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Methodsfor blind sourceseparationbasedonly on generalpropertiessuchassourcein-
dependenceencounterdif�culties whenthedegreeof overlapand/orthedimensionalityof
the observationsmake the blind inferenceproblemunresolvable. Suchsituationsrequire
additionalconstraintson theform of theindividualsources,motivatingthedevelopmentof
modelsableto capturein detail theconsistency andvariability of a singlesource's sound.
With single-chainHMMs this requiresa very large numberof states,makingthemodels
marginallypractical.Herewepresenttwo approachesto factorizethevariability in detailed
models.First is acoupledsubbandmodel,whereeachsourcesignalis brokeninto multiple
frequency bands,andseparatebut coupledHMMs arebuilt for eachbandrequiringmany
fewerstatespermodel.In orderto avoid theunnaturalstatecombinationsthatwould arise
from independentmodelsfor eachband(asin themultibandspeechmodelsof [1] and[2]),
wecoupleadjacentbandsresultingin agrid-likemodel(�g. 1) for thefull spectrum.Exact
inferenceof sucha model is intractable,but we have derived an ef�cient approximation
basedonvariationalmethods.

We can usethesesubbandmodelsto separatesourcemixturesby combiningthem in a
factorialmodelandestimatingViterbi statealignmentfor eachcomponent(againusingan
ef�cient variationalapproximation).A time-frequency maskcalculatedastheelementwise
maximumof thestatemeansateachframecanextractenergyalmostcompletelydominated
by oneof the sources,asin [3]. Our approachoutperformsboth in degreeof separation
andcomputationaltimeits full spectra(traditionalHMMs) counterpart.Figure3 (a)shows
thespectrogramof amixtureof two sources;panel(b) showsaseparationmask,andpanel
(c) shows the resultingmasked elementscorrespondingto one source,with many cells
missing. Although the humanperceptualsystemis quite tolerantof thesedeletions,rec-
ognizerstrainedoncleansignalswill beseriouslydisturbedby suchdistortion,motivating
oursecondmodelfor ef�cient interpolationin time-frequency representations.

Thismodelrepresentsasignalwith a limited numberof statesplusatransformationmech-
anismthatmodelseachframeof a spectrogramasa combinationof a representative state
anda transformationof thepreviousframe. The transformationis doneby usinga setof
matricesT k

t thatrelatea vectorof N + 1 time-frequency coef�cients centeredaroundthe
kth bin at framet, X [k � N =2;k + N =2]

t with a vectorof M + 1 coef�cients centeredaround
thekth bin at framet � 1, X [k � M =2;k + M =2]

t � 1 . Althoughthis modelcouldalsobeusedfor
sourceseparationasabove, we useit herefor interpolatingmissingspectrogramvalues
from observedones.Theresultingmodelis atwo layerMarkov random�eld with anupper
layerrepresentingthetransformationnodesanda lower layerrepresentingtheenergiesin
time-frequency cells (�g. 2). The modelis intractablebut inferenceis doneusingloopy
belief propagation.We appliedour transformationmodelto interpolatethemissingbinsin
�g. 3 (c); panel(d) shows the resultafter 15 iterations,andpanel(e) after 30 iterations.
Our interactivedemovisualizestheinterpolationprocessin real-time.
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   a)                                                                                                                                      b)

Figure1: (a)Spectrogrampartitioningand(b) multibandmodel.
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Figure2: InterpolationModel
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Figure3: Spectralmaskingandinterpolationof missingdata
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