ ¿ �vÃ 3 [ÄÂ ¿ ��XÈ� � �!É�Ê,Ë À x � � ��
��������� ��
�� �!�����/��Ì(� � � ÉDÊ�Ë À �x � � �/�������/� (8)

Let usdenotebyÍ BD�JB�C(E�FHG�GJI¬?<BDC(E�FHG Â B���� N ¿ B�C(E�FHG�B N Â ¿ BDC(E�FQG N ¿ BDC(E�FQG�G Ã 3 N Â ¿ BDC(E�FQG�GD?<BDC(E�FHG
and

�²� � ��
�������� � ��
�� �!�����/�*�Î� � � ÉDÊ�Ë À � � ��

������� � ��
�� �!�����/�
for 
^Ïcu . ThentheoptimizationbecomesÐ�Ñ&ÒÆ�Ó K��� � Í B��JB�C$E�FHG�G�SyÔ�BD�4BDC(E�FHG�E��JBDC$�h�OE�FHG�G�S Í BD�JB��OE�FHG�� �

�x B��JB��OE�FQG�G
at every frequency � . The solution representsa trajectory ¡¢x in

theselectionspace���* 7 � �	�H��� . Theoptimizationcanbeefficiently
implementedusinga backward-forwardbestpathpropagationalgo-
rithm (Viterbi) widely usedin channeldecodingproblems.Theal-
gorithmis asfollows:
Algorithm

Step1. (Initialization) Set 
��Õd fpg5i , and Ö Â� �����_�Z8 for all��£:�  7 .
Step2. (Backward propagation)For all �×£Î�  7 = -subsetsofnW�!�5u���6�6�6���2tq repeatØ For all ��Ù²£k�  7 compute Ö4���O����Ù��Ú�ÛÖ Â� ����Ù��p-�Ü�����Ù��h-�²����Ù������Ø Findtheminimumover � Ù , andset Ö Â� Ã 3 �����*�+·¬Å�¨QÝ�Þ�ÖJ���W�5� Ù �
Step3. Decrement
A�Î
�� � , andif 
àßc� go Step2.
Step4. At 
A�´� , replaceÜ���� Ù � by Ü���� Ù �!� � � ÉDÊ�Ë À �x � � �/�������/�

andperformStep2. Denote� Â �/�!�����	�+á
âWã�·¬Å�¨ Ý Ö Â3 ����� .
Step5. (Forward iteration) Set 
´�äu and repeatuntil 
´�d fpgvi :Ø For all ��£Ú�  7 computeÖ4�����H�ÁÜ�������-��²���O� � Â ��
p���!�����/�Ø Find theminimumandset� Â ��
������*�+á�â,ã�·�Å�¨ Ý Ö4�����Ø Increment
V�Î
t-å� .

4. MODEL TRAINING

For training we useda fixed sentenceutteredby the corresponding
speaker. Weassumedtherecordedvoiceis madeof two components:
onepartwhich is critical to understanding,anda secondcomponent
whichcanberemovedlosslesslyfrom aninformationpointof view.
Thus �¸�ä��æ ±�ç�¤�ç æh-Õ�Wè�i ¤�± g . Assumingthe first componenthasa
Laplace(or evenpeackier)distributionin frequency domainwhereas
thesecondcomponentis Gaussian,theestimationof ��æ ±�ç�¤�ç æ is done
by (soft, or hard)thresholdingof themeasuredsignal. We chosea
thresholdproportionalto squarerootof signalspectralpower. Thus,
in caseof hardthresholding:

� æ ±�çé¤�ç æ~g L ��

�����	� �	��

�����êÅvë sD�	��

������s
Ï¸ì í Ý �����8 îW��ï ¼ âWð�Å5� ¼
Thefactor ì is chosensothat the thresholdedsignalsoundsalmost
identicalto theoriginalsignal � . Subjectiveexperimentationshowed
thatafactorì0�¸8(6&� satisfiesthisrequirement.Oncen,� æ ±�çé¤�ç æ~g L ��
������/o5
�����q
hasbeenobtained,we estimatethebinarysequencen��!��

�����/o�

����q
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Fig. 1. Transitionprobabilititesof onesignalfor ì0�¸8$6D�
simply by setting �!��

�����V�e� for � æ ±�ç�¤�ç æ~g L ��
������¬ñ��8 , and0 oth-
erwise. From the binary sequencen��!��

�����/o5
�����q we estimatethe
transitionprobability matricesw4x and initial probabilitites

r x by
maximumlikelihoodestimators:

� x B&ò�E�ò
GóI
T �/�T �/� SUT � 3 E � x B��OE�ò
G.I+�H� � x B&ò�E�ò
G

� x B��OE���GóI
T 3/3T 3 � SUT 3/3 E � x BDò�E���G.I+�H� � x B��OE���G{ x B���GóI T 3T � SUT 3 E
{ x B&ò
G4I¸�*�U{ x B���G

where = � , = 3 , = �/� , = � 3 , = 3 � , = 3/3 are,respectively, the number
of 0’s, 1’s, 00’s, 01’s, 10’s, 11’s in the binary training sequence���!��

�����/� � . Figure1 plotsanexampleof thedistributions wyx(��8$��8$�
andw x �/�!�5�,� .

5. EXPERIMENTAL EVALUATION

Considerthesetupof a meetingtranscriptionsystemasdepictedin
Figure 2: 2ô�Ûõ speakers placedarounda conferencetable are
recordedby an array of �ö�ø÷ microphones.The transferfunc-
tions are estimatedusing a calibrationsignal. We used4 female
and3 malespeakersfrom theTIMIT databaseatpositionslocatedat
multiple of ù�8 degrees.Testingwasdoneon wavefilesof around10

Fig. 2. ExperimentalSetup

secondsof normalspeech.We addedGaussiannoisewith � �>8(6&�
(note � is an absolutevalue rather than relative to signals). We
testedseveral valuesof = (the numberof simultaneousspeakers):=ø�´���5u!��ù , eventhoughall 2��Îõ speakerswereactivemostof the
time. We estimatedeachsourceusing the MAP-basedEstimation
Algorithm presentedin Section4 for four choicesof priors: 1) use
the initial distribution and transitionprobabilitieslearnedfrom the
training databaseaspresentedbefore;2) useuniform initial distri-
bution probabilitiesbut the transitionprobabilitieslearnedfrom the



trainingdatabase;3) useuniform transitionprobabilities,but initial
probabilitieslearnedfrom thetrainingdatabase;4) useuniform dis-
tributionsfor boththeinitial distributionandfor thetransitionprob-
abilities. This last combinationof priors turnsour MAP algorithm
into theextendedDUET presentedin [12].

We comparedthesealgorithmswith respectto the Signal-To-
Interference-Plus-Noisegain(SINR gain)criterion. TheSINR gain
for component\ is definedby:RJ©OTAúQû L I�ü�RJ©OTàú+�Uý�RJ©OTàú>I¸��ò.þ&ÿ�� 3 ��� B�� 3 ���

L G
� B	�� L �
�

L G
where ���
��� is the energy of signal � , and ¦Q3v��� L ���� L are respec-

tively, the microphone1 measuredsignal, input signal \ at micro-
phone1, andthe \ ¤�¹ estimatedsignal. The larger the � º =<í�ã the
better. We experimentallyverified that the choicefor initial distri-
bution probabilitiesdoesnot have almostany effect on theoutputs.
Thuswe presentresultsonly for two choicesof priors: MAP and
DUET choice. Figure 3 containsthe plot of average � º =<í�ã as
functionof numberof microphones(� ) for two settingof parame-
ter = (thenumberof sourcesignalssimultaneouslyactive at every
time-frequency point): top plot for thecase= �Õ� ; bottomplot for
thecase=b�Îu .
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Fig. 3. SING Gain for 2 ��õ and =ê�e� (top plot), respectively=m�´u (bottomplot) asfunctionof numberof sensors�
Listeningto the estimateswe noticelittle distortionof the sig-

nals,however the strongresidualinterferencemay maskwhatever
distortionis still present.

6. CONCLUSIONS
In this paperwe presenteda novel signalseparationalgorithmthat
extendsour pastDUET algorithm.Thealgorithmsworksfor under-
determinedcases,when thereare fewer sensorsthan sources,and
in thepresenceof noise.Themainassumptionsare: (i) sourcesig-
nals have sparsetime-frequency representations(althoughanother
representation,suchas time-scale,would work as well); (ii) each
frequency is independentfrom oneanother;(iii) thebinaryselection

variablesobey a homogeneousMarkov processmodel,with transi-
tion and initial probabilitieslearnedfrom a training database.We
derivedtheMAP estimatorof binaryselectionvariablesandML of
the complex signal TF coefficients, andshow it can be efficiently
implementedusinga Viterbi decodingscheme.Next we validated
our solutionin a 7-voice 6-microphonearrayscenariowith known
mixing parameters.We comparedthepresentMAP estimatorto the
previous DUET algorithm. Listeningto the outputwe did not no-
ticeany noticeabledistortion.Themixing parameterswereassumed
known, beingestimatedby a calibrationprocedure.Onecanwrite
a maximumlikelihoodestimatorof theseparameters,basedon (7).
A joint sourcesignalsandmixing parametersestimationbasedon
audio signal only would be lessrobust to model uncertainties,or
mismatches.
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