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ABSTRACT
Thispaperextendsthefamiliar“querybyhumming”musicretrieval
framework into the polyphonicrealm. As humming in multiple
voices is quite dif�cult, the task is more accuratelydescribedas
“query by audio example”, onto a collection of scores. To our
knowledge,we arethe �rst to usepolyphonicaudioqueriesto re­
trieve from polyphonicsymboliccollections. Furthermore,asour
resultswill show, we will not only useanaudioqueryto retrieve a
known­itemsymbolicpiece,but we will useit to retrieve anentire
setof real­world composedvariationsonthatpiece,alsoin thesym­
bolic format. The harmonicmodelingapproachwhich forms the
basisof this work is a new andvaluabletechniquewhich hasboth
wideapplicabilityandfuturepotential.5

1. INTRODUCTION
Music informationretrieval is arapidlygrowing �eld. As moremu­
sic collectionscomeonline,thedemandto searchthesecollections
increases.Music collections,or sources,exist in oneof two basic
formats:audioandsymbolic.To complicatematters,musicqueries
exist in both formats as well. A comprehensive music retrieval
systemshouldbe ableto allow queriesin eitherformat to retrieve
musicpiecesin eitherformat. Theproblemlies in thefact that the
featuresreadilyavailablefrom audio�les (MFCCs,energy) do not
correspondwell with thefeaturesavailablefromsymbolic�les (note
pitches,notedurations)It is a “vocabulary mismatch”problem.

Our systemwill bridge the gapbetweenaudioandsymbolicmu­
sicusingtranscriptionalgorithmstogetherwith harmonicmodeling
techniques.In this mannerwe allow usersto presentqueriesin the
audioformat andretrieve piecesof musicwhich exist in the sym­
bolic format. This is oneof theearliestgoalsof musicretrieval, and
until now it hasonly beenpossiblewithin themonophonicdomain.
We extendthe realmof possibility into the remarkablymoredif�­
cult polyphonicdomain,andshow this throughsuccessfulretrieval
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experimentsfor bothknown­itemandvariationqueries.Theability
to usepolyphonicaudioqueriesto retrieve piecesof musicfrom a
polyphonicsymboliccollectionis a majorstepforwardin the�eld.

The remainderof this paperproceedsasfollows: In Section2 we
give a brief review of the problemdomainandexisting literature.
Section3 locatesthis paperwithin the larger framework of the
“language”modelingapproachto InformationRetrieval. Section4
containsan overview of our system. In Section5 we explain our
audiomusictranscriptiontechniques.In Section6 we explain our
harmonicmodelingtechniques,while in section7 weshow how two
modelsare comparedfor dissimilarity. Finally, Sections8 and9
containourexperimentaldesign,results,discussionandconclusion.

2. BACKGROUND AND RELATED WORK
To date,researchin the �eld of ad hoc music retrieval hasexpe­
riencedtwo fundamentaldivisions. The �rst division is one of
representation.Music mayeitherbepresentedasa performanceor
as instructionsto the performer. A performanceis an audio �le,
in a format suchas WAV or MP3. Instructionsto the performer
exist in a symbolicformat,eitherasa MIDI �le (www.midi.org) or
in ConventionalMusic Notation(CMN) format [1], bothof which
expresssomemannerof instructionsaboutwhat notesshouldbe
played,when,for how long,andwith whatinstrumentor dynamic.

This division betweenactualizedperformanceandinstructionsfor
a performancemanifestsitself in the typesof featuresreadily ex­
tractablefrom digital forms of audioandsymbolicmusic. Those
retrieving audiotendto work with featuressuchasMFCCs,LPCs,
centroids,or energy, while thoseretrieving symbolic sourcesuse
actualnotepitchand/orduration,asthesevaluesareknown.

Theseconddivisionin musicIR isoneof complexity, ormonophony
versuspolyphony. Monophonicmusichasatmostonenoteplaying
at any given time; beforea new notestartstheprevious notemust
have ended.Polyphonicmusichasno suchrestrictions.Any note
or setof notesmay begin beforeany previous noteor setof notes
hasended,which provesdif�cult for any clear, unambiguoussense
of sequentiality. Therefore,techniqueswhichwork for monophonic
music,suchasstringmatchingor n­gramming,aremoredif�cult to
applyto thepolyphonicdomain.Furthermore,reasonablyaccurate
conversionsfrom audio to symbolic music is generallyseenas a
solved(or at leastmanageable)problemfor monophonicmusic,but
still a fairly inaccurate,unsolvedproblemfor polyphonicmusic.
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Polyphonicmusicin generalis morecomplex anddif�cult to work
with. Indeed,someof theearliestworksin musicretrieval remained
entirelywithin themonophonicdomain[16, 25]. These“query by
humming” systemsallow the query to be presentedin audio for­
mat, and then convertedto symbolic format to be usedfor query
on a monophonicsymboliccollection. Gradually, systemswhich
allowedmonophonicqueriesupona polyphoniccollection,a more
dif�cult prospect,were introduced[5, 21, 35]. The query is still
monophonic,so conversionof the querybetweenaudioandsym­
bolic formatsremainspossible.Thecollectionto besearchedmay
thereforebeaudioorsymbolic,asthequerymayeasilybeconverted
in eitherdirectionto match.But again,this is only possiblebecause
thequeryis monophonic.

Mostrecently, polyphonicqueriesuponapolyphonic collectionhave
becomepossible.Yet becauseof thecomplex natureof polyphonic
musicandthedif�culty of accurateconversion,researcherstendnot
tomix theaudioandsymbolicdomains.Researchhaseitherfocused
onpolyphonicaudioqueriesuponpolyphonicaudiocollections[14,
31,34], or polyphonicsymbolicqueriesuponpolyphonicsymbolic
collections[6, 11, 10, 26, 29]. We know of no prior work which
tacklespolyphony, audio,andsymbolicmusicall in thesamebreath.

Of the papersmentionedabove, the one that mostclosely resem­
blesour work is Purwinset al [31]. Theseauthorshave deviseda
methodof estimatingthesimilarity betweentwo polyphonicaudio
musicpiecesby �tting theaudiosignalstoavectorof key signatures
usingreal­valuedscores,averagingthescorefor eachkey �t across
theentirepiece,andthencomparingtheaveragesbetweentwo doc­
uments. As do we, theseauthorsuseKrumhansldistancemetrics
[20] to assistin thescoring.Oneof themaindifferences,however,
is that theseauthorsattemptto �t anaudiosourceto a 12­element
vectorof keys,while we�t asymbolicsourceto a24­elementvector
of majorandminor triads. Furthermore,by averagingtheir key­�t
vectoracrossthe entirepiece,their representationis analogousto
our

g�}*~

­orderMarkov models.Ourpaperutilizesnotonly
g�}*~

­order
models,but •�€

}

and
k�•�‚

­ordermodelsaswell. Moreover, thePur­
wins paperwasnotspeci�cally developedasa musicretrieval task,
andthushasnoretrieval­relatedevaluation.Wepresentcomprehen­
sive known­itemaswell asrecall­precisionresults.

Finally, apaperby Shmulevich etal [33] alsousessomeof thesame
techniquespresentedhere,suchas Krumhansl's distancemetrics
andthe notion of smoothing,the latter which will be presentedin
section6.2. The domain to which thesetechniquesare applied
aremonophonic,but Shmulevich's work neverthelessdemonstrates
thatharmonicanalysisandprobabilisticsmoothingcanbevaluable
componentsof a musicretrieval system.

3. LANGUAGE MODELING APPROACH
LanguageModeling (LM) hasreceived muchattentionrecentlyin
thetext informationretrieval community. It is only naturalthatwe
wishto leveragesomeof theadvantagesof LM andapplyit tomusic.
Ponteexplainssomeof themotivationsfor this framework:

[A languagemodel is] a probability distribution over
stringsin a �nite alphabet(page9)... Theapproachto
retrieval takenhereis to inferalanguagemodelfor each
documentandtoestimatetheprobabilityof generatinga
queryaccordingtoeachmodel.Thedocumentsarethen
rankedaccordingto theseprobabilities(page14)...The
advantageof usinglanguagemodelsis thatobservable
information, i.e., the collectionstatistics,canbe used
in aprincipledwayto estimatethesemodelsanddonot
have to be usedin a heuristicfashionto estimatethe
probabilityof a processthatnobodyfully understands
(page10)...Whenthe taskis statedthis way, the view
of retrieval is that a model can capturethe statistical

regularitiesof text without inferringanythingaboutthe
semanticcontent(page15).” [30]

Eventhoughour retrieval taskis polyphonicmusicratherthantext,
weareduplicatingtheLM framework by creatingstatisticalmodels
of eachpieceof musicin acollectionandthenrankingthepiecesby
thosestatisticalproperties.Thus,while it mightbemoreappropriate
to namethiswork “statisticalmusicmodeling”,we still saythatwe
aretakingthelanguagemodeling ƒ7„�„H…&†�ƒ�‡Tˆ to informationretrieval.
Soratherthanattemptingaformalanalysisof theharmonicstructure
of music,we instead“capturethestatisticalregularitiesof [music]
without inferring anything aboutthesemanticcontent”.

Nothingillustratesthismorethanourchoice,explainedin section6,
to characterizetheharmony of apieceof musicatacertainpointasa
„H…&†	‰-ƒ	‰TŠy‹ ŠyŒ*•[Ž�Š*•7Œ*…7Š�‰T•
Œ*Šy†�‘ overchords,ratherthanasasinglechord.
Selectinga singlechordis akin to inferring the semanticmeaning
of thepieceof musicat thatpoint in time. While usefulfor some
applications,we feel that for retrieval, this semanticinformation
is not necessary, perhapseven harmful if the incorrect chord is
chosen.Rather, we let thestatisticalpatternsof themusicspeakfor
themselves.

To our knowledge,the �rst LM approachto musicIR wasdonein
themonophonicdomain[28]. Otherrecenttechniques,which also
take theLM approach(thoughwithout alwaysexplicitly statingit),
apply •�€

}

­orderMarkov modelingto monophonicnotesequences
[32, 17]. Furtherwork extendsthe modeling to the polyphonic
domain,usingboth

g�}*~

and •�€

}

­orderMarkov modelsof raw note
simultaneitiesto representscores[4].

4. SYSTEM OVERVIEW
The goal of this systemis to take polyphonicaudio queriesand
returnpolyphonicsymbolicpiecesof music,highly ranked,which
arerelevant to thegivenquery. This is donein a numberof stages,
asoutlinedin Figure1.

’=“*”H•�–�—™˜�šœ›:•�ž-ŸT �¡£¢e¤� �¥T¤�¦  �§

Of�ine andprior to querytime, theentiresourcecollection(theset
of polyphonicscoreswhich are to be searched)is passedthrough
theharmonicmodelingmodule,describedin Section6. Eachpiece
of music,eachdocument,is then"indexed", or stored,asa model.
At querytime, thesystemis presentedwith polyphonicaudio,such
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asa digitizedrecordingof a pianopiecefrom anold LP. Thequery
is �rst passedthrough the audio transcriptionmodule,described
in Section5. The transcriptionfrom this moduleis passedto the
harmonicmodelingmodule,anda modelfor thequeryis created.

Finally, ascoringfunctionis usedto comparethequerymodelwith
eachof thedocumentmodels,andgive eachquery­documentpaira
dissimilarity value. Documentsarethensorted,or ranked,by that
value,with theleastdissimilarat thetopof thelist.

5. AUDIO TRANSCRIPTION
Automatic music transcriptionis the processof transforminga
recordedaudiosignal into a representationof its musicalfeatures.
Wewill limit ourde�nition totheestimationof onsettimes,durations
andpitchesof thenotesbeingplayed. This taskbecomesincreas­
ingly complicatedwhendealingwith polyphonicmusicbecauseof
the multiplicity of pitches,inconsistentdurations,andvaried tim­
bres. Most monophonictranscriptiontechniquesarethereforenot
applicable. In fact, despiteseveral methodsbeingproposedwith
varying degreesof success[9, 19, 23, 24], automatictranscription
of polyphonicmusicremainsanunsolvedproblem.

We offer two �gures asanexampleof this transcriptionprocedure.
Figure2 is theoriginal scoreof Bach's Fugue#10from Book I of
theWell­temperedClavier, presentedherein piano­rollnotation.A
humanmusicianthenperformsthis piece,and the audiosignal is
digitized. Figure3 is the transcriptionof this digitizedaudiofrom
oneof ouralgorithms.It is with this imperfecttranscriptionthatwe
still achieve excellentretrieval results.

Welocatetheaudiotranscriptiontaskwithin thecontext of Compu­
tationalAuditory SceneAnalysis(CASA). In this context, systems
try to explain theanalysedsignalfollowing asetof perceptualrules
andsoundmodels.Theserulessuggesthow to grouptheelements
from thesignaltime­frequency representationinto auditoryobjects
(i.e. musical notes). In polyphonic music, events overlap both
in the time andthe frequency domain,meaningthat transcription
systemsshouldbe able to analysethe signal in both domainsin
orderto returnan accuraterepresentationof the scene.From this

approachwe proposetwo differentmethods.Both techniqueswill
beused,separately, to producequeries,andretrieval resultsfor each
transcriptiontechniquewill begiven. We do this to show thatour
harmonicmodelingalgorithmis robustto varyingtranscriptionsand
their associatederrors.

5.1 Polyphonic Transcription I
Our �rst methodis anextensionandreworking of a techniqueused
for monophonictranscriptionin Monti [27]. Fourier analysisis
usedto representthesignalin the frequency domain. An auditory
maskingthresholdis calculatedusing a perceptualmodel. Only
spectralmaximaabove sucha thresholdare chosento represent
the signal. The Phase­Vocodertechniqueis usedto calculatethe
instantaneousfrequenciesof the peaks,by interpolatingthe phase
of two consecutive frames.Theanalysisis optimisedfor thesteady
statepartof thenotes.

Oncethe representationof the signal is given asa setof spectral
peaks,the systemgroupsthe peaksaccordingto their frequency
position and time evolution. The grouping rules are: harmonic
relation in the frequency domainand commononsetin the time
domain.For theimplementationof theserules,which grouppeaks
into objects(notes)weusedtheBlackboardmodel[12]. Thismodel
hasshown great�e xibility andmodularity, whichis importantwhen
implementingadditionalrules.

Thesystemstartsselectingthelowestavailablefrequency peakand,
assumingit to bea note's fundamental,looksfor harmonicsupport
amongthe otherpeaks.The supportof a notehypothesisis given
by a fuzzy ratedependingon the fundamentalfrequency position
andenergy, andtheharmonicsupportin thespectrum.If thenoteis
con�rmed asanhypothesis,its harmonicpeaksareeliminatedfrom
thehypothesisspacesothey cannotbechosenasnew fundamental
hypotheses. However, they still may contribute to other notes'
hypothesessincethepartialsof thenotescomposinga chordoften
overlapin westernmusic.

The algorithmiterateswhile therearepeaksin the spectrum.Hy­
pothesesqualify asnoteobjects,only if they lastin time for amini­
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mumnumberof (activation) frames.Oncea noteis recognisedthe
systempredictsits evolution in thespectrum,andin futureanalysis
theexistingnotesareveri�ed beforesearchingfor new notes.If the
spectrumrevealschangein thefrequencies'positionsor amplitude
thesystemformulatesnew notehypothesescorrespondingtothenew
eventsdetected.Usingthismethod,octaveerrorsareeliminated,but
at thecostof failing to detectoctave intervalswhenplayedsimulta­
neously. Thesystemextractsonsets,offsetsandMIDI pitchesfrom
theaudioandwrites themin a MIDI �le for listeningandretrieval
tasks.

5.2 Polyphonic Transcription II
Our secondsystemis an extensionof work found in Bello [2, 3].
We againbegin by apply Fourier analysison overlappingframes
in the time­domain. The phase­vocodertechniqueis alsousedto
estimatethe exact instantaneousfrequency value for eachbin in
thefrequency­domainrepresentation.However in this approachall
frequency peaksareused,regardlessof theirperceptualconditions.

Two levels of hypothesesare consideredhere. On eachanalysis
frame,all musicalnoteswithin theevaluatedrange(from65to2kHz)
areconsideredto be `frame' hypotheses.Associatedwith eachof
theseframehypothesesa�lter isdevelopedin thefrequency domain.
To do this we assumethat a notewith fundamentalfrequency À�Á

must(theoretically)presentfrequency partialslocatedaccordingto:

À�Â=Ã ÁqÄÆÅÈÇ�À�Á:É •,Ê
x

ÅMË,ÌÍ•
z

ÇSÎHÁ
x

•
z

where ÎHÁ is the inharmonicityfactor (noteandinstrumentdepen­
dent)[13], and ÅÏÄÐ•4ÑSÑSÑ7Ò , with Ò suchthat À�ÓqÃ ÁÕÔÖÀ

€�×

k

. The
�lter associatedwith À�Á behaveslike a comb�lter with lobescen­
teredat theexpectedpartials' frequenciesandbandwidthsequalto
half thetone­distancebetweenthehypotheticalnoteandits closest
neighbour(a quarteror half a tonedependingon thenote).

Theframe'sfrequency­domainis processedthroughthis �lter ­bank,
producinga groupof spectrumsassociatedwith eachof theframe­
hypotheses.Thehypothesesareratedaccordingto theratiobetween
the�ltered spectraenergyandtheenergyof theoriginalspectrogram.
Hypotheseswith high ratingsare classi�ed as `note' hypotheses
andfollowed over time. If continuityandenvelopeconditionsare
satis�ed,thenthenoteis recognisedasa note­objectof thesignal.

Note that in this approach,no onsetdetectionis performedon the
audiosignal. Timing informationdependson thebehaviour of the
instantaneousratingof eachpossiblenote.A smoothingwindow is
usedto groupeventsthatareveryclosein time.

An importantdifferencefrom the previous approachis that frame
hypothesesare evaluatedindependently, allowing any interval to
be detected.This bringsasa consequencethe detectionof octave
intervalsandtheproliferationof octave­relatederrors.As with the
previoustranscriptionalgorithm,thesystemextractsonsets,offsets
andMIDI pitchesfrom theaudioandwritesthemin aMIDI �le for
listeningandretrieval tasks.

6. HARMONIC MODELING
A harmonicmodelisourtermfor aMarkov Modelin whichthestates
of themodelaremusicallysalient,harmonicentities.Theprocessof
transformingpolyphonicmusicinto a harmonicmodeldividesinto
threestages.In the �rst stage,̂�ƒ�…7Øt†�‘:Šy‡PŽ	ÙT•7‡S…7Š „wŒ*Šy†�‘ , the music
documentto bemodeledis broken up into sequencesof notesets,
andeachof thosenotesetsare�t to a probability vector. Eachof
thesenotesetsis assumedto beindependentof theneighboringsets.
This assumption,while necessaryfor the modeling,is not always
accurate,in particularbecauseharmoniesin a pieceof musicare
often de�ned by their context. The secondstageof the harmonic
modelingprocessis thereforea •AØt†�†�Œ ˆ	Š*‘	Ú procedure,designedto
accountfor this context. Finally, the third stageis the processby

which Ûsƒ�…AÜ�†�ÝsØt†�Ž	ÙS‹ • are createdfrom the smoothedharmonic
descriptions.Stagesoneandthreearecoveredin greaterdetail in
[29], while stagetwo is anew technique�rst describedin thispaper.

6.1 Harmonic Description
Recall from Section1 that polyphonicmusic hasno innate,one­
dimensionalsequence.Arbitrary notesor setsof notesmay start
beforethecurrentnoteor setof noteshas�nished playing. It there­
fore becomesnecessaryfor us to arti�cially imposesequentiality.
This is accomplishedby ignoringtheplayeddurationfor everynote
in a score,andthenselectingat eachnew noteonsetall the notes
which also begin at that onset. Theseevent­basedsetsare then
reduced,mod 12, to octave­equivalentpitch classesandgiven the
name •AŠ*ØÕ•
‹ Œyƒ�‘HÙTŠyŒ*• .

We de�ne a ‹ ÙAÞ�Šy‡Aƒ�‹4‡Tˆ�†�…&Ž asa codi�ed pitch template.Of the 12
octave­equivalent(mod12)pitchesin theWesterncanon,we select
someß ­sizedsubsetof those,call thesubseta ‡Tˆ�†�…&Ž , givethatchord
a name,andaddit to the lexicon. Not all possiblechordsbelong
in a lexicon; with à

5

Ë

•%á

possiblelexical chordsof size ß , and 12
differentchoicesfor ß , we mustrestrictourselves to a musically­
sensiblesubset. The chord lexicon will furthermoremake up the
statespaceof our Markov model,in additionto providing thebasis
for theharmonicdescription.

Thechordlexiconusedin thispaperis thesetof 24majorandminor
triads,oneeachfor all 12membersof thechromaticscale:C Major,
c minor, C â Major, câ minor ÑSÑSÑ B ã Major, bã minor, B Major,
b minor. No distinctionis madebetweenenharmonicequivalents
(C â /D ã , A â /B ã , E â /F, andsoon). Assumingoctave­invariance,the
threemembersof a majortriadhave therelative semitonevaluesß ,

ß[Ê

j

and ß[Êåä ; thoseof aminor triad ß , ßuÊåæ and ßuÊÍä .

During the 1970sand1980sthe music­psychologistCarol Krum­
hanslconducteda ground­breakingseriesof experimentsinto the
perceptionandcognitionof musicalpitch [20]. By usingthe sta­
tistical techniqueof multi­dimensionalscalingon theresultsof ex­
perimentson listeners' judgementsof inter­key relationships,she
produceda table of coordinatesin four­dimensionalspacewhich
providesthebasisfor the lexical chorddistancemeasurewe adopt
here. The `distance'betweentriads ç and è can be expressedas
thefour­dimensionalEuclideandistancebetweenthesecoordinates.
We do not reproducethesedistanceshere,but denotethedistance
as ébê	ë�ìSí

x
çHî&è

z
.

Now that thesede�nitions areclear, we mayproceedwith thehar­
monicdescriptionalgorithm.Thebasicideais thatwhencalculating
thescoreof asimultaneityì ona lexical chord ï , thisscoreis in�u­
encedby all theotherlexical chordsð in which ì participates.Thus,
every lexical chordhasaneffect onevery otherlexical chord.

An analogymighthelp: Theamountof gravitationalforcethattwo
bodies(suchastheearthandmoon)exert on eachotheris propor­
tional to theproductof their masses,andinverselyproportionalto
a functionof thedistancebetweenthem. By analogy, eachof our
24 lexical chordsis abodyin space,andeachexertssomein�uence
on all others. Thus, if the notesof a G major triad areobserved,
not only doesG majorget themostmass,but we alsoassignsome
probabilitymassto E minor andB minor, a bit lessto C majorand
D major, evenlessto A minorandF

�

minor, andsoon.

Sotheamountof in�uence exertedby eachchordin thelexicon on
the currentchord is proportionalto the numberof pitchesshared
betweenthesimultaneity ì andeachlexical chord ð , andinversely
proportionalto the inter­triad distancefrom each ð to ï . Since,
in general,̀ contributions' of nearneighborsin termsof inter­key
distancearepreferred,we usethatfactasthebasisfor computinga
suitablecontext:
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This context scoreis computedfor every chord ï in the lexicon
(eachpoint in the distribution), and then the entiredistribution is
normalizedby thesumtotal of all context scores.While it is clear
that the harmony of all but the crudestmusic cannotbe reduced
to a meresuccessionof major andminor triads,as this choiceof
lexicon might bethoughtto assume,we believe thatthis is a sound
basisfor a probabilisticapproachto harmonicdescription,asmore
complex chords(suchas ä

}*~

chords)arein factaccountedfor by the
contributionsof theirnotesto theoverall probabilisticcontext.

6.2 Smoothing
Whilethemethodabovetakesintoaccountcontributionsfromneigh­
boring triads, it only doesso within the currentsimultaneity, the
currenttimestep. Harmony, as musiciansperceive it, is a highly
contextual phenomenonwhich dependsnot only on the harmonic
distancesat thecurrenttimestep,but is alsoin�uencedby theprevi­
oustimesteps:theharmoniespresentin therecentpastareassumed
to beagoodindicationof thecurrentharmony. Thus,asimultaneity
with only onenotemight provide a relatively �at or uniform dis­
tribution acrossthe lexical chordset,but whenthatsimultaneityis
takenin historicalcontext, thedistributionbecomesmoreaccurate.

We have developeda naive, yet effective, techniquefor taking into
accountthis event­basedcontext by examininga window of ß si­
multaneitiesandusing the valuesin that window to give a better
estimatefor thecurrentsimultaneity. This is givenby thefollowing
equation,where ì

} is thesimultaneityat timestepí :

�
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Whenthesmoothingwindow ß is equalto 1, this equationdegen­
eratesinto the one from the previous section. When ß is greater
thanone, the scorefor the lexical chord ï at the currenttimestep
is in�uenced by previous timestepsin proportionto the distance
(numberof events)betweenthecurrentandprevious timestep.As
in theunsmoothedversion,thesmoothedcontext scoreis computed
for every chord ï in the lexicon andthenthe entiredistribution is
normalizedby thesumtotal.

6.3 Mark ov Modeling
It shouldbe clearby now that theprimary differencebetweenour
harmonicdescriptionalgorithmandmostothersuchalgorithmsis
the choiceto createprobabilistic Ž�Š*•7Œ*…7Š�‰T•
Œ*Šy†�‘:• acrossthe lexical
chordset,ratherthan …-Ù-Ž�•
‡�Œ*Šy†�‘:• of eachsimultaneityto a single,
mostsalientlexical chord. The �gure below is a toy exampleof a
harmonicdescription,usinganexamplelexiconof threechords,� ,




, and � . With this probabilisticharmonicdescription,we now
createa Markov model.
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Markov modelsare often usedto capturestatisticalpropertiesof
a statesequenceover time. We want to be able to predict future
occurrencesof a stateby the presenceof sequencesof previous
states.In ourharmonicapproach,wehave chosenlexical chordsas
thestatesof themodel. For an ß

}*~

­ordermodel,a
k�j�•

ô

k�j

matrix
is constructed,with the

k�j�•

rows representingthe „H…-ÙTÝ�Šy†�•�•Õ•7Œyƒ�Œ�Ù

space,and the
k�j

columnsrepresentingthe ‡S•�…7…-ÙT‘�Œb•7Œyƒ�Œ�Ù space.

An
x

ßuÊÖ•
z

sizedwindow slidesover thesequenceof lexical chord
distributions and Markov chainsare extractedfrom that window.
Thecountof eachchainis addedto thematrix, wherethecrossof
the �rst ß statesis the previous state,and the

x
ßMÊ •

z

}*~

stateis
thecurrentstate.Finally, whentheentireobservablesequencehas
beencounted,eachrow of the matrix is individually summedand
theelementsof eachrow normalizedby thesumtotal for thatrow.

Oneproblemis thatMarkov modelingonly workson1­dimensional
sequencesof observable states,while our harmonic description
is a sequenceof 24­point probability distributions. Our solution
is to assumeindependencebetweenpoints in eachdistribution at
eachtimestep,so that an exhaustive numberof independent,one­
dimensionalpathsthroughthe sequencemay be traced. (This ex­
haustive pathsapproachis abstractlysimilar to onesuggestedby
Doraisamyand Rüger [10].) Eachpath, thus constructed,is not
countedas a full observation. Instead,observations are propor­
tional; the degreeto which eachpath is observed is a function of
theamountby whichall elementsof thepatharepresent.Sincein­
dependencebetweenneighboringsimultaneitieswasassumed,this
becomesthe productof the valuesof eachstatewhich comprises
the path. For example,supposewe constructa

k�•�‚

­order model
from the sequenceof distributions,above. Thenoneof the many
observedstatesequenceswewouldseein timesteps1 to3 is “QRR”.
Thecountof this observationis 0.08= (0.5* 0.8* 0.2).

7. SCORING FUNCTION
Ourgoalis to producearankedlist for aqueryacrossthecollection.
We wish to rank thosepiecesof musicat the top which aremost
similar to thequery, andthosepiecesat thebottomwhich areleast
similar. This is the taskof the scoringfunction. We have chosen
asthisfunctiontheKullback­Liebler(KL) divergence,ameasureof
how differenttwo distributionsare,over thesameeventspace.The
divergenceis alwayszeroif two distributionsareexactly thesame,
or a positive value if the distributions differ. We denotethe KL
divergencebetweenquerymodel � andmusicdocumentmodel ê as

�

x
�

þ þ

ê
z
. “The KL divergencebetween[ � ] and[ ê ] is the average

numberof bitsthatarewastedbyencodingeventsfromadistribution
[ � ] with a codebasedon thenot­quite­rightdistribution [ ê ]” [22].

In our Markov model,eachpreviousstate,eachrow in the
k�j

•

ô

k�j

matrix, is a completedistribution. We thereforecomputea diver­
gencescorefor eachrow in themodel,andaddthevalueto thetotal
divergencescorefor thatquery­documentpair. This is givenby the
following equation,where �

û and ê

û representeachprevious state.
It is imperative that the samemodelingprocedureandsizethat is
usedfor thedocumentmodelsis alsousedfor thequerymodel.
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However, thereisaproblemin thatsometimesadocumentmodelcan
have estimatesof zeroprobability. This is especiallytrueof shorter
musicdocuments,in whichalot of thepossibletransitionsarenever
observed. The divergencescorein suchcases( �

û

x
ô

z�W >

Y

����� ú��

�

z
)

automaticallygoesto in�nity . This small problemin just a single
valuecouldthereforethrow off our entirescorefor thatdocument.
We thereforemustcreatesomesmallbut principlednon­zerovalue
for every documentmodelzerovalue. Therearemany waysto do
this,but wehavedonesoby “backingoff ” toageneralmusicmodel,
usingthevalueof thatpreviousstatenodefrom thegeneralmodel
whenever we encountera zero value in any particulardocument
model.

A generalmusicmodelis createdby averagingthemodelsover the
entiresetof documentmodelsin thecollection. In principle,there
couldstill remainzerovaluesin thegeneralmusicmodel,depending
on the size and propertiesof the collection. In our experiments,
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however, we foundthis almostnever to bethecase.Also, it should
be observed that when the querymodel hasa zero probability in
any cell, thereis no problem. TheKL divergencefor thatpoint is

g

W >

Y

�

‚

��� ú��

, which is zero.

8. EXPERIMENT DESIGN AND RESULTS
For ourretrieval experimentation,weadopttheCran�eld evaluation
modelË [8]. This requiresthreecrucial components:(1) Source
collection, (2) Query, and (3) Relevancejudgementswhich label
eachitem in thesourcecollectionaseitherrelevantor not relevant
tothequery. In all ourexperiments,thesourcecollectionremainsthe
same.However, we vary thequeriesandtherelevancejudgements,
asdescribedbelow.

8.1 SourceCollection
Thebasictestcollectiononwhichwetestedourretrievalmethodwas
assembledfrom dataprovidedby theCenterfor ComputerAssisted
Researchin the Humanities(CCARH) [18]. It comprisesaround
3000 �les of separatemovementsfrom polyphonicfully­encoded
musicscoresby a numberof classicalcomposers(includingBach,
Beethoven,Handel,andMozart)of varyingkeys, textures(i.e. av­
eragenumbersof notesin a simultaneity)andlengths(numbersof
simultaneities).To this basiccollectionwe add, for the purposes
of thepresentpaper, threeadditionalsetsof polyphonicmusicdata,
for a total collectionof approximately3,150piecesof music. Col­
lectively, we denotetheseTwinkle, LachrimaeandFolia variations
astheTLF sets:

�

26 individual variationson the tuneknown to Englishspeakers
as`Twinkle, twinkle, little star' (in facta mixtureof mostly
polyphonicanda few monophonicversions);

H

75 versionsof JohnDowland's `LachrimaePavan', collectedas
partof theECOLM project(www.ecolm.org) from different
16thand17th­centurysources,sometimesvarying in quality
(numbersof `wrong'notes,omissionsandotherinaccuracies),
in scoring(for solo lute, keyboardor �v e­partinstrumental
ensemble),in sectionalstructureandin key;

’

50 variationsby four different composerson the well­known
baroquetune`LesFoliesd'Espagne'.

8.2 Experiment One: Known Item
The idea for the �rst experimentcomesfrom a desireto test the
robustnessof our harmonicmodeling. We thereforeassembled
from the Naxosaudio collection the 24 Preludesand Fuguesof

Ë
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Book I of Bach's Well­temperedClavier. The scoreversionsof
thesepiano­based,human­playedaudio�les arepresentwithin our
sourcecollection,fromtheCCARHdata.Soeachaudio­transcribed
Preludeor Fuguebecomesa query, andthe scorefrom which the
audio �le was ostensiblyplayedbecomesthe one “known item”
relevantdocumentin thecollection.

Thequestionis whetherthis degraded,transcribedquery(Figure3)
canretrieve,atahighrankrelativetoall othermusicin thecollection,
theoriginal “perfect” score(Figure2). For this particularexample,
Figure2 wasretrievedata rankof •

€

}

, from ourcollectionof 3,150
piecesof music.

As goodas this result is, accurateevaluationdealswith averages
to geta true indicationof systemperformance.The resultsof this
experimentare found in Tables1 and2. For eachsetof queries
(eitherthe24Preludesor 24Fugues)theknown itemwasretrieved
atsomerank,where�rst is thebestpossiblevalue.Theserankswere
thenaveragedacrossall queriesin theset.Resultsaregivenfor

g
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to
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­orderMarkov models,eachof whichhasbeensmoothedover
a window of size ßMÄÐ• to ß]Ä

j

. For comparison,a systemwhich
performedrandomrankingwouldplacetheknown item,onaverage,
approximately•�î
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Ourresultsshow thattheknown itemsearchesareex­
tremelysuccessful.Throughacombinationof higher­orderMarkov
modelsand larger smoothingwindows, we were able to retrieve
the truesymbolicversionof thepieceusingtheaudio­transcribed,
degradedqueryat an averagerank of a little over 3 for the Bach
Preludes,anda little over 2 for the BachFugues. While thereis
still roomfor improvement,it shouldprove dif�cult to producean

ƒ�Ý�ÙT…&ƒ�Ú	Ù which is betterthan2ndor 3rd.

Thoughresultsvary slightly from the TranscriptionI to the Tran­
scription II algorithms,equally good resultswere achieved using
each.Ourharmonicmodelingtechniqueis robustenoughto handle
two signi�cantly differenttranscriptionalgorithms.

8.3 Experiment Two: Variations
For thesecondexperiment,we wish to determinewhetherour har­
monic modelingapproachis useful for retrieving variationson a
pieceof music, ratherthan just the original. Recall that in addi­
tion to the CCARH data,our sourcecollectioncontainsthreesets
of variations. For this experiment,theaudioversiononevariation
is selectedand the scoreversionsof all the variationsare judged
“relevant” to the audioquery, even thoughtheir actual •AŠ*ØÕŠy‹ ƒ�…7ŠyŒ*•

may vary considerably. A good retrieval systemwould therefore
return all variationstoward the top of the 3,150item list, andall
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non­variationsfurther down. This is repeatedfor all audiopieces
in theset. For example,Figure4 containsa few of the “Twinkle”
variations. When the audioversionof Variation 3 is usedas the
query, we expect not only the scoreversionof Variation 3 to be
ranked highly, but the scoreversionof Variation11 andthe score
versionof theThemeto berankedhighly aswell. (The“Theme” is,
of course,oneof themany variations.)
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Becauseof the size of thesesetsand our limited resources,we
were not able to get humanperformancesof all thesevariations.
Instead,we convertedthequeriesto MIDI anduseda high­quality
(30 Megabyte)pianosoundfontto createanaudio“performance”.
Thisapparentweaknessin ourevaluationis counteredby two facts:
(1) Theseaudio queriesare still polyphonic,even if synthesized,
and automatictranscriptionof overlappingand irregular­duration
tonesis still quite dif�cult. (2) Many of the variationson a piece
arethemselvesquite differentfrom a potentialquery, aswe seein
Figure 4, and good retrieval is still a dif�cult task. Even if the
perfectscoreof a variation were usedasa query, ratherthan the
imperfect(thoughperhapsslightly betterbecauseof thesynthesized
audio),quality retrieval is not guaranteed.While we hopeto work
with ahuman­producedaudiocollectionfor thisretrievalexperiment
someday, aswe have donewith theknown­itemNaxosdataabove,
we feel thegistof theevaluationhasnotbeencompromised.

Presentationof theknown­itemresultswerestraightforward. With
onerelevantdocumentin theentirecollection,oneneedonly report
therank(or averagerankacrossall queries)of this document.The
problemwith multiple relevantdocumentsis how bestto visualize
therankedlist. Typically thisisdoneusing11­ptinterpolatedrecall­
precisiongraphs,with „H…-Ù-‡SŠ*•AŠy†�‘ (numberof relevant documents
over total retrieved at a point in the ranked list) given at various
level of …-Ù-‡Aƒ�‹*‹ (numberof relevant documentsretrieved over the
total numberof relevant documentsin the query set). However,
spaceconstrainsus. Instead,wepresenttwo valueswhichhopefully
characterizethe data: meanaverageprecisionandmeanprecision
at thetop5 retrieveddocuments.

Averageprecisionis computedby calculatingthe precisionfor a
singlequery(retrievedrelevantover total retrieved)every time an­
othervariation(relevantdocument)is found,thenaveragingoverall

thosepoints.This scoreis thenaveragedover all queriesin theset,
to createthemeanaverageprecision.It is a singlevaluepopularin
InformationRetrieval studiesbecauseit allows easycomparisonof
differentsystems.

However, someusersaremoreinterestedin theprecisionof asystem
at thetop of theranked list. If theuserdoesnot careabout�nding
everysinglevariationbutonlycaresabout�nding any variation,then
theaverageprecisionis not asimportantastheprecisionat thetop
of theranked list. We thereforecomputetheprecisionfor a single
queryafterretrieving thetop 5 documents.If 1 of thosedocuments
is relevant (a variation),thentheprecisionis 0.2,or 20%. If none
of themare,theprecisionis 0%. If all of themare,theprecisionis
100%. We thenaveragethis valueover all queriesin theset,to get
themeanprecisionat thetop5 retrieveddocuments.

Tables3 and4 containthe meanaverageprecisionresults,while
Tables5 and6 containthe averageprecisionat the top 5 retrieved
documents.Thesevaluesaregivenfor thethreeTLF querysets,for

g�}*~

to
k�•�‚

­orderMarkov models,eachof whichhasbeensmoothed
over a window of size ßMÄ • to ßsÄ

j

, averagedover all queriesin
eachof theTLF querysets.Unlike theknown­itemresults,where
the lower numberswere betterbecausethey representedaverage
rank,thevaluesfor thesevariationsexperimentsrepresentprecision.
Highernumbersarebetter.

For eachquery set we give, as a baseline,the expectedvalue a
randomrankingalgorithmwouldproduce,for adocumentcollection
of sizeandwith relevantdocumentcountequaltothoseof thevarious
querysets.For example,theTwinklesetonly has26variations,soa
randomrankingof thecollectionyieldsa meanprecisionat thetop
5 documentsof 0.0077.TheLachrimaesethas75 variations,so it
is only naturalthatwith morerelevantdocumentsin thecollection,
a randomranking of thosedocumentswill includemore relevant
documentstowardthetop of thelist. Indeed,themeanprecisionat
5 docsof therandomalgorithmon theLachrimaesetis 0.0213.
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Using an audio­transcribedquery to retrieve vari­
ationson a pieceof music is a muchharderproblem. We do not
considerthisasolvedproblemby any means,but weareencouraged
by theresultswe see.First, it is clearthatour harmonicmodeling
algorithmis doingsomethingcorrectly, asit yields signi�cant im­
provementover the randomalgorithm. Second,we once again
seethe trendthathigherorderMarkov modelsandmoreharmonic
smoothingyield betterresults. Higher andlongerdoesnot mono­
tonically indicatebetterperformance,but the trend is nonetheless
apparent.

We also note that somequery setsaremore dif�cult than others.
Not only did we have moresuccesson theFolia variationsthanon
theTwinkle variations,but after listeningto theactualpieces,it is
clearthanhumanjudgeswouldhavemoredif�culty pickingout the
Twinkle variationsthanthey would theFolia variations.Neverthe­
less,even for thesemoredif�cult Twinkle variations,almost3 of
the5 toprankeddocumentsare,onaverage,relevantvariations.We
feel this is a respectableresult.

9. CONCLUSION
It is now clearthatretrieval of polyphonicscoresusingpolyphonic
audiois possible.By "taking apart"(transcribing)anaudiomusic
queryandharmonicallymodelingthe musically­salientpitch fea­
tureswe arebridging the gapbetweenaudioandsymbolicmusic
retrieval, anddoingsowithin thedif�cult polyphonicdomain.

That we have restrictedourselves in this paperto piano (a single
timbre) is not a limitation asmuchasit is an indicationof future
potential.We did not have to perfectlyrecognizeevery singlenote
in apieceof musicin orderfor theharmonicmodelingtobesuccess­
ful. Therefore,futureaudiotranscriptionmethodswhichattemptto
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transcribethe even moredif�cult polytimbral, polyphonicdomain
may do so with the con�dencethat the transcriptionneednot be
perfectin orderto getgoodretrieval results.

Thesametechniquewhichgivesusrobust,error­tolerantretrieval of
known­itemqueries(Section8.2) is alsousefulfor retrieving varia­
tions(Section8.3). Indeed,at onelevel of abstraction,a composed
variationcanbethoughtof asan“errorful transcription”of theorigi­
nalpiece.Ourharmonicmodelingapproachsucceededin capturing
adegreeof invariance,adegreeof similarity, acrosssuch“transcrip­
tions”. Thetechnique,thoughfar from perfect,is animportant�rst
stepfor polyphonic(audioandsymbolic)musicretrieval.

10. FUTURE WORK
We feel one useful direction for this work is to bypassthe tran­
scriptionphaseandgo directly from audiofeaturesto a harmonic
description.This will make themodelingphaseslightly moredif�­
cult, but theremightbeadvantagesto bypassingthetranscription,as
thetranscriptionis only usedto createharmonicdescriptions.This
would bring us closer to someharmonic­recognitionwork being
carriedout by othersin thepureaudiodomainsuchasby Carreras
et al [7], or Fujishima[15].

A seconddirectionis to modify theharmonicdescriptionsmoothing
algorithm. We proposein thefutureto adopteithera (millisecond)
time­basedor a(rhythmic)beat­basedwindow smoothingapproach,
ratherthantheevent­basedapproachwe usein this paper. We will

sumtheharmoniccontributionsin theway describedabove across
simultaneitieswithin thewindow in inverseproportionto their time
or beat­baseddistancefrom thecurrentsimultaneity, with additional
weightingsprovided accordingto metricalstress,notedurationor
other factorsthat might be consideredhelpful. Indeed,harmonic
smoothing,properly executed,might be a way of integrating the
problematic,not­quite­orthogonaldimensionsof pitchandduration
within apolyphonicsource.Bettertime­basedsmoothingmightalso
yield a richerharmonicdescription,becauseit giveslessweight to
transientchangesin harmony arisingfrom non­harmonicnotessuch
aspassingtonesor appoggiaturas.

A third direction dealswith passagelevel retrieval. Ratherthan
modelingentire documents,it might be useful to model portions
of documents,particularly if thoseportionsaremusically salient.
Finally, theissueof standardizedtestcollectionsremainsimportant.
We areinterestedin participatingin suchexperiments,to compare
our systemwith othersthatwill bedevelopedin thefuture.
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