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ABSTRACT

Wepresentanalgorithmfor theseparationof multiplespeak-
ers from mixed single-channelrecordingsby latentvariable
decompositionof the speechspectrogram.We model each
magnitudespectralvectorin theshort-timeFouriertransform
of aspeechsignalastheoutcomeof adiscreterandomprocess
thatgeneratesfrequency bin indices. The distribution of the
processis modelledasamixtureof multinomialdistributions,
suchthatthemixtureweightsof thecomponentmultinomials
vary from analysiswindow to analysiswindow. Thecompo-
nentmultinomialsareassumedto bespeakerspeci�c andare
learntfrom training signalsfor eachspeaker. We model the
prior distribution of themixture weightsfor eachspeaker as
a dirichlet distribution. The distributionsrepresentingmag-
nitudespectralvectorsfor themixedsignalaredecomposed
into mixturesof themultinomialsfor all componentspeakers.
The frequency distribution i.e thespectrumfor eachspeaker
is reconstructedfrom this decomposition.

1. INTRODUCTION

The problem of separatingspeakers from mixed monaural
recordinghashistoricallybeenapproachedfrom theangleof
frequency selection. To separatethe signal for any speaker,
thetime-frequency componentsof themixedsignalsthatare
dominatedby thespeakerarereconstructedfrom theresulting
incompletetime-frequency representation.The actualselec-
tion of time-frequency componentsfor any speaker may be
basedonperceptualprinciples(e.g.[1]) or onstatisticalmod-
els (e.g. [2]) andmay be eitherbinary or probabilistic(e.g.
[3]).

In this paper, we follow an alternateapproachthat at-
temptsto constructentire spectrafor eachof the speakers,
ratherthanpartialspectraldescriptions.Typically, in this ap-
proach,characteristicspectro-temporalstructures,or “bases”,
arelearntfor theindividualspeakersfromtrainingdata.Mixed
signalsaredecomposedinto linearcombinationsof thesebases.
Signalsfor individualspeakersareseparatedby recombining
their baseswith appropriateweights. Janget al [4] derive
thebasesfor speakersthroughindependentcomponentanaly-
sisof their signals.Smaragdis[5] derivesthemthroughnon-
negativematrix factorizationof theirmagnitudespectra.Oth-

ershave derivedbasesthroughvectorquantization,Gaussian
mixturemodels,etc.

The algorithm presentedin this paperidenti�es typical
spectralstructuresfor speakersthroughlatent-variabledecom-
positionof theirmagnitudespectra.It is basedonastatistical
modelusedby [6] thatassumesthatspectralvectorsof speech
aretheoutcomesof a discreterandomprocessthatgenerates
frequency bin indices.By this model,eachanalysiswindow
(frame) of the speechsignal representsseveral draws from
this process.The magnitudespectrumfor the frame repre-
sentsa scaledhistogramof thedraws. Thedistributionof the
randomprocessitself is modelledasa mixture multinomial
distribution. The mixture weightsof the componentmulti-
nomialsare modelledto have a prior dirichlet distribution.
Thecomponentmultinomialsareassumedto be �x edacross
framesfor any speaker. Thecomponentmultinomialsandthe
prior dirichlet distributionsfor eachspeakerarelearnedfrom
unmixedsignalsusingiterativeprocedures.

The spectrumof a mixed signal is modelledas the his-
togramof repeateddraws from a two-level discreterandom
process.Within eachdraw, the randomprocess�rst draws
a speaker from the mixture, thena speci�c multinomial dis-
tribution for thespeaker, and�nally a frequency index from
the multinomial. The componentmultinomial distributions
andthedirichlet distribution parametersfor eachspeaker are
known a priori, having beenlearnt from training data. The
techniqueis thereforeasupervisedone,sincetheactualiden-
tities of the speakersin the mixed signalaswell asa priori
knowledgeof thecomponentmultinomialdistributionsis re-
quired. In order to separatethe spectrumfor eachspeaker,
maximumlikelihoodestimatesof the mixture weightsof all
componentmultinomialsandthea priori probabilitiesof the
speakersareobtainedfor eachframe.Theseparatedspectrum
for thespeaker within theframeis �nally obtainedastheex-
pectedvalueof thenumberof drawsof eachfrequency index
from themixturemultinomialdistribution for thespeaker.

The rest of the paperis organizedas follows: In sec-
tion 2, we brie�y describethe latentdirichlet variablemodel
for magnitudespectra. In section3, we describethe algo-
rithms for learningmultinomial componentdistributionsfor
speakersandfor separationof mixedsignals.In section4, we
presentsomeexperimentalresults. Finally in section5, we
discusstheresultsandpossibleextensionsof thiswork.



2. THE LATENT DIRICHLET VARIABLE MODEL

At the outsetit is assumedthat all speechsignalsare con-
vertedto sequencesof magnitudespectralvectors(simply re-
ferredto asspectralvectorshenceforth)througha short-time
Fouriertranform.theterm“frequency” in thesubsequentdis-
cussionactuallyrefersto thefrequenciesrepresentedin these
spectralvectors.

The latentdirichlet variablemodelis a generalizationof
the latentvariablemodelusedby Raj et al [6]. It is a gen-
erative probabilisticmodel which is an adaptationof latent
dirichletallocation[7].

Themodelassumesthateachspectralvectorof a speech
signal is the resultof several draws from a discreterandom
processthatgeneratesfrequency bin indices.Thegenerative
processfor eachdraw canbedescribedasfollows:

� Let � beaK -dimensionaldirichletrandomvariablethat
takesvaluesin the(K � 1) simplex (a k-vector� lies
in the(k � 1) simplex if � i � 0,

P k
i =1 � i = 1) andhas

thefollowing probabilitydensity

p(� j� ) =
�(

P K
i =1 � i )

Q K
i =1 �( � i )

� � 1 � 1
i : : : � � K � 1

K (1)

Generateanobservationof � .

� Let z beavariablethattakesvaluesf 1; 2; : : : K g. Gen-
eratea valueof z from theprobabilitydistribution de-
�ned by thevector� , i.e.

p(z = k) = � k (2)

� Let � beaK � F matrixdescribingfrequency probabil-
ities, whereF is thenumberof discretefrequenciesin
theFFT. Theij -th elementof thematrix� ij is theprob-
ability of drawing frequency j whenthehiddenvariable
z takesthevaluei , i.e.

� ij = p(f = j jz = i ) (3)

Generatea valueof the frequency using the multino-
mial distributiongivenby thek-th row of � , wherek is
thevalueof z generatedin thepreviousstep.

Thus,theoverallmixturemultinomialdistribution model
for a givenframeof thespectrumcanbewrittenas

p(f ) =
KX

k=1

� s
k � s

k f (4)

where� s hasaprior dirichletdistributionwith parametervec-
tor � s. Thesuperscripts indicatesthat thetermsarespeci�c
to thespeaker.

The latentdirichlet variablemodelfor thespectrumof a
mixedspeechsignalhasan additionallevel in the hierarchy.

A fractionof thespectralcontentin eachfrequency is derived
from eachspeaker. Hence,an intial latentvariables �rst se-
lectsaspeakerandthena frequency is selectedaccordingthe
generativemodelfor thatparticularspeaker. Theoverall dis-
tribution for thespectralvectoris givenby

p(f ) =
X

s

p(s)
KX

k=1

� s
k � s

k f (5)

wherep(s) is thea priori probabilityof thes-th speaker.

3. SINGLE CHANNEL SPEAKER SEPARATION

The algorithmcomprisesa learningstagewherethecompo-
nentmultinomial distributionsfor speakersare learnt,anda
separationstagewherethelearntparametersareusedto sep-
aratespeech.

3.1. Learning the parametersfor speakers

In thelearningstage,themutinomialdistributions� s andthe
dirichletparametervector� s arelearntfor eachspeaker from
asetof trainingrecordingsfor thespeaker. Let Of ;t represent
thevalueof thef -th frequency bandin thet-thspectralvector.
Let � k ;t representthevalueof � k thathasbeenestimatedfor
thet-th spectralvector.

Thetermsof equation4 areinitializedrandomlyandrees-
timatedthroughiterationsof the following equations,which
arederivedthroughtheexpectationmaximizationalgorithm:

pt (zjf ) =
� z;t � s

zfP
z0 � z0;t � s

z0f
(6)

� s
zf =

P
t pt (zjf )Of ;tP

t

P
f 0 pt (zjf )Of 0;t

(7)

� z;t =

P
f pt (zjf )Of ;t

P
z0

P
f pt (z0jf )Of ;t

(8)

The� valuesthathave beenestimatedfor all time framesare
thenusedto estimate� for thespeakerusinganiterativepro-
cedure,see[8] for details. Figure1 shows a few examples
of typical � s

zf distributions learnt for a femaleand a male
speaker.

3.2. Separatingspeakers fr om mixed signals

Theprocessof separatingthespectraof speakersfromamixed
signalhastwo stages.Theparameterspt (s) and� s

z;t for thet-
th analysisframeareestimatedby iterationsof thefollowing
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Fig. 1. TypicalComponentMultinomial Distributions

equations,derivedusingEM algorithm:

pt (s; zjf ) =
pt (s)� s

z;t �
s
zf

P
s0 pt (s0)

P K
k=1 � s0

k ;t � s0

k f

(9)
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(10)
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k=1 (
P

f pt (s; kjf )Of ;t + � s
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(11)

Onceall termshavebeenestimated,themixturemultino-
mial distributionfor thes-th speakerin thet-th analysisframe
is obtainedas

pt (f js) =
KX

k=1

� s
k ;t �

s
k f (12)

According to the model, the total numberof draws of any
frequency is thesumof the draws from the distributionsfor
theindividualspeakers,i.e.

Of ;t =
X

s

Of ;t (s) (13)

where Of ;t (s) is the numberof draws of f from the s-th
speaker. Theexpectedvalueof Of ;t (s), giventhetotal count
Of ;t is hencegivenby

Ôf ;t = E[Of ;t (s)] =
pt (s)pt (f js)Of ;tP

s0 pt (s0)pt (f js0)
(14)

Ôf ;t (s) is the estimatedvalueof the f -th componentof the
spectrumof the s-th speaker in the t-th frame. The set of
Ôf ;t (s) valuesfor all valuesof f andt arecomposedinto a
completesequenceof spectralvectorsfor the speaker. The

phaseof theshort-termFouriertransformof themixedsignal
is combinedwith the reconstructedspectrumandan inverse
Fouriertransformperformedto obtainthetime-domainsignal
for thespeaker.

Note: Sincethespectraareassumedto be histogramsin the
model,every spectralcomponentmustbe an integer. To ac-
countfor this,weassumethattheobservedspectrumis in fact
a scaledversionof thehistogram.Theunknown scalingfac-
tor doesnotappearin equations7,8 and10sinceit is factored
equallyin thenumeratorandthedenominator. However, it is
presentin equation11andwechooseits valueempirically.

4. EXPERIMENT AL EVALUATION

Mixture Mixture

Reconstructed Sample 1 Reconstructed Sample 2

Original Sample 1 Original Sample 2

Fig. 2. Exampleof theoutputof theseparationalgorithm

Experimentswereconductedto evaluatethespeaker sep-
arationperformanceof the proposedalgorithmon synthetic
mixturesof signalsfrom amalespeakerandafemalespeaker.
A setof 5 utterancesfrom theTIMIT databasecomprisingap-
proximately15 secondsof speechwasusedastraining data
for eachspeaker. All signalswerenormalizedto 0 meanand
unit varianceto ensureuniformity of signal level. Signals
wereanalyzedin 64mswindowswith 32msoverlapbetween
windows.Spectralvectorsweremodelledby amixtureof 100
multinomialdistributions.Thus,asetof 100multinomialdis-
tributionswerelearntfrom thetrainingdatafor eachspeaker.

Mixedsignalswereobtainedby digitally addingtestsig-
nalsfor bothspeakers.Thelengthof themixedsignalwasset
to theshorterof thetwo signals.Thecomponentsignalswere
all normalizedto 0 meanandunit varianceprior to addition,
resultingin mixed signalswith 0dB SNR for eachspeaker.
Themixedsignalswereseparatedusingthemethodoutlined
in section3.2.Weempiricallychosethevalueof theunknown



scalingfactorfor equation11 to be10000.
Figure2 shows anexampleof spectrogramsof separated

signalsobtainedfor the speakers. The spectrogramsof the
original signals,themixedsignalandbothseparatedsignals
areshown. It canbe seenfrom the �gure that considerable
separationhasbeenachievedfor bothspeakers.Examplesof
separatedsignalscanbeobtainedat
http://cns.bu.edu/� mvss/courses/speechseg/.

5. OBSERVATIONS AND CONCLUSIONS

Theproposedspeaker separationalgorithmis observedto be
able to extract separatedsignalswith signi�cantly reduced
levelsof thecompetingspeaker.

The proposedalgorithm, which is an adaptationof La-
tentDirichlet Allocation (LDA, see[7]), is anextensionand
generalizationof themethodusedby Raj et al [6]. Raj et al
usedtheideaof probabilisticlatentsemanticindexing (PLSI,
see[9]) but it hasbeenshown ([10]) thatPLSI is a maximum
a posterioriestimatedLDA modelundera uniform dirichlet
prior.
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