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ABSTRACT

We investigatethe useof IndependentSubspaceAnaly-
sis (ISA) for instrumentidenti�cation in musicalrecord-
ings. We representshort-termlog-power spectraof pos-
sibly polyphonicmusicasweightednon-linearcombina-
tionsof typicalnotespectraplusbackgroundnoise.These
typicalnotespectraarelearnteitherondatabasescontain-
ing isolatednotesor on solorecordingsfrom differentin-
struments. We show that this model hassometheoreti-
cal advantagesover methodsbasedon GaussianMixture
Models(GMM) oronlinearISA. Preliminaryexperiments
with � ve instrumentsand testexcerptstaken from com-
mercialCDsgive promisingresults.Theperformanceon
cleansolo excerptsis comparablewith existing methods
and shows limited degradationunderreverberantcondi-
tions.Applied to a dif�cult duoexcerpt,themodelis also
ableto identify theright pairof instrumentsandto provide
an approximatetranscriptionof thenotesplayedby each
instrument.

1. INTRODUCTION

The aim of instrumentidenti�cation is to determinethe
numberandthenamesof theinstrumentspresentin agiven
musicalexcerpt. In the caseof ensemblemusic, instru-
mentidenti�cation isoftenthoughtasaby-productof poly-
phonic transcription,which describessoundasa collec-
tion of notestreamsplayedby differentinstruments.Both
problemsare fundamentalissuesfor automaticindexing
of musicaldata.

Early methodsfor instrumentidenti�cation have fo-
cusedonisolatednotes,for whichfeaturesdescribingtim-
bre areeasilycomputed.Spectralfeaturessuchaspitch,
spectralcentroid(asa functionof pitch), energy ratiosof
the �rst harmonicsand temporalfeaturessuchasattack
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duration,tremoloandvibratoamplitudehaveprovedto be
usefulfor discrimination[1].

Thesemethodshavebeenextendedto soloandensem-
ble musicusingtheComputationalAuditory SceneAnal-
ysis (CASA) framework [1, 2, 3, 4]. The principle of
CASA is to generateinsideablackboardarchitecturenote
hypothesesbasedon harmonicityandcommononsetand
streamhypothesesbasedon timbre, pitch proximity and
spatialdirection.Hypothesesarevalidatedor rejectedac-
cordingto prior knowledgeandcomplex precedencerules.
Thebesthypothesisis selectedfor �nal explanation.

Featurematchingmethods[3, 4] usethe sametimbre
featuresasin isolatednotes.Featurescomputedin zones
whereseveralnotesoverlaparemodi�ed or discardedbe-
fore streamvalidationdependingon their type. Template
matchingmethods[2] comparetheobservedwaveformlo-
cally with sumsof templatewaveforms,that are phase-
aligned,scaledand�ltered adaptively.

A limitation of suchmethodsis that often timbre fea-
turesor templatesareusedonly for streamvalidationand
not for notevalidation(exceptin [3]). This mayresultin
somebadly estimatednotes,andit is not clearhow note
errorsaffect instrumentidenti�cation. For examplea bass
noteandamelodynoteformingatwo-octaveinterval may
be describedasa singlebassnotewith a “strange”spec-
tral envelope. This kind or error could be avoidedusing
the featuresor templatesof eachinstrumentin the note
estimationstage.

Timbrefeaturesfor isolatednoteshave alsobeenused
onsolomusicwith statisticalmodelswhichdonotrequire
note transcription. For examplein [5, 6] cepstralcoef-
�cients arecomputedandmodeledby GaussianMixture
Models(GMM) or SupportVectorMachines(SVM).

In order for the cepstralcoef�cients to make sense,
thesemethodssupposeimplicitly thata singlenoteis pre-
sentat eachtime (or thatthechordsin thetestexcerptare
alsopresentin the learningexcerpts). Thusthey arenot
applicableto ensemblemusicor to reverberantrecordings
andnot robusttowardsbackgroundnoisechanges.More-
over they donotmodeltherelationshipbetweenpitchand
spectralenvelope,which is animportantcue.



In thisarticleweinvestigatetheusefor instrumentiden-
ti�cation of anotherwell-known statisticalmodel: Inde-
pendentSubspaceAnalysis(ISA). LinearISA transcribes
theshort-timespectrumof 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 synthesizedsoloharpsichord[9]. But
its ability to discriminatemusicalinstrumentsseemslim-
ited, evenon arti�cial data[10]. Linear ISA of cepstrum
andlog-powerspectrumhasbeenusedfor instrumentiden-
ti�cation on isolatednotes[11] andgeneralsoundclassi-
�cation in MPEG-7 [12]. But, as the GMM and SVM
methodsmentionedabove, it is restrictedto singleclass
dataandsensitive to backgroundnoisechanges.

Hereweshow thatlinearISA is notadaptedfor instru-
mentidenti�cation in polyphonicmusic.We deriveanew
ISA modelwith �x ednonlinearitiesandwe studyits per-
formanceon realrecordingstakenfrom commercialCDs.

Thestructureof thearticle is asfollows. In Section2
wedescribeagenerativemodelfor polyphonicmusicbased
on ISA. In Section3 we explain how to use it for in-
strumentidenti�cation. In Section4 we study the per-
formanceof this modelon solo musicandits robustness
againstnoiseandreverberation.In Section5 we show a
preliminaryexperimentwith a dif�cult duo excerpt. We
concludeby discussingpossibleimprovements.

2. INDEPENDENT SUBSPACE ANALYSIS

2.1. Needfor a nonlinear spectrummodel

Linear ISA of power spectrumexplains a seriesof ob-
servedpolyphonicpower spectra(x t ) by combininga set
of normalizedtypicalspectra(� h ) with time-varyingpow-
ers(eht ). For simplicity, thiscombinationis usuallymod-
eled as a sum. This gives the generative model x t =P H

h=1 eht � h + � t whereeachnotefrom eachinstrument
maycorrespondtoseveraltypicalspectra(� h ), andwhere
(� t ) is a Gaussiannoise[9]. As a generalnotationin the
following we usebold lettersfor vectors,regular letters
for scalarsandparenthesesfor sequences.

This linearmodelsuffersfrom two limitations.
A �rst limitation is thatthemodelingerroris badlyrep-

resentedasan additive noiseterm � t . Experimentsshow
thattheabsolutevalueof � t is usuallycorrelatedwith x t ,
andthat the modelingerror may ratherbe consideredas
multiplicativenoise(or asadditivenoisein thelog-power
domain). This is con�rmed by instrumentidenti�cation
experiments,which usecepstralcoef�cients (or equiva-
lently log-power spectralenvelopes)as features,instead
of power spectralenvelopes[5, 6, 11]. This limitation
seemscrucial regardingthe instrumentidenti�cation per-

formanceof themodel.
A secondlimitation is that summingpower spectrais

not an ef�cient way of representingthe variationsof the
spectrumof a given notebetweendifferent time frames.
Many typicalspectraareneededto representsmallf0 vari-
ationsin vibrato, wide-bandnoiseduringattacksor power
riseof higherharmonicsin forte. Summationof log-power
spectrais moreef�cient. For instanceit is possibleto rep-
resentsmall f0 variationsby addingto a given spectrum
its derivative versusfrequency with appropriateweights.
It caneasilybeobservedthatthis �rst orderlinearapprox-
imationis valid for a largerf0 variationrangeconsidering
log-powerspectrainsteadof powerspectra.

We proposeto solve theselimitations usingnonlinear
ISA with �x edlog(:) andexp(:) nonlinearitiesthattrans-
form powerspectrainto log-powerspectraandvice-versa.
Therestof this Sectionde�nesthis modelprecisely.

2.2. De�nition of the model

Let (x t ) be the short-timelog-power spectraof a given
musicalexcerpt containingn instruments.As usualfor
westernmusic instruments,we supposethat eachinstru-
ment j , 1 � j � n, can play a �nite numberof notes
h, 1 � h � H j , lying on a semitonescale(however the
modelcouldalsobeusedto describepercussions).

Denotingm j t the power spectrumof instrumentj at
time t and� 0

j ht the log-power spectrumof noteh from
instrumentj at time t, weassume

x t = log

2

4
nX

j =1

m j t + n

3

5 + � t ; (1)

m j t =
H jX

h=1

exp(� 0
j ht ) exp(ej ht ); (2)

� 0
j ht = � j h +

KX

k=1

vk
j ht U k

j h ; (3)

whereexp(:) andlog(:) aretheexponentialandlogarithm
functionsappliedto eachcoordinate.The vector � j h is
the unit-power meanlog-power spectrumof noteh from
instrumentj and(U k

j h ) areL 2-normalized“variationspec-
tra” that model variationsof the spectrumof this note
around� j h . The scalarej ht is the log-power of note
h from instrumentj at time t and (vk

j ht ) are “variation
scalars”associatedwith the“variationspectra”.Thevec-
tor n is thepower spectrumof thestationarybackground
noise. The modelingerror vector � t is supposedto be a
white Gaussiannoise.

Notethatexplicit modelingof thebackgroundnoiseis
neededin orderto preventit beingconsideredasa feature
of theinstrumentspresentin theexcerpt.

This nonlinearmodel could be approximatedby the
simpleronex t = maxj h

�
� 0

j ht + (ej ht ; : : : ; ej ht )T
�

+



� t . Indeedthe log-power spectrumcanbe consideredas
a “preferentialfeature”asde�ned in [3], meaningthatthe
observedfeatureis closeto themaximumof theunderly-
ing singleinstrumentfeatures.

Eq. (1-3)arecompletedwith probabilisticpriorsfor the
scalarvariables.We associateto eachnoteat eachtime a
discretestateE j ht 2 f 0; 1g denotingabsenceor presence.
We supposethatthesestatevariablesareindependentand
follow a Bernoulli law with constantsparsityfactorPZ =
P(E j ht = 0). Finally we assumethat given E j ht = 0
ej ht is constrainedto �1 andvk

j ht to 0, andthat given
E j ht = 1 ej ht andvk

j ht follow independentGaussianlaws.

2.3. Computation of acousticfeatures

The choiceof the time-frequency distribution for (x t ) is
not imposedby themodel.Howevercomparisonof spec-
tral envelopeson auditory-motivatedfrequency scalesor
logarithmicscaleshasusuallyleadto betterperformance
thanlinear scalesfor instrumentidenti�cation [5]. Thus
precisionin upperfrequency bandsisnotneededandcould
leadto over-learning.Themodelingof f0 variationswith
Eq. (3) alsoadvocatesfor a logarithmicfrequency scaleat
upperfrequencies,sincef0 variationshaveto inducesmall
spectralvariationsfor thelinearapproximationto bevalid.

In thefollowing weuseabankof �lters linearlyspaced
on theERBscalef E RB = 9:26log(0:00437f H z + 1) be-
tween30 Hz and11 KHz. The width of the main lobes
is set to four times the �lter spacing. We computelog-
powerson11msframes(a lower thresholdis setto avoid
drop-down to �1 in silentzones).

3. APPLICATION TO INSTRUMENT
IDENTIFICA TION

For eachinstrumentj , we de�ne the instrumentmodel
M j asthecollectionof the�x edISA parametersdescrib-
ing instrumentspeci�c properties:thespectra(� j h ) and
(U k

j h ) andthemeansandvariancesof theGaussianvari-
ablesej ht and(vk

j ht ) whenE j ht = 1. We call orchestra
O = (M j ) a list of instrumentmodels.

The ideafor instrumentidenti�cation is now to learn
instrumentmodelsfor several instrumentsin a �rst step,
andin a secondstepto selectthe orchestrathat bestex-
plainsagiventestexcerpt.Thesetwo stepscalledlearning
andinferencearediscussedin this Section.

3.1. Infer ence

Theprobabilityof anorchestrais givenby theBayeslaw
P(Oj(x t )) / P((x t )jO)P(O). The determinationof
P((x t )jO) involvesanintegrationoverthestateandscalar
variableswhich is intractable. We useinsteadthe joint
posteriorPtrans = P(O; (E j ht ); (p j ht )j(x t )) with p j ht =
(ej ht ; v1

j ht ; : : : ; vK
j ht ). Maximizing Ptrans means�nding

thebestorchestraO explaining(x t ), but alsothebeststate
variables(E j ht ), whichprovideanapproximatepolyphonic
transcriptionof (x t ). Hereagaininstrumentidenti�cation
andpolyphonictranscriptionareintimatelyrelated.

Ptrans is developedastheweightedBayeslaw

Ptrans / (Pspec)wsp ec (Pdesc)wdesc Pstate Porch ; (4)

involving the four probability termsPspec =
Q

t P(� t ),
Pdesc =

Q
j ht P(p j ht jE j ht ; M j ), Pstate =

Q
j ht P(E j ht )

andPorch = P(O) andcorrectingexponentswspec and
wdesc. Experimentallythe white noisemodel for � t is
not perfectly valid, sincevaluesof � t at adjacenttime-
frequency pointsarea bit correlated.Weightingby wspec

with 0 < wspec < 1 is a way of takinginto accountthese
correlations[13].

Maximizationof Ptrans with respectto theorchestraO
is carriedout by testingall possibilitiesandselectingthe
bestone.For eachO, thenotestates(E j ht ) areestimated
iteratively with a jump procedure.At startall statesare
set to 0, thenat eachiterationat mostonenoteis added
or subtractedat eachtime t to improvePtrans value. The
optimalnumberof simultaneousnotesat eachtime is not
�x eda priori . Thescalarvariables(p j ht ) arere-estimated
at eachiterationwith anapproximatesecondorderNew-
tonmethod.

Thestationarybackgroundnoisepower spectrumn is
also consideredas a variable,initialized as min t x t and
re-estimatedateachiterationin orderto maximizePtrans .

Thevarianceof � t andthesparsityfactorPZ aresetby
handbasedonafew measuresontestdata.Thecorrecting
exponentswspec andwdesc arealsosetby handdepending
on the redundancy of thedata(largervaluesareusedfor
ensemblemusicthanfor solos).

Settingarelevantprior P(O) onorchestraswouldneed
a very largedatabaseof musicalrecordingsto determine
thenumberof excerptsavailablefor eachinstrumentalen-
sembleandeachexcerptduration.Herefor simplicity we
useP(O) = P � T (H 1 + ��� + H n )

Z whereT is thenumberof
time framesof (x t ). This givesthesameposteriorprob-
ability to all orchestrason silent excerpts(i.e. whenall
states(E j ht ) areequalto 0).

Obviously this prior tendsto favor explanationswith
a large numberof instruments,and thuscannotbe used
to determinethenumberof instrumentsin a relevantway.
Experimentsin thefollowing aremadeknowing thenum-
berof instrumentsa priori .

Notethatevenif theprior wasmorecarefullydesigned,
themodelwould not beableto discriminatea violin solo
from a violin duo. Indeedthe selectionof the goodor-
chestrawould only be basedon the value of P(O), in-
dependentlyof the monophonicor polyphoniccharacter
of theexcerpt. To avoid this, theBernoulli prior for state
variablesshouldbereplacedby amorecomplex prior con-



straininginstrumentsto play onenoteat a time (plus re-
verberationof thepreviousnotes).

3.2. About “missing data”

We mentionedabove that log-power spectraare“prefer-
ential features”asde�ned in [3]. It is interestingto note
that inferencewith ISA treats“missingdata” in thesame
waythatpreferentialfeaturesaretreatedin [3]. Indeedthe
gradientsof Ptrans versusej ht andvk

j ht involve thequan-
tity

� j htf =
exp(� 0

j htf ) exp(ej ht )
P H j

h0=1 exp(� 0
j h0tf ) exp(ej h0t )

(5)

which is thepower proportionof noteh from instrument
j into themodelspectrumat time-frequency point (t; f ).
Whenthis noteis maskedby othernotes,� j htf � 0 and
the valueof the observed spectrumx tf is not taken into
accountto computeej ht , (vk

j ht ) andE j ht . Onthecontrary
whenthisnoteis preponderant� j htf � 1 andthevalueof
x tf is takeninto account.

Thismethodfor “missingdata”inferencemayuseavail-
ableinformationmoreef�ciently thantheboundedmargin-
alizationprocedurein [4]. Whenseveralnotesoverlapin a
giventime-frequency point,theobservedlog-powerin this
point is consideredto benearlyequalto thelog-powerof
thepreponderantnote,insteadof beingsimplyconsidered
asanupperboundto thelog-powersof all notes.

3.3. Learning

Instrumentmodelscanbe learnt from a large variety of
learningexcerpts,rangingfrom isolatednotesto ensem-
ble music. The learningprocedure�nds in an iterative
way themodelparametersthatmaximizePtrans on these
excerpts.Eachiterationconsistsin transcribingthelearn-
ing excerptsasdiscussedabove 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(� j h ) wereinitialized as
harmonicspectrawith a -12 dB per octave shape. The
“variationspectra”(U 1

j h ) and(U 2
j h ) initially represented

wide-bandnoiseandfrequency variationsrespectively.

Experimentsshowedthat learningon isolatednotesis
more robust since the whole playing rangeof eachin-
strumentis availableand the statesequencesare known
a priori . We obtainedlower recognitionrateswith instru-
mentmodelslearnton soloexcerptsonly thanwith mod-
elslearnton isolatednotesonly (andthelearningduration
wasalsoconsiderablylonger).

The learning set usedin the rest of the article con-
sistsin isolatednotesfrom the RWC Database[14]. To
make comparisonswith existing methodseasier, we con-
sider the same� ve instrumentsas in [4]: �ute, clarinet,
oboe,bowedviolin andbowedcello,abbreviatedasFl, Cl,

Ob, Vn andVc. All instrumentsarerecordedin thesame
room,andfor eachonewe selectonly the �rst performer
andthemostusualplayingstyles.Thusthelearningsetis
quitesmall.

4. PERFORMANCE ON SOLO MUSIC

4.1. Cleanconditions

Theperformanceof theproposedmethodwas�rst tested
oncleansolomusic.For eachinstrument,wecollected10
solorecordingsfrom 10 differentcommercialCDs. Then
we constructedthe testsetby extracting2 excerptsof 5
secondsout of eachrecording,avoiding silent zonesand
repeatedexcerpts.

Resultsare shown in Table 1. The averagerecogni-
tion rate is 90% for instrumentsand97% for instrument
families(woodwindsor bowedstrings).This is similar to
the 88% rate obtainedin [4]. The main sourceof error
is due to cello phrasescontainingonly high pitch notes
beingeasilyconfusedwith violin. However cello phrases
containingboth high pitch notesandlow pitch notesare
correctlyclassi�ed.Ambiguousfeaturesof somenotesin-
sideaphrasearecompensatedby nonambiguousfeatures
of othernotes.

Toassesstherelativeimportanceof pitchcuesandspec-
tral shapecues,the sameexperimentwasdonewith the
default instrumentmodelsusedfor learninginitialization,
whichall have-12 dB peroctavespectra.Theaveragein-
strumentandfamily recognitionratesdroppedto 32%and
56% respectively, which is closeto randomguess(20%
and50%). Only cello hada goodrecognitionrate(80%).
ThisprovesthattheISA modelactuallycapturesthespec-
tral shapecharacteristicsof theinstrumentsandusesthem
in a relevantway for instrumentdiscrimination.

Identi�ed instrument
Fl Cl Ob Vn Vc

Te
st

ex
ce

rp
t Fl 100%

Cl 5% 85% 5% 5%
Ob 95% 5%
Vn 5% 95%
Vc 25% 75%

Table 1. Confusionmatrix for instrumentrecognitionof
clean� vesecondsoloexcerptsfrom commercialCDs

4.2. Noisyor reverberant conditions

We alsotestedtherobustnessof themethodagainstnoisy
or reverberantconditions.

We simulatedreverberationby convolving the clean
recordingswith a roomimpulseresponserecordedat IR-
CAM (1 s reverberationtime) having a non �at frequen-
tial response.Theaverageinstrumentrecognitionratede-
creasedto 85%. Confusionwas mainly augmentedbe-



tweencloseinstruments(suchashigh pitch cello andlow
pitchviolin).

ThenweaddedwhiteGaussiannoiseto thecleanrecord-
ings with variousSignalto NoiseRatios(SNR).The av-
erageinstrumentrecognitionratedecreasedto 83%at 20
dB SNRand71%at 0 dB SNRwhenthenoisespectrum
n wasprovideda priori , andto 85%and59%whenit was
estimatedwithout constraints.Thususefulspectralinfor-
mationfor instrumentidenti�cation is still presentin low
SNRrecordingsandcanbeusedef�ciently . However the
noisespectrumestimationprocedurewe proposedworks
at mediumSNR but fails at low SNR. A �rst reasonfor
thisis thatthehyper-parameters(varianceof � t , PZ , wspec

andwdesc) weregiventhesamevaluesfor all testcondi-
tions, whereasthe optimal valuesshoulddependon the
data(for examplethevarianceof � t shouldbesmallerat
low SNR).A secondreasonis thattheshapeof theposte-
rior is quitecomplex andthat thesimplejump procedure
we proposedto estimatethenotestatesbecomessensitive
to noise initialization at low SNR. Small improvements
(+2% at 20 and0 dB SNR)wereobservedwheninitializ-
ing n a priori . OtherBayesianinferenceproceduressuch
asGibbsSamplingmayhelpsolve thisproblem.

5. PERFORMANCE ON ENSEMBLE MUSIC

Finally theperformanceof themethodwastestedon en-
semblemusic. Sincewe encountereddif�culties in col-
lecting a signi�cant amountof test recordings,we show
hereonly the preliminary resultsobtainedon an excerpt
from Pachelbel's canonin D arrangedfor �ute andcello.
This is a dif�cult examplebecause10 �ute notesout of
12areharmonicsof simultaneouscellonotes,andmelody
(�ute) notesbelongto the playing rangeof both instru-
ments,ascanbeseenin Fig 1.

The resultsof instrumentidenti�cation are shown in
Fig 2. Usingthenumberof instrumentsasa priori knowl-
edge,themodelisableto identify therightorchestra.Note
thatthereis alargelikelihoodgapbetweenorchestrascon-
tainingcelloandothers.Orchestrascontainingonly high-
pitched instrumentscannotmodel the presenceof low-
pitchnotes,which is acoarseerror. Orchestrascontaining
cello but not �ute canmodel all the notes,but not with
theright spectralenvelope,which is amoresubtlekind of
error.

ThenotestatesE1;ht andE2;ht inferredwith theright
orchestraareshown in Fig 1. All thenotesarecorrectly
identi�ed andattributedto theright instrument,evenwhen
celloand�ute playharmonicintervalssuchastwo octaves
or oneoctaveanda �fth. Therearesomefalsealertnotes,
mostly with with shortduration. If a precisepolyphonic
transcriptionis needed,theseerrorscouldberemovedus-
ing time integrationinsidethemodelto promotelong du-
ration notes. For example the Bernoulli prior for state
variablescouldbereplacedwith a HiddenMarkov Model
(HMM) [15], or even with a more complex model in-
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Figure 1. Spectrogramof a �ute andcello excerpt and
approximatetranscription(with the right orchestra)com-
paredwith thetruescore.

volving rhythm, forcing instrumentsto play monophonic
phrasesor takinginto accountmusicalknowledge[2].

6. CONCLUSION

In this articlewe proposeda methodfor instrumentiden-
ti�cation basedon ISA. We showed that the linear ISA
framework is not suited for this task and we proposed
a new ISA model containing�x ed nonlinearities. This
model provided good recognitionrateson solo excerpts
andwasshown to be robust to reverberation.It wasalso
ableto determinetheright pairof instrumentsin adif�cult
duoexcerptandto transcribeit approximatively.

Comparedto otherstatisticalmodelssuchasGMM and
SVM, ISA hastheadvantageof beingdirectly applicable
to polyphonicmusic 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
transcriptionareembeddedin a singleoptimizationpro-
cedure.This procedureuseslearntnotespectrafor each
instrument,which makesit successfulfor bothtaskseven
in dif�cult casesinvolving harmonicnotes.

However a few problemsstill have to be �x ed, for in-
stancebetterestimatingthebackgroundnoiseby selecting
automaticallythevaluesof thehyper-parametersdepend-
ing on the data,determiningthe numberof instruments
with a betterorchestraprior, andseparatingstreamsus-
ing musicalknowledgewhenoneinstrumentplaysseveral
streams.The computationalload may alsobe a problem
for largeorchestras,andcouldbereducedusingprior in-
formationfrom aconventionalmultiple f0 tracker. Weare
currentlystudyingsomeof thesequestions.

An interestingway to improve the recognitionperfor-
mancewould be to adda prior on the time evolution of
thestatevariablesE j ht or of thescalarvariablesej ht and
vk

j ht . For examplein [8] time-continuityof thescalarvari-
ablesis exploited. In [11] a HMM is usedto segmentiso-
latednotesinto attack/sustain/decayportionsanddifferent
statisticalmodelsareusedto evaluatethefeaturesoneach
portion. This usesthe fact thatmany cuesfor instrument
identi�cation are presentin the attackportion [1]. This
singlenoteHMM couldbeextendedto multiplenotesand
instrumentssupposingthatall notesevolve independently
or introducinga couplingbetweennotesandinstruments.

Besidesits usefor instrumentidenti�cation andpoly-
phonictranscription,theISA modelcouldalsobeusedas
a structuredsourceprior for sourceseparationin dif�cult
cases. For examplein [15] we coupleinstrumentmod-
elsandspatialcuesfor theseparationof underdetermined
instantaneousmixtures.
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