Detailed graphical modelsfor source separation
and missingdata interpolation in audio

Manuel J. Reyes-Gomez, NebojsaJojic? and Daniel P.W. Ellis?

1 LabROSA, Departmenbf ElectricalEngineeringColumbiaUniversity? Microsoft Research

Methodsfor blind sourceseparatiorbasedonly on generalpropertiessuchas sourcein-
dependencencountedif culties whenthe degreeof overlapand/orthe dimensionalityof
the obsenationsmake the blind inferenceproblemunresohable. Suchsituationsrequire
additionalconstrainton theform of theindividual sourcesmotivatingthe developmenbf
modelsableto capturein detailthe consisteng andvariability of a singlesources sound.
With single-chairHMMs this requiresa very large numberof states makingthe models
maminally practical.Herewe presentwo approachew factorizethevariability in detailed
models.Firstis acoupledsubbandnodel,whereeachsourcesignalis brokeninto multiple
frequeng bandsandseparatdut coupledHMMs arebuilt for eachbandrequiringmary
fewer stategpermodel.In orderto avoid the unnaturaktatecombinationghatwould arise
from independentnodelsfor eachband(asin themultibandspeechmodelsof [1] and[2]),
we coupleadjacenbandgesultingin agrid-likemodel( g. 1) for thefull spectrumExact
inferenceof sucha modelis intractable,but we have derived an ef cient approximation
basedn variationalmethods.

We can usethesesubbandmodelsto separatesourcemixturesby combiningthemin a

factorialmodelandestimatingViterbi statealignmentfor eachcomponentagainusingan

ef cient variationalapproximation) A time-frequeng maskcalculatedastheelementwise
maximumof thestatemeansateachframecanextractenegy almostcompletelydominated
by one of the sourcesasin [3]. Our approachoutperformsbothin degreeof separation
andcomputationatimeits full spectrgtraditionalHMMs) counterpartFigure3 (a) shovs

the spectrogranof a mixture of two sourcespanel(b) shaovs a separatioomask,andpanel

(c) shows the resultingmasled elementscorrespondingo one source,with mary cells

missing. Although the humanperceptuakystemis quite tolerantof thesedeletions,rec-

ognizergrainedon cleansignalswill be seriouslydisturbedby suchdistortion,motivating

our secondmodelfor ef cient interpolationin time-frequeng representations.

Thismodelrepresenta signalwith alimited numberof stategplusatransformatiormech-
anismthat modelseachframeof a spectrogranasa combinationof a representatie state
anda transformatiorof the previousframe. The transformatioris doneby usinga setof

matricesTX thatrelatea vectorof N + 1 time-frequenyg coefcients centeredaroundthe

k™ bin atframet, X [ N=24*N=2 with avectorof M + 1 coefcients centeredaround

thek™ binatframet 1, X [, M=2**M=2 " Althoughthis modelcould alsobe usedfor

sourceseparatioras above, we useit herefor interpolatingmissingspectrogranvalues
from obsenedones.Theresultingmodelis atwo layerMarkov randomeld with anupper
layerrepresentinghe transformatiomodesanda lower layerrepresentinghe enegiesin

time-frequeng cells (g. 2). The modelis intractablebut inferenceis doneusingloopy

belief propagationWe appliedour transformatiormodelto interpolatethe missingbinsin

g. 3(c); panel(d) shavs theresultafter 15 iterations,and panel(e) after 30 iterations.
Our interactve demovisualizestheinterpolationprocessn real-time.
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Figurel: (a) Spectrogranpartitioningand(b) multibandmodel.
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Figure3: Spectramaskingandinterpolationof missingdata
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