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Abstract

Sourceseparationpr computationabuditorysceneanalysis attemptsto extract
individual acousticobjectsfrom input which containsa mixture of soundsfrom
different sources,alteredby the acousticervironment. Unmixing algorithms
suchasICA andits extensionsrecorer sourceshy reweighting multiple obser
vation sequencegndthuscannotoperatevhenonly a singleobsenationsignal
is available. | presenta techniquecalled refiltering which recovers sourceshy
a nonstationaryreweighting (“masking”) of frequeng sub-bandg$rom a single
recording,andarguefor the applicationof statisticalalgorithmsto learningthis
maskingfunction. | presentresultsof a simple factorial HMM systemwhich
learnsonrecordingof singlespeakrsandcanthenseparatenixturesusingonly
oneobsenation signalby computingthe maskingfunctionandthenrefiltering.

1 Learning from datain computational auditory sceneanalysis

Imaginelisteningto mary pianosbeingplayedsimultaneouslylf eachpianistwerestriking
keys randomlyit would be very difficult to tell which note camefrom which piano. But
if eachwere playing a coherentsong, separationwould be much easierbecauseof the
structureof music. Now imagineteachinga computerto do the separatiorby shawing it
mary musicalscoresas“training data”. Typical auditory perceptualnput containsa mix-
ture of sounddrom differentsourcesalteredby the acousticervironment.Any biological
or artificial hearingsystemmust extract individual acousticobjectsor streamsin order
to do successfulocalization,denoisingandrecognition. Bregman[1] calledthis process
auditory sceneanalysisin analogyto vision. Sourceseparationpr computationahuditory
sceneanalysis(CASA) is the practicalrealizationof this problemvia computeranalysis
of microphonerecordingsandis very similar to the musicaltaskdescribedabove. It has
beeninvestigatedy researclgroupswith differentemphasesrhe CASA communityhave
focusedon both multiple andsingle microphonesourceseparatiorproblemsunderhighly
realistic acousticconditions, but have usedalmost exclusively hand designedsystems
whichincludesubstantiaknowledgeof the humanauditorysystemandits psychophysical
characteristicge.g.[2,3]). Unfortunately it is difficult to incorporatelarge amountsof
detailedstatisticalknowledge aboutthe probleminto suchan approach. On the other
hand,machinelearningresearchersspeciallythoseworking on independentomponents
analysis(ICA) andrelatedalgorithms,have focusedon the caseof multiple microphones
in simplified mixing environmentsand have usedpowerful “blind” statisticaltechniques.
These“unmixing” algorithms(even thosewhich attemptto recoser more sourcesthan
signals)cannotoperateon singlerecordings Furthermoresincethey oftendependonly on
thejoint amplitudehistogranof the obsenationsthey canbevery sensitve to the detailsof
filtering andreverberatiorin theervironment.Thegoalof this papeiis to bringtogethethe
robustrepresentationef CASA and methodswhich learnfrom datato solve a restricted
versionof the sourceseparatiorproblem— isolating acousticobjectsfrom only a single
microphonerecording.



2 Refiltering vs. unmixing

Unmixingalgorithmsreweightmultiple simultaneousecordingsn.(t) (genericallycalled
microphonesjo form anew sourceobjects(t):

s(t) = agmi(t) +asmsa(t) + ... + ax mx(t) Q)
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The unmixing coeficients o; are constantover time and are chosento optimize some
propertyof the setof recoveredsourceswhich oftentranslatesnto a kurtosismeasuren
thejoint amplitudehistogranof themicrophonesTheintuition is thatunmixingalgorithms
arefinding spikes(or dentsfor low kurtosissources)n the mamginal amplitudehistogram.
Thetime orderingof the datapointss oftenirrelevant.

Unmixing depend®n a fine timescale sample-by-sampleomparisorof severalobsena-
tion signals.Humanspntheotherhand,cannohearhistogramspikes: andperformwell on
mary monauralkeparationasks.We aredoingstructuralanalysisor a kind of perceptual
groupingontheincomingsound.But whatis beinggrouped?Thereis substantiabvidence
thatthe enegy acrosstime in differentfrequeng bandscan carry relatively independent
information. This suggestshatthe appropriatesubpartof anaudiosignalmaybe narrov
frequeny bandsover shorttimes. To generatetheseparts, one can perform multiband
analysis— breakthe original signaly(t) into mary subbandsignalsb;(t) eachfiltered to
containonly enegy from a small portion of the spectrum.The resultsof suchananalysis
areoftendisplayedasa spectogramwhich shavs enegy (usingcolour or grayscalepsa
functionof time (ordinate)andfrequeng (abscissa)(For exampleoneis shovn onthetop
left of figure5.) In themusicalanalogy a spectrogranis like a musicalscorein which the
colouror grey level of the eachnotetells you how hardto hit the pianokey.

The basicidea of refiltering is to constructnen sourcesby selectvely reweighting the
multibandsignalsb;(t). Crucially, however, the mixing coeficientsareno longerconstant
over time; they arenow calledmaskingsignals Givena setof maskingsignals,denoted
a;(t), a sources(t) canbe recoveredby modulatingthe correspondingsubbandsignals
from the original inputandsumming:
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The «;(t) are gain knobson eachsubbandthat we can twist over time to bring bands
in andout of the sourceasneeded.This performsmaskingon the original spectrogram.
(An equialentoperationcan be performedin the frequeny domain?) This approach,
illustratedin figure 1, formsthe basisof many CASA approache¢e.g.[2,3,4]).

For ary specificchoiceof maskingsignalsa;(t), refiltering attemptsto isolatea single
sourcefrom theinput signalandsuppressll othersourcesandbackgroundoises Differ-
entsourcesanbeisolatedby choosingdifferentmaskingsignals.Henceforth] will make
a strongsimplifying assumptiorthat «; (t) arebinary and constantover a timescaler of
roughly 30ms. This is physicallyunrealistic,becausehe enegy in eachsmall region of
time-frequenyg never comesentirely from a singlesource.Howeverin practice for small
numberof sourcesthis approximationworksquitewell (figure 3). (Think of ignoringcol-
lisionsby assumingeparat@ianoplayersdo not oftenhit the samenoteatthe sametime.)

Try randomlypermutingthetime orderof samplesn astereamixturecontainingseveralsources
andseeif you still heardistinctstreamsavhenyou play it back.

’Make a corventional spectrogranof the original signal y(t) and modulatethe magnitudeof
eachshorttime DFT while preservingits phase:s¥(7) = F ' {a¥ | F{y* (1) | ZF{y¥ (1)}}
wheres® () andy® () arethe w'” windows (blocks)of the recaseredandoriginal signals,o is
themaskingsignalfor subband in window w, andF[-] is the DFT.
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Figure 1: The refiltering approachto one microphonesourceseparation.Multiband analysisof
the original signaly(t) givessub-bandsignalsb;(t) which aremodulatedoy maskingsignalsa; (t)
(binaryor realvaluedbetweerD and1) andrecombinedo give the estimatedsourceor objects(t).

Refilteringcanalsobethoughtof asa highly nonstationaryienerfilter in which boththe
signalandnoisespectraarere-estimatetaratel/7; thebinaryassumptions equivalent
to assuminghatover atimescaler the signalandnoisespectraarenonoverlapping.

It is afortunateempiricalfactthatrefiltering,evenwith binarymaskingsignals cancleanly
separatsourcegrom asinglemixedrecording.This canbedemonstratetly takingseveral
isolatedsourcesor noisesandmixing themin a controlledway. Sincethe original compo-
nentsareknown, an“optimal” setof maskingsignalscanbe computed.For example,we
mightseta;(t) equalto theratio of enegy from onesourcein band: aroundtimest + 7 to
thesumof enegiesfrom all sourcesn thesamebandatthattime (asrecommendedy the
Wienerfilter) or to a binaryversionwhich thresholdghis ratio. Constructingnasksn this
way is alsousefulfor generatindabeledtrainingdata,asdiscussedbelow.

3 Multiband grouping asa statistical pattern recognitionproblem

Sinceone-microphonsourceseparatiorusingrefilteringis possiblef themaskingsignals
arewell chosenthe essentiaproblembecomeshow canthe o;(¢) be computedautomat-
ically from a single mixed recording? The goal is to groupor “tag” togetherregions of
the spectrogranthat belongto the sameauditory object. Fortunately in audition (asin
vision), naturalsignals—especiallgpeech—shibit a lot of regularity in the way enegy
is distributedacrossthe time-frequeng plane. Groupingcuesbasedon theseregularities
have beenstudiedfor mary yearsby psychophysicistandarehandbuilt into mary CASA
systemsCuesarebasedntheideaof suspiciougoincidencesroughly, “thingsthatmove
togethedik ely belongtogether”. Thus,frequenciesvhich exhibit commononsetspffsets,
or upward/davnwardsweepsremorelik ely to begroupednto the samestream(figure 2).
Also, mary realworld soundshave harmonicspectraso frequenciesvhich lie exactly on
a harmonic“stack” are often perceptuallygroupedtogether (Musically, pianoplayersdo
not hit keys randomly but insteadusechordsandrepeatednelodies.)
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Figure2: Examplesof threecommongroup-
ing cuesfor enegy which often comesfrom
a single source. (left) Frequenciesvhich lie
exactly on harmonicmultiplesof asinglebase
frequeng. (middle) Frequenciesvhich sud-
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Thereareseveral waysthat statisticalpatternrecognitionmight be appliedto take advan-
tageof thesecues.Methodsmay be roughly groupedinto unsupervisednes,which learn
modelsof isolatedsourcesand thentry to explain mixed input as being causedby the
interactionof individual sourcemodels;and supervisednethods which explicitly model
groupingin mixedacoustianput but requirelabeleddataconsistingof mixedinputaswell



asmaskingsignals.Luckily it is very easyto generatesuchdataby mixing isolatedsources
in a controlledway, althoughthe subsequergupervisedearningcandifficult.3

Figure 3: Eachpoint representshe enegy from one sourceversus
anotherin a narrav frequeny bandover a 32mswindow. The plot
shaws all frequenciever a 2 secondperiod from a speechmixture.
Typically when one sourcehaslarge enegy the otherdoesnot. The
binary assumptioron the maskingsignalsc; (t) is equivalentto pro-
jectingthe pointsshavn ontoeitherthe horizontalor vertical axis.

4 Resultsusing factorial-max HMMs

Here,| will describeone (purely unsupervisedjnethodl have pursuedfor automatically
generatingmaskingsignalsfrom a single microphone. The approackHirst trains spealer
dependenhiddenMarkov models(HMMs) on isolateddatafrom single talkers. These
pre-trainednodelsarethencombinedn a particularway to build a separatiorsystem.

First, for eachspealer, asimpleHMM is fit usingpatchesf narravbandspectrogramas
thepatternvectors? Theemissiordensitiesnodelthetypical spectrapatterngproducedy
eachtalker, while thetransitionprobabilitiesencouragepectrakcontinuity HMM training
wasinitialized by first traininga mixture of Gaussiansn eachspealer’s data(with asingle
sharedcovariancematrix) independenof time order Eachmixture had8192components
of dimension1026 = 513 x 2; thuseachHMM had 8192 states. To avoid overfitting,
the transitionmatriceswere regularlizedafter training so that eachtransition(even those
unobseredin thetrainingset)hada smallfinite probability.

Next, to separate new singlerecordingwhich is a mixture of known spealers,thesepre-
trainedmodelsare combinedinto a factorial hiddenMarkov model(FHMM) architecture
[5]. A FHMM consistof two or moreunderlyingMarkov chains(the hiddenstates)vhich
evolveindependentlyTheobsenationy; atany time dependenthestatesf all thechains.
A simpleway to modelthis dependences to have eachchainc independentlyroposean
outputy¢ andthencombinethemto generatéhe obsenationaccordingto someruley; =
Qlyl,y7,...,y¢). Below, | usea modelwith only two chains whosestatesaredenoted
x¢ andz;. At eachtime, onechainproposesn outputvectora,, andthe otherproposes
b.,. Thekey partof themodelis thefunction ): obsenationsaregeneratedby takingthe
elementwisenaximunof the proposalsandaddingnoise.This maximumoperatiorreflects
the obsenationthatthe log magnitudespectrogranof a mixture of sourceds very nearly
the elementwisenaximumof the individual spectrogramsThe full generatre modelfor
this “factorial-maxHMM” canbewritten simply as:

p(ry = jlrg1 = i) =Ty 3)
Pz = jlag—1 = 1) = Uy 4)
p(}’t|$t;zt) = N(ma*x[az‘wbzz]aR) (5)

3Recallthatrefilteringcanonly isolateoneauditorystreamatatimefrom thescengwe arealways
separatinda source"from “the background”).This makeslearningthe maskingsignalsan unusual
problembecausdor ary input (spectrogram}hereare as mary correctanswersas objectsin the
scene.Sucha highly multimodaldistribution on outputsgiveninputs meanshat the mappingfrom
auditoryinput to maskingsignalscannotbe learnedusingbackpropor othersingle-waluedfunction
approximatorsvhich take the average of the possiblemaskinggresenin thetrainingdata.

“Theobserationsarecreatecy concatenatinghevaluesof 2 adjacentolumnsof thelog magni-
tudeperiodograninto asinglevector Theoriginal waveformsweresamplecat 16kHz. Periodogram
windows of 32msat a framerateof 16mswereanalyzedisinga HammingtaperedFT zeropadded
to length1024. This gave 513 frequeny samplesrom DC to Nyquist. Averagesignalenegy was
normalizedacrosghe mostrecent8 framesbeforecomputingeachDFT.



whereN (i, ¥) denotesa Gaussiartlistribution with meanu andcovarianceX andmax|-]
is the elementwisemaximumoperationon two vectors. (Thereare alsodensitieson the
initial statesr; andz;.) This modelis illustratedin figure 4. It ignorestwo aspect®f the
spectrograntata: first, Gaussiamoiseis usedalthoughthe obsenationsare nonneyative;
secondthe probability factorrequiringthe non-maximumoutputproposatto be lessthan
the maximumproposalis missing. However, in practicetheseapproximationsarenot too
severeandmakingthemallows anefficientinferenceproceduregseebelaw).

@ Figure 4: Factorial HMM with
axT max outputsemanticsTwo Markov
chainsz; and z; evolve indepen-
T dently Obsenrations y; are the
b elementwisemax of the individ-
ual emissionvectorsmax|ag,, b, ]

@ plusGaussiamoise.

In the experimentpresentedbelow, eachchainrepresents spealer dependenHMM (one
maleandonefemale). The emissionandtransitionprobabilitiesfrom eachspealer’s pre-
trainedHMM were usedasthe parametergor the combinedFHMM. (The outputnoise
covarianceR is sharetbetweerthe two HMMs.)

Given an input waveform, the obsenation sequenc&” = yy,...,yr is createdfrom
the spectrogramas before? Separatioris doneby first inferring a joint underlyingstate
sequencd i, 2, } of thetwo Markov chainsin the modelandthenusingthe differenceof
theirindividual outputpredictionsto computea binary maskingsignal:

ap(i) =1 if a (i) >bs (i) and 0 if az (i) <bg(i) (6)

Ideally, the inferred statesequencegz;, 2;} shouldbe the modeof the posteriordistri-
bution p(x¢, 2¢|Y"). Sincethe hiddenchainssharea single visible outputvariable,nave
inferencein the FHMM graphicalmodelyieldsanintractableamountof work exponential
in the size of the statespaceof eachsubmodel.However, becausell of the obsenations
are nonngative andthe nax operationis usedto combineoutput proposalsthereis an
efficient trick for computingthe bestjoint statetrajectory At eachtime, we canupper
boundthelog-probabilityof generatinghe obsenationvectorif onechainis in states, no
matterwhat statethe other chainis in. Computingtheseboundsfor eachstatesettingof
eachchainrequiresonly alinearamountof work in the sizeof the statespacesWith these
boundsin hand,eachtime we evaluatethe probability of a specificpair of stateswe can
eliminatefrom consideratiorall statesettingsof eitherchainwhoseboundsareworsethan
the achieved probability. If pairsof statesare evaluatedin a sensibleheuristicorder (for
exampleby rankingthebounds}hisresultsin practicein almostall possibleconfigurations
beingquickly eliminated.(Thistrick turnsoutto beequialentto a5 searchin gametrees.)

Thetrainingdatafor themodelconsistonly of spectrogramsf isolatedexamplesof each
spealerbutinferencecanbedoneontestdatawhichis aspectrogranof asinglemixture of

known spealers. Theresultsof separating simpletwo spealer mixture areshovn below.

Thetestutterancewvasformedby linearly mixing two out-of-samplautterancegonemale
andonefemale)from the samespealersasthe modelsweretrainedon. Figure5 shavs
the original mixed spectrogranitop left) aswell asthe sequenc®f outputsa;, (bottom
left) andb;, (bottomright) from eachchain. The chainwith the maximumoutputin ary

sub-bandat ary time hasa; (t) = 1, otherwisea;(t) = 0 (topright). The FHMM system
achievesgoodseparatiorirom only a singlemicrophong(seefigure 6).



Figure 5: (top left) Original spectrogranof mixed utterance. (bottom) Male and femalespec-
trogramspredictedby factorialHMM andusedto computerefiltering masks. (top right) Masking
signalsa; (t), computedby comparingthe magnitude®f eachmodels predictions.

5 Conclusions

In this paperl have arguedfor the marriageof learning algorithmswith the refiltering
approachto CASA. | have presentedesultsfrom a simple factorial HMM systemon
a spealker dependenseparatiorproblemwhich indicate that automaticallylearnedone-
microphoneseparationsystemsmay be possible. In the machinelearningcommunity
the one-microphoneseparatiorproblemhasreceived much lessattentionthan unmixing
problems,while CASA researcherbave not employed automaticlearningtechniquego
full effect. Sceneanalysiss aninterestingandchallengindearningproblemwith exciting
and practical applications,and the refiltering setuphas mary nice properties. First, it
canwork if the maskingsignalsare chosenproperly Second,t is easyto generatdots
of training data, both supervisedand unsupervised.Third, a good learningalgorithm—
when presentedvith enoughdata—shouldautomaticallydiscover the sortsof grouping
cueswhich have beenbuilt into existing systemsy hand.

Furthermorein therefilteringparadigmthereis no needto make a harddecisionaboutthe
numberof sourcegresenin aninput. Eachproposednaskinghasanassociatedgcoreor
probability; groupingswith high scorescanbe consideredsources”,while oneswith low
scoresmight be partsof the backgroundor mixturesotherfaint sources.CASA returnsa
collectionof candidatemaskingsandtheir associatedcoresandthenit is upto theuserto
decide—basedntherangeof scores—th@umberof sourcesn thescene.

Marny existing approache speectandaudioprocessindiave the potentialto be applied
to the monauralsourceseparationproblem. The unsupervisedactorial HMM system
presentedn this paperis very similar to the work in the speechrecognitioncommunity
on parallel modelcombination[6,7]; however ratherthanusingthe combinedmodelsto
evaluatethe likelihood of speechin noise,the efficiently inferred statesare being used
to generatea maskingsignal for refiltering. Wan and Nelsonhave developeddual EKF
methodg8] andappliedthemspeectdenoisingout have alsoinformally demonstratetheir
potentialapplicationto monauralsourceseparation.Attias and colleagueg9] developed
a fully probabilisticmodel of speechin noise and usedvariationalBayesiantechniques
to performinferenceandlearningallowing denoisinganddereverberationtheir approach
clearly hasthe potentialto be appliedto the separatiorproblemaswell. Cauwenbeghs
[10] hasa very promisingapproactto the problemfor purely harmonicsignalsthattakes
adwantageof powerful phaseconstraintavhich areignoredby otheralgorithms.

Unsupervisedand supervisedapproachesanbe combinedto variousdegrees. Learning
modelsof isolatedsoundsmay be useful for developingfeaturedetectors;conjunctions
of suchfeaturedetectorscanthenbe trainedin a supervisedashionusinglabeleddata.



Figure 6: Testseparatiomesults,usinga 2-chainspealkr dependentactorial-maxHMM, followed
by refiltering. (Seefigure 4 andtext for details.)(A) Originalwaveformof mixedutterance.
(B) Originalisolatedmale& femalewaveforms.(C) Estimatednaleandfemalewaveforms.

The oscillatory correlationalgorithm of Brown and Wang[4] hasa low level moduleto
detectfeaturesn the correlogramanda high level moduleto do grouping. Relatedideas
in machinevision, suchasMarkov networks [11] and minimum normalizedcut [12] use
low level operationgo defineweightsbetweerpixels andthenhigherlevel computations
to grouppixelstogether
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