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ABSTRACT

We investigatethe use of IndependenSubspaceinaly-

sis (ISA) for instrumentidenti cation in musicalrecord-
ings. We represenshort-termlog-power spectraof pos-
sibly polyphonicmusicasweightednon-linearcombina-
tionsof typical notespectrglusbackgroundoise. These
typical notespectraarelearnteitheron databasesontain-
ing isolatednotesor on solorecordingdrom differentin-

struments. We shav that this model hassometheoreti-
cal advantagesover methodshasedon GaussiarMixture

Models(GMM) or onlinearISA. Preliminaryexperiments
with ve instrumentsand test excerptstaken from com-
mercial CDs give promisingresults. The performancen

cleansolo excerptsis comparablewith existing methods
and shaws limited degradationunderreverberantcondi-

tions. Appliedto adif cult duoexcerpt,themodelis also
ableto identify theright pair of instrumentsandto provide

an approximateranscriptionof the notesplayedby each
instrument.

1. INTRODUCTION

The aim of instrumentidenti cation is to determinethe
numberandthenamef theinstrumentpresentn agiven
musicalexcerpt. In the caseof ensemblemusic, instru-
mentidenti cation is oftenthoughtasaby-productof poly-
phonictranscription,which describessoundasa collec-
tion of notestreamglayedby differentinstrumentsBoth
problemsare fundamentalissuesfor automaticindexing
of musicaldata.

Early methodsfor instrumentidenti cation have fo-
cusedonisolatednotes for whichfeaturesdescribingim-
bre are easilycomputed.Spectrafeaturessuchas pitch,
spectralcentroid(asa function of pitch), enegy ratiosof
the rst harmonicsand temporalfeaturessuchas attack
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durationtremoloandvibratoamplitudehave provedto be
usefulfor discrimination[1].

Thesemethodshave beenextendedo soloandensem-
ble musicusingthe ComputationaAuditory SceneAnal-
ysis (CASA) framework [1, 2, 3, 4]. The principle of
CASA s to generaténsidea blackboardarchitecturenote
hypothesed®asedon harmonicityandcommononsetand
streamhypothesedasedon timbre, pitch proximity and
spatialdirection. Hypothesesirevalidatedor rejectedac-
cordingto prior knowledgeandcomplex precedenceules.
Thebesthypothesiss selectedor nal explanation.

Featurematchingmethodq3, 4] usethe sametimbre
featuresasin isolatednotes. Featuresomputedn zones
whereseveralnotesoverlaparemodi ed or discardede-
fore streamvalidationdependingon their type. Template
matchingmethodg2] compareheobsenedwaveformlo-
cally with sumsof templatewaveforms,that are phase-
aligned,scaledand ltered adaptvely.

A limitation of suchmethodss that oftentimbre fea-
turesor templatesareusedonly for streamvalidationand
not for notevalidation(exceptin [3]). This mayresultin
somebadly estimatedhotes,andit is not clearhow note
errorsaffectinstrumentdenti cation. For exampleabass
noteanda melodynoteforming atwo-octave interval may
be describedasa single bassnotewith a “strange”spec-
tral ervelope. This kind or error could be avoided using
the featuresor templatesof eachinstrumentin the note
estimationstage.

Timbre featuredor isolatednoteshave alsobeenused
onsolomusicwith statisticaimodelswhich do notrequire
note transcription. For examplein [5, 6] cepstralcoef-

cients arecomputedand modeledby GaussiarMixture
Models(GMM) or SupportVectorMachinegSVM).

In order for the cepstralcoefcients to make sense,
thesemethodssupposemplicitly thata singlenoteis pre-
sentat eachtime (or thatthe chordsin thetestexcerptare
alsopresentn the learningexcerpts). Thusthey arenot
applicableto ensemblenusicor to reverberantecordings
andnotrobusttowardsbackgrounchoisechangesMore-
overthey do notmodeltherelationshipbetweerpitch and
spectrakernvelope whichis animportantcue.



In thisarticleweinvestigatedheusefor instrumeniden-
ti cation of anotherwell-known statisticalmodel: Inde-
pendentSubspacénalysis(ISA). LinearISA transcribes
theshort-timespectrunof amusicalexcerptasaweighted
sum of typical spectra,either adaptedfrom the dataor
learntin apreviousstep.Thusit performstemplatematch-
ing in the spectrumdomain. Linear ISA of power spec-
trumhasbeenappliedto polyphonictranscriptionof drum
tracks[7, 8] andof synthesizedolo harpsichord9]. But
its ability to discriminatemusicalinstrumentseemdim-
ited, evenon arti cial data[10]. LinearISA of cepstrum
andlog-powerspectrunhasbeenusedor instrumeniden-
ti cation onisolatednotes[11] andgeneralsoundclassi-
cation in MPEG-7[12]. But, asthe GMM and SVM
methodsmentionedabove, it is restrictedto single class
dataandsensitve to backgrounchoisechanges.

Herewe shaw thatlinearISA is not adaptedor instru-
mentidenti cation in polyphonicmusic.We derive anew
ISA modelwith x ednonlinearitiesandwe studyits per
formanceonrealrecordinggakenfrom commercialCDs.

The structureof the article is asfollows. In Section2
wedescribeageneratiemodelfor polyphonicmusicbased
on ISA. In Section3 we explain how to useit for in-
strumentidenti cation. In Section4 we study the per
formanceof this modelon solo musicandits robustness
againstnoiseandreverberation.In Section5 we shav a
preliminary experimentwith a dif cult duo excerpt. We
concludeby discussingpossibleimprovements.

2. INDEPENDENT SUBSFACE ANALYSIS

2.1. Needfor a nonlinear spectrum model

Linear ISA of power spectrumexplains a seriesof ob-
sened polyphonicpower spectra(X;) by combininga set
of normalizedypicalspectrg 1) with time-varyingpow-
ers(en ). For simplicity, thiscombinationis usuallymod-
gIeHd asa sum. This givesthe generatre model x; =

h=1 €t nt+ t whereeachnotefrom eachinstrument
maycorrespondo seseraltypicalspectrd ), andwhere
( ) is aGaussiamoise[9]. As a generalnotationin the
following we usebold lettersfor vectors,regular letters
for scalarsandparenthesefr sequences.

Thislinearmodelsuffersfrom two limitations.

A rst limitation is thatthemodelingerroris badlyrep-
resentechsan additive noiseterm . Experimentshov
thatthe absolutevalueof  is usuallycorrelatedwith x;,
andthat the modelingerror may ratherbe consideredas
multiplicative noise(or asadditive noisein thelog-power
domain). This is con rmed by instrumentidenti cation
experiments,which use cepstralcoefcients (or equiva-
lently log-power spectralervelopes)as features,instead
of power spectralervelopes[5, 6, 11]. This limitation
seemgrucial regardingthe instrumentidenti cation per

formanceof themodel.

A secondimitation is that summingpower spectrais
not an ef cient way of representinghe variationsof the
spectrumof a given note betweendifferenttime frames.
Many typicalspectraareneededo represensmallfO vari-
ationsin vibrato, wide-bandhoiseduringattacksor power
riseof higherharmonicsn forte. Summatiorof log-power
spectras moreef cient. For instancet is possibleto rep-
resentsmall fO variationsby addingto a given spectrum
its derivative versusfrequeny with appropriatewveights.
It caneasilybeobsenedthatthis rst orderlinearapprox-
imationis valid for alargerfO variationrangeconsidering
log-power spectransteadof power spectra.

We proposeto solve theselimitations using nonlinear
ISA with x edlog(:) andexp(;) nonlinearitieghattrans-
form power spectranto log-poverspectraandvice-vesa
Therestof this Sectionde nesthis modelprecisely

2.2. De nition of the model

Let (x¢) be the short-timelog-power spectraof a given
musicalexcerptcontainingn instruments. As usualfor
westernmusicinstrumentswe supposehat eachinstru-
mentj, 1 ] n, canplay a nite numberof notes
h,1 h H;, lying onasemitonescale(however the
modelcouldalsobe usedto describgpercussions).

Denotingmj the power spectrumof instrumentj at
timet and 9y thelog-power spectrumof noteh from
instrumenj attimet, weassume

2 3
X
x¢ = log4  mj +nd+ 1)
i=1
Xl
mjy = exp( tht)eXp(e‘]ht); 2
h=1
(}ht = jnt ijhtuj!(h; (3
k=1

whereexp(;) andlog(:) arethe exponentialandlogarithm

functionsappliedto eachcoordinate. The vector  is

the unit-powver meanlog-power spectrumof noteh from

instrumeng and(U}‘h) arelL ,-normalized'variationspec-
tra” that model variationsof the spectrumof this note
around jn. The scalargjy is the log-powver of note
h from instrumentj attimet and (ijm) are “variation
scalars”associatedvith the “variationspectra”. Thevec-

tor n is the power spectrunof the stationarybackground
noise. The modelingerror vector ; is supposedo be a

white Gaussiamoise.

Notethatexplicit modelingof the backgrounchoiseis
neededn orderto preventit beingconsideredsafeature
of theinstrumentgpresenin theexcerpt.

This nonlinearmodel could be approximatedby the
simpleronex; = maxn



t. Indeedthe log-power spectrumcanbe consideredas
a‘“preferentialfeature”asde nedin [3], meaninghatthe
obsenedfeatureis closeto the maximumof the underly-
ing singleinstrumentfeatures.

Eq. (1-3)arecompletedvith probabilisticpriorsfor the
scalarvariables.We associateéo eachnoteat eachtime a
discretestateE;; 2 f0; 1g denotingabsencer presence.
We supposéhatthesestatevariablesareindependenand
follow a Bernoullilaw with constansparsityfactorP; =
P(Ejne = 0). Finally we assumethatgivenEjy = 0
gnt is constrainedo 1 andvj"ht to 0, andthat given
Eint = len andvj"ht follow independenGaussiataws.

2.3. Computation of acousticfeatures

The choiceof the time-frequeny distribution for (x;) is
notimposedby the model. However comparisorof spec-
tral ervelopeson auditory-motvatedfrequeng scalesor
logarithmicscaleshasusuallyleadto betterperformance
thanlinear scalesfor instrumentidenti cation [5]. Thus
precisionin upperfrequeng bandss notneededndcould
leadto over-learning. The modelingof fO variationswith
Eq. (3) alsoadwcatedor alogarithmicfrequeng scaleat
upperfrequenciessincef0 variationshave to inducesmall
spectralvariationsfor thelinearapproximatiorto bevalid.

In thefollowing we useabankof Iters linearly spaced
ontheERBscalef e gg = 9:2610g(0:00437 14, + 1) be-
tween30 Hz and11 KHz. The width of the main lobes
is setto four timesthe lter spacing. We computelog-
powerson 11 msframes(a lower thresholds setto avoid
drop-davnto 1 in silentzones).

3. APPLICATION TO INSTRUMENT
IDENTIFICA TION

For eachinstrumentj, we de ne the instrumentmodel

M ; asthecollectionof the x edISA parameterslescrib-
ing instrumentspeci ¢ properties:the spectra( ;») and
(U }‘h) andthe meansandvariancesf the Gaussiarvari-

ablese; e and(vf,, ) whenEjn = 1. We call orchestra
O = (M) alist of instrumentmodels.

The ideafor instrumentidenti cation is now to learn
instrumentmodelsfor severalinstrumentsn a rst step,
andin a secondstepto selectthe orchestrahat bestex-
plainsagiventestexcerpt. Thesetwo stepscalledlearning
andinferencearediscussedh this Section.

3.1. Inference

The probability of anorchestrds givenby the Bayeslaw
P(Oj(xt)) /I P((xt)jO)P(0O). The determinationof
P ((x¢)jO) involvesanintegrationoverthestateandscalar
variableswhich is intractable. We useinsteadthe joint
posterioPyans = P(O; (Ejnt); (Pjnt )i(Xt)) withpjne =

thebestorchestraD explaining(x;), but alsothebeststate
variableqE; n; ), which provideanapproximatgolyphonic
transcriptionof (x). Hereagaininstrumentdenti cation
andpolyphonictranscriptionareintimatelyrelated.

Pians is developedastheweightedBayeslaw

Ptrans / (Pspec)WSPeC(Pd(-:‘s,c)wdeSC Pstate Porch; (4)

involvingbthe four probability termsPspec 7 Qt P(4),
Pdesc = jht P(pjhtjEjht;Mj):Pstate = int P(Ejht)
andPoch = P(O) andcorrectingexponentswspec and
Wgesc. EXperimentallythe white noise model for ; is
not perfectly valid, sincevaluesof ; at adjacenttime-
frequeny pointsarea bit correlated Weightingby wspec
with 0 < wgpec < 1is away of takinginto accounthese
correlationq13].

Maximizationof Pyans With respecto the orchestraD
is carriedout by testingall possibilitiesandselectingthe
bestone.For eachO, thenotestateg Ejn; ) areestimated
iteratively with a jump procedure.At startall statesare
setto 0, thenat eachiterationat mostonenoteis added
or subtractedat eachtime t to improve Pyans value. The
optimal numberof simultaneousotesat eachtime is not

x edapriori. Thescalawvariablegpjnt ) arere-estimated
at eachiterationwith an approximatesecondorder New-
ton method.

The stationarybackgroundhoisepower spectrumn is
also consideredhs a variable, initialized as min; x; and
re-estimatedt eachiterationin orderto maximizePyans .

Thevarianceof ; andthesparsityfactorP; aresetby
handbasednafew measuresntestdata.Thecorrecting
exponentsvsyec andwgesc arealsosetby handdepending
on the redundanyg of the data(larger valuesare usedfor
ensemblanusicthanfor solos).

Settingarelevantprior P (O) onorchestrasvould need
avery large databasef musicalrecordingsto determine
thenumberof excerptsavailablefor eachinstrumentakn-
sembleandeachexcerptduration.Herefor simplicity we
useP(0) = P, TM1* *Hn) whereT is the numberof
time framesof (x;). This givesthe sameposteriorprob-
ability to all orchestra®on silent excerpts(i.e. whenall
stateq E; ny ) areequalto 0).

Obviously this prior tendsto favor explanationswith
a large numberof instruments,and thus cannotbe used
to determinghe numberof instrumentsn arelevantway.
Experimentsn thefollowing aremadeknowing the num-
berof instrumentsa priori.

Notethatevenif theprior wasmorecarefullydesigned,
the modelwould not be ableto discriminatea violin solo
from a violin duo. Indeedthe selectionof the good or-
chestrawould only be basedon the value of P (O), in-
dependentlyof the monophonicor polyphoniccharacter
of the excerpt. To avoid this, the Bernoulli prior for state
variablesshouldbereplacedy amorecomplex prior con-



straininginstrumentgo play onenoteat a time (plusre-
verberatiorof the previousnotes).

3.2. About “missing data”

We mentionedabove that log-power spectraare “prefer-
ential features”asde ned in [3]. It is interestingto note
thatinferencewith ISA treats“missing data”in the same
way thatpreferentiafeaturesaretreatedn [3]. Indeedthe
gradientsof Pyans VErsusg; ne andv]-kht involve thequan-
tity

exp( Jur ) €xP(gint)
it = P m o
ho=1 €XP( jhot ) €XP( not)

which is the power proportionof noteh from instrument
j into the modelspectrumat time-frequenyg point (t; f ).
Whenthis noteis masled by othernotes, |y 0 and
the value of the obsened spectrumx is not takeninto
accounto computeg nt , (ijht) andE; n . Onthecontrary
whenthis noteis preponderant; py 1 andthevalueof
Xi IS takeninto account.

Thismethodfor “missingdata”inferencemayuseavail-
ableinformationmoreef ciently thantheboundednargin-
alizationproceduren [4]. Whenseveralnotesoverlapin a
giventime-frequenyg point,theobsenedlog-powerin this
pointis consideredo be nearlyequalto thelog-power of
thepreponderamote,insteadof beingsimply considered
asanupperboundto thelog-powersof all notes.

(5)

3.3. Learning

Instrumentmodelscan be learntfrom a large variety of
learningexcerpts,rangingfrom isolatednotesto ensem-
ble music. The learning procedurends in an iterative
way the modelparametershat maximizePyans Onthese
excerpts.Eachiterationconsistsn transcribingthelearn-
ing excerptsasdiscussedbove andthenupdatingthein-
strumentmodelsin accordance.

The size of the model and the initial parametersare
x ed by hand. In our experimentswe setK = 2 for all
instruments.The meanspectra( jn) wereinitialized as
harmonicspectrawith a -12 dB per octave shape. The
“variationspectra”(U jlh) and(Uth) initially represented
wide-bandnoiseandfrequeng variationsrespectiely.

Experimentsshaved that learningon isolatednotesis
more robust since the whole playing rangeof eachin-
strumentis available and the statesequencesare known
a priori. We obtainedower recognitionrateswith instru-
mentmodelslearnton solo excerptsonly thanwith mod-
elslearntonisolatednotesonly (andthelearningduration
wasalsoconsiderabljonger).

The learning set usedin the rest of the article con-
sistsin isolatednotesfrom the RWC Databasg14]. To
malke comparisonsvith existing methodseasierwe con-
siderthe same ve instrumentsasin [4]: ute, clarinet,
oboe bowedviolin andbowedcello, abbreviatedasFl, Cl,

Ob, Vn andVc. All instrumentsarerecordedn thesame
room, andfor eachonewe selectonly the rst performer
andthe mostusualplayingstyles.Thusthelearningsetis
quitesmall.

4. PERFORMANCE ON SOLO MUSIC

4.1. Cleanconditions

The performancef the proposednethodwas rst tested
on cleansolomusic.For eachinstrumentwe collected10
solorecordingsrom 10 differentcommercialCDs. Then
we constructedhe testsetby extracting2 excerptsof 5
secondsut of eachrecording,avoiding silentzonesand
repeateabxcerpts.

Resultsare shawvn in Table 1. The averagerecogni-
tion rateis 90% for instrumentsand 97% for instrument
families(woodwindsor bowed strings). This is similar to
the 88% rate obtainedin [4]. The main sourceof error
is dueto cello phrasescontainingonly high pitch notes
beingeasilyconfusedwith violin. However cello phrases
containingboth high pitch notesandlow pitch notesare
correctlyclassi ed. Ambiguousfeaturef somenotesin-
sidea phrasearecompensatetly nonambiguoudeatures
of othernotes.

To assestherelativeimportanceof pitch cuesandspec-
tral shapecues,the sameexperimentwas donewith the
defaultinstrumentmodelsusedfor learninginitialization,
whichall have-12 dB peroctave spectra.Theaveragen-
strumentandfamily recognitionratesdroppedo 32%and
56% respectiely, which is closeto randomguess(20%
and50%). Only cello hada goodrecognitionrate (80%).
This provesthatthe ISA modelactuallycaptureghe spec-
tral shapecharacteristicsf theinstrumentanduseshem
in arelevantway for instrumentiscrimination.

Identi ed instrument
FI CIl Ob Vn V¢
S FI | 100%
g Cl 5% 85% 5% 5%
& Ob 95% 5%
2 Vn 5% 95%
F ve 25% 75%

Table 1. Confusionmatrix for instrumentrecognitionof
clean ve secondsoloexcerptsfrom commercialCDs

4.2. Noisy or reverberant conditions

We alsotestedthe robustnes®f the methodagainstoisy
or reverberantonditions.

We simulatedreverberationby convolving the clean
recordingswith aroomimpulseresponseecordedat IR-
CAM (1 sreverberatiortime) having anon at frequen-
tial responseTheaverageinstrumentecognitionratede-
creasedo 85%. Confusionwas mainly augmentede-



tweencloseinstrumentgsuchashigh pitch cello andlow
pitchviolin).

Thenwe addedvhite Gaussiamoiseto thecleanrecord-
ings with variousSignalto Noise Ratios(SNR). The av-
erageinstrumentrecognitionratedecreasetb 83% at 20
dB SNRand71%at 0 dB SNRwhenthe noisespectrum
n wasprovideda priori, andto 85%and59%whenit was
estimatedvithout constraints Thususefulspectralinfor-
mationfor instrumentidenti cation is still presenin low
SNRrecordingsandcanbe usedef ciently . Howeverthe
noisespectrumestimationprocedureve proposedvorks
at mediumSNR but fails at low SNR. A rst reasonfor
thisis thatthehyperparametergvarianceof ¢, Pz, Wspec
andwgesc) Weregiventhe samevaluesfor all testcondi-
tions, whereasthe optimal valuesshoulddependon the
data(for examplethe varianceof ; shouldbe smallerat
low SNR).A secondeasoris thatthe shapeof the poste-
rior is quite complex andthatthe simplejump procedure
we proposedo estimatehe notestatesboecomesensitve
to noiseinitialization at low SNR. Small improvements
(+2% at20 and0 dB SNR)wereobsenedwheninitializ-
ing n a priori. OtherBayesiarinferenceproceduresuch
asGibbsSamplingmayhelp solve this problem.

5. PERFORMANCE ON ENSEMBLE MUSIC

Finally the performanceof the methodwastestedon en-
semblemusic. Sincewe encounteredlif culties in col-
lecting a signi cant amountof testrecordingswe shav
hereonly the preliminary resultsobtainedon an excerpt
from Pachelbels canonin D arrangedor ute andcello.
This is a dif cult examplebecausel0 ute notesout of
12 areharmonicof simultaneousello notesandmelody
(ute) notesbelongto the playing rangeof both instru-
ments,ascanbeseenin Fig 1.

The resultsof instrumentidenti cation are showvn in
Fig 2. Usingthenumberof instrumentsasa priori knowl-
edgethemodelis ableto identify theright orchestraNote
thatthereis alargelik elihoodgapbetweerorchestrason-
taining cello andothers.Orchestragontainingonly high-
pitched instrumentscannotmodel the presenceof low-
pitch noteswhichis a coarseerror. Orchestragontaining
cello but not ute canmodelall the notes,but not with
theright spectrakervelope which is amoresubtlekind of
error.

ThenotestatesE 1., andE,.,: inferredwith theright
orchestraare shavn in Fig 1. All the notesarecorrectly
identi ed andattributedto therightinstrumentgvenwhen
celloand ute playharmonidntenalssuchastwo octaves
or oneoctareanda fth. Therearesomefalsealertnotes,
mostly with with shortduration. If a precisepolyphonic
transcriptionis neededtheseerrorscould beremovedus-
ing time integrationinsidethe modelto promotelong du-
ration notes. For examplethe Bernoulli prior for state
variablescouldbereplacedvith a HiddenMarkov Model
(HMM) [15], or even with a more complex model in-
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Figure 1. Spectrogranof a ute and cello excerptand
approximatearanscription(with the right orchestraxom-
paredwith thetruescore.

volving rhythm, forcing instrumentgo play monophonic
phrase®r takinginto accountmusicalknowledge[2].

6. CONCLUSION

In this article we proposeda methodfor instrumentiden-
ti cation basedon ISA. We showved that the linear ISA
frameawork is not suited for this task and we proposed
a new ISA model containing x ed nonlinearities. This
model provided good recognitionrateson solo excerpts
andwasshawvn to berobustto reverberation.lt wasalso
ableto determineheright pair of instrumentsn adif cult
duoexcerptandto transcribdt approximatvely.

Comparedo otherstatisticaimodelssuchasGMM and
SVM, ISA hasthe advantageof beingdirectly applicable
to polyphonic music without needinga prior note tran-
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Figure 2. Log-likelihoodsof the duo orchestrason the
duoexcerptof Fig. 1

scription step. Instrumentidenti cation and polyphonic
transcriptionare embeddedn a single optimizationpro-
cedure. This procedureuseslearntnote spectrafor each
instrumentwhich makesit successfufor bothtaskseven
in dif cult casesnvolving harmonicnotes.

However a few problemsstill have to be x ed, for in-
stancebetterestimatinghe backgroundoiseby selecting
automaticallythe valuesof the hyperparametersiepend-
ing on the data, determiningthe numberof instruments
with a betterorchestraprior, and separatingstreamsus-
ing musicalknowledgewhenoneinstrumenplaysseveral
streams.The computationaload may alsobe a problem
for large orchestrasandcould be reducedusingprior in-
formationfrom a corventionalmultiple fO tracker. We are
currentlystudyingsomeof thesequestions.

An interestingway to improve the recognitionperfor-
mancewould be to add a prior on the time evolution of
the statevariablesE;; or of thescalarvariablese ny and
ijm . For examplein [8] time-continuityof thescalavari-
ablesis exploited. In [11] aHMM is usedto sggmentiso-
latednotesinto attack/sustain/decgportionsanddifferent
statisticaimodelsareusedto evaluatethefeaturen each
portion. This usesthe factthatmary cuesfor instrument
identi cation are presentin the attackportion [1]. This
singlenoteHMM couldbeextendedo multiple notesand
instrumentsupposinghatall notesevolve independently
or introducinga couplingbetweemotesandinstruments.

Besidesits usefor instrumentidenti cation andpoly-
phonictranscriptiontheISA modelcouldalsobe usedas
a structuredsourceprior for sourceseparatiorin dif cult
cases. For examplein [15] we coupleinstrumentmod-
elsandspatialcuesfor the separatiorof underdetermined
instantaneoumixtures.
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