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ABSTRACT

We presentanalgorithmfor the separatiorof multiple speak-
ersfrom mixed single-channetecordingsby latentvariable
decompositiorof the speechspectrogram.We model each
magnitudespectralvectorin the short-timeFouriertransform
of aspeeclsignalastheoutcomeof adiscretaandomprocess
thatgenerated$requeng bin indices. The distribution of the
processs modelledasa mixture of multinomialdistributions,
suchthatthe mixtureweightsof thecomponentnultinomials
vary from analysiswindow to analysiswindow. The compo-
nentmultinomialsareassumedo be spealer speci c andare
learntfrom training signalsfor eachspealer. We modelthe
prior distribution of the mixture weightsfor eachspealer as
a dirichlet distribution. The distributions representingnag-
nitude spectralvectorsfor the mixed signalaredecomposed
into mixturesof themultinomialsfor all componenspealers.
The frequengy distribution i.e the spectrunfor eachspealer
is reconstructedrom this decomposition.

1. INTRODUCTION

The problem of separatingspealers from mixed monaural
recordinghashistorically beenapproachedrom the angleof

frequeng selection. To separatehe signalfor ary spealer,

thetime-frequeng component®f the mixed signalsthatare
dominatedy thespealerarereconstructedfom theresulting
incompletetime-frequenyg representationThe actualselec-
tion of time-frequeng componentdor ary spealer may be
basedn perceptuaprinciples(e.g.[1]) or on statisticaimod-
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 spealers,
ratherthanpartial spectraldescriptions Typically, in this ap-
proachcharacteristispectro-temporadtructuresor “bases”,
arelearntfor theindividualspealersfromtrainingdata.Mix ed
signalsaredecomposeihto linearcombination®f thesebases.
Signalsfor individual spealersareseparatedhy recombining
their baseswith appropriateweights. Janget al [4] derive
thebasedor spealkersthroughindependentomponentinaly-
sisof their signals.Smaragdig5] derivesthemthroughnon-
negative matrix factorizationof theirmagnitudespectraOth-
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ershave dervedbasedhroughvectorquantizationGaussian
mixture models etc.

The algorithm presentedn this paperidenti es typical
spectrabtructuresor spealersthroughlatent-\ariabledecom-
positionof their magnitudespectralt is basedn a statistical
modelusedby [6] thatassumethatspectralectorsof speech
arethe outcomeof a discreterandomprocesghatgenerates
frequeng bin indices. By this model,eachanalysiswindow
(frame) of the speechsignal representsereral dravs from
this process. The magnitudespectrumfor the frame repre-
sentsa scaledhistogramof thedraws. The distribution of the
randomprocessdtself is modelledas a mixture multinomial
distribution. The mixture weightsof the componentmulti-
nomials are modelledto have a prior dirichlet distribution.
The componenimultinomialsareassumedo be x edacross
framesfor any spealer. Thecomponentnultinomialsandthe
prior dirichlet distributionsfor eachspealer arelearnedfrom
unmixedsignalsusingiterative procedures.

The spectrumof a mixed signalis modelledas the his-
togramof repeatediravs from a two-level discreterandom
process. Within eachdraw, the randomprocessrst draws
a spealer from the mixture, thena speci ¢ multinomial dis-
tribution for the spealer, and nally afrequeng index from
the multinomial. The componentmultinomial distributions
andthedirichlet distribution parametergor eachspealer are
known a priori, having beenlearntfrom training data. The
techniquds thereforea supervisedne,sincetheactualiden-
tities of the spealersin the mixed signalaswell asa priori
knowledgeof the componenmultinomial distributionsis re-
quired. In orderto separateghe spectrumfor eachspealer,
maximumlik elihood estimatesf the mixture weightsof all
componenmultinomialsandthe a priori probabilitiesof the
spealkersareobtainedor eachframe.Theseparatedpectrum
for the spealer within theframeis nally obtainedasthe ex-
pectedvalueof the numberof draws of eachfrequeny index
from the mixture multinomial distribution for the spealer.

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 componendistributions for
spealersandfor separatiorof mixedsignals.In sectiond, we
presentsomeexperimentalresults. Finally in section5, we
discusgheresultsandpossibleextensionof this work.



2. THE LATENT DIRICHLET VARIABLE MODEL

At the outsetit is assumedhat all speechsignalsare con-
vertedto sequencesf magnitudespectralvectors(simply re-
ferredto asspectralvectorshenceforththrougha short-time
Fouriertranform.theterm“frequeng/” in thesubsequerntis-
cussionactuallyrefersto thefrequenciesepresenteth these
spectralectors.

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

The modelassumeshat eachspectralvectorof a speech
signalis the resultof several draws from a discreterandom
procesghatgeneratedrequeng bin indices. The generatie
procesdor eachdraw canbedescribedasfollows:

Let beaK -dimensionatlirichletrandonvariablethat
takesvaluesin the(K 1) simBle( (ak-vector lies
inthe(k 1)simplexif ; 0, |, = 1)andhas
thefollowing probability density

P K

pi)= gt 2 1 ()

K i
Generat@nobsenationof .

Letz beavariablethattakesvaluesf 1; 2;: : : K g. Gen-
eratea valueof z from the probability distribution de-
ned by thevector , i.e.

p(z=k) = « (@)

Let beaK F matrixdescribingrequeng probabil-
ities, whereF is the numberof discretefrequenciesn
theFFT. Theij -th elemenbf thematrix ; istheprob-
ability of drawing frequeng j whenthehiddenvariable
z takesthevaluei, i.e.

i = p(f =jjz=1) ®)

Generatea value of the frequeng using the multino-
mial distribution givenby thek-th row of , wherek is
thevalueof z generatedh the previousstep.

Thus,the overall mixture multinomial distribution model
for agivenframeof the spectruncanbewrittenas

X
p(f) = K Kf 4)
k=1

where S hasaprior dirichletdistributionwith parametevec-
tor S. Thesuperscrips indicatesthatthetermsarespeci c
to thespealer.

The latentdirichlet variablemodelfor the spectrumof a
mixedspeechsignalhasan additionallevel in the hierarchy

A fractionof thespectrakontentin eachfrequeng is derived
from eachspealer. Hence,anintial latentvariables rst se-
lectsaspealerandthenafrequeng is selectedcaccordingthe
generatie modelfor thatparticularspealer. The overall dis-
tribution for the spectralvectoris givenby

X X
p(f)= pls) & & (®)

S k=1

wherep(s) is thea priori probability of thes-th spealer.

3. SINGLE CHANNEL SPEAKER SERARATION

The algorithmcomprisesa learningstagewherethe compo-
nentmultinomial distributionsfor spealrsarelearnt,anda
separatiorstagewherethe learntparametersare usedto sep-
aratespeech.

3.1. Learning the parametersfor spealers

In thelearningstage the mutinomialdistributions S andthe
dirichletparametevector S arelearntfor eachspealerfrom
asetof trainingrecordingdor thespealer. Let O 1 represent
thevalueof thef -th frequeng bandin thet-th spectralvector
Let . representhevalueof i thathasbeenestimatedor
thet-th spectralvector

Thetermsof equatiord areinitializedrandomlyandrees-
timatedthroughiterationsof the following equationswhich
arederivedthroughthe expectatiormaximizationalgorithm:

S
p(zjf) = P2 (6)
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The valuesthathave beenestimatedor all time framesare
thenusedto estimate for thespealer usinganiterative pro-
cedure,see[8] for details. Figure 1 shovs a few examples
of typical 3; distributionslearntfor a femaleanda male
spealer.

3.2. Separatingspealers from mixed signals

Theproces®f separatinghespectraf spealersfrom amixed
signalhastwo stagesTheparameterg(s) and 3., for thet-
th analysisframeareestimatedy iterationsof the following



Female Male
0.06 0.04
0.04
0.02

0.02

. L. . i
0.1 0.2

oY 0.05 0.1 “‘m

o ﬂ. bala 0 .|..I“L. "
0.03 0.06
0.02 0.04
0.01 0.02

meu“_ 0 "

0 200 400 600 0 200 400 600

frequency frequency

Fig. 1. Typical ComponenMultinomial Distributions

equationsderivedusingEM algorithm:
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Onceall termshave beenestimatedthe mixture multino-
mial distributionfor thes-th spealerin thet-th analysiframe
is obtainedas

X
pe(f js) = Kt kf
k=1
According to the model, the total numberof draws of ary
frequeng is the sumof the draws from the distributionsfor
theindividual spealers,i.e.

(12)

X
Ory =

S

Or:t(s) (13)

where Os . (S) is the numberof draws of f from the s-th
spealer. The expectedvalueof Os . (S), giventhetotal count
Ot . is hencegivenby

_ _ Ps)pe(fjs)Or
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O 1(s) is the estimatedvalue of the f -th componenbf the
spectrumof the s-th spealer in the t-th frame. The setof
(of 1(s) valuesfor all valuesof f andt arecomposednto a
completesequencef spectralvectorsfor the spealer. The

phaseof the short-termFouriertransformof the mixedsignal
is combinedwith the reconstructedpectrumandan inverse
Fouriertransformperformedo obtainthetime-domairsignal
for thespealer.

Note: Sincethe spectraareassumedo be histogramsn the

model, every spectralcomponenimustbe aninteger To ac-

countfor this,we assumehattheobsenedspectrunisin fact
a scaledversionof the histogram.The unknown scalingfac-

tor doesnotappeain equation¥, 8 and10sinceit is factored
equallyin thenumeratoandthe denominatarHowever, it is

presenin equationl1 andwe choosédts valueempirically.

4. EXPERIMENT AL EVALUATION
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Fig. 2. Exampleof the outputof the separatioralgorithm

Experimentsvereconductedo evaluatethe spealer sep-
arationperformanceof the proposedalgorithmon synthetic
mixturesof signalsfrom amalespealerandafemalespealer.
A setof 5 utterancesrom the TIMIT databaseomprisingap-
proximately15 secondof speechwasusedastraining data
for eachspealer. All signalswerenormalizedto 0 meanand
unit varianceto ensureuniformity of signallevel. Signals
wereanalyzedn 64 mswindowswith 32 msoverlapbetween
windows. Spectralvectorsveremodelledby amixtureof 100
multinomialdistributions. Thus,asetof 100multinomialdis-
tributionswerelearntfrom thetraining datafor eachspealer.

Mix ed sighalswereobtainedby digitally addingtestsig-
nalsfor bothspealers. Thelengthof themixedsignalwasset
to theshorterof thetwo signals.The componensignalswere
all normalizedto 0 meanandunit varianceprior to addition,
resultingin mixed signalswith 0dB SNR for eachspealer.
The mixed sighalswereseparatedisingthe methodoutlined
in section3.2. We empiricallychosethevalueof theunknown



scalingfactorfor equationl1to be 10000.

Figure2 shows an exampleof spectrogramsf separated
signalsobtainedfor the spealers. The spectrogram®f the
original signals,the mixed signalandboth separatedignals
areshown. It canbe seenfrom the gure thatconsiderable
separatiorhasbeenachiezedfor both spealers. Examplesof
separatedignalscanbe obtainedat
http://cns.li.edu/ mvss/courses/speecigée

5. OBSERVATIONS AND CONCLUSIONS

The proposedspealer separatioralgorithmis obsenedto be
able to extract separatedsignalswith signi cantly reduced
levelsof thecompetingspealer.

The proposedalgorithm, which is an adaptationof La-
tentDirichlet Allocation (LDA, see[7]), is anextensionand
generalizatiorof the methodusedby Rajetal [6]. Rajetal
usedtheideaof probabilisticlatentsemantiandexing (PLSI,
see[9]) but it hasheenshowvn ([10]) thatPLSlis a maximum
a posterioriestimated_DA modelundera uniform dirichlet
prior.
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