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ABSTRACT

This paperextendsthefamiliar“query by humming”musicretrieval
framework into the polyphonicrealm. As hummingin multiple
voicesis quite dif cult, the taskis more accuratelydescribedas
“query by audio example”, onto a collection of scores. To our
knowledge,we arethe rst to usepolyphonicaudioqueriesto re-
trieve from polyphonicsymbolic collections. Furthermoreasour
resultswill shaw, we will not only useanaudioqueryto retrieve a
known-item symbolicpiece,but we will useit to retrieve anentire
setof real-world composedariationsonthatpiece,alsoin thesym-
bolic format. The harmonicmodelingapproachwhich forms the
basisof this work is a new andvaluabletechniquewhich hasboth
wide applicabilityandfuture potential.

1. INTRODUCTION

Musicinformationretrieval is arapidly growing eld. As moremu-
sic collectionscomeonline,the demando searchthesecollections
increases.Music collections,or sourcesgxist in oneof two basic
formats: audioandsymbolic. To complicatemattersmusicqueries
exist in both formatsaswell. A comprehense music retrieval
systemshouldbe ableto allow queriesin eitherformatto retrieve
musicpiecesin eitherformat. The problemliesin thefactthatthe
featuregeadily availablefrom audio les (MFCCs,enegy) do not
correspondvell with thefeaturesavailablefrom symbolic les (note
pitchesnotedurations)t is a“vocatulary mismatch”problem.

Our systemwill bridge the gap betweenaudio and symbolic mu-
sic usingtranscriptionalgorithmstogethemith harmonicmodeling
techniquesin this mannemwe allow usersto presengjueriesin the
audioformat andretrieve piecesof musicwhich exist in the sym-
bolic format. Thisis oneof theearliestgoalsof musicretrieval, and
until now it hasonly beenpossiblewithin the monophoniacdomain.
We extendthe realmof possibility into the remarkablymore dif -

cult polyphonicdomain,andshaw this throughsuccessfutetrieval
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experimentgfor bothknown-itemandvariationqueries.Theability
to usepolyphonicaudioqueriesto retrieve piecesof musicfrom a
polyphonicsymboliccollectionis a major stepforwardin the eld.

The remainderof this paperproceedsasfollows: In Section2 we
give a brief review of the problemdomainand existing literature.
Section3 locatesthis paperwithin the larger framewvork of the
“language”modelingapproactto InformationRetrieval. Section4
containsan overviev of our system. In Section5 we explain our
audiomusictranscriptiontechniques.Iln Section6 we explain our
harmonianodelingtechniqueswhile in section7 we shav how two
modelsare comparedfor dissimilarity Finally, Sections8 and 9
containour experimentabesign results discussiorandconclusion.

2. BACKGROUND AND RELATED WORK

To date,researchn the eld of ad hoc musicretrieval hasexpe-
riencedtwo fundamentaldivisions. The rst division is one of
representationMusic may eitherbe presentedsa performancer
asinstructionsto the performer A performances an audio le,

in a format suchas WAV or MP3. Instructionsto the performer
existin asymbolicformat,eitherasaMIDI le (www.midi.org) or
in CorventionalMusic Notation(CMN) format[1], both of which
expresssomemannerof instructionsaboutwhat notesshould be
played,when,for how long, andwith whatinstrumentor dynamic.

This division betweenactualizedperformanceandinstructionsfor

a performancemanifestsitself in the typesof featuresreadily ex-

tractablefrom digital forms of audioand symbolicmusic. Those
retrieving audiotendto work with featuressuchasMFCCs,LPCs,
centroids,or enegy, while thoseretrieving symbolic sourcesuse
actualnotepitch and/orduration,asthesevaluesareknown.

Thesecondlivisionin musiclR is oneof compleity, ormonophow
versuspolyphory. Monophonicmusichasatmostonenoteplaying
at ary giventime; beforea new notestartsthe previous note must
have ended. Polyphonicmusichasno suchrestrictions. Any note
or setof notesmay begin beforeary previous note or setof notes
hasendedwhich provesdif cult for ary clear unambiguousense
of sequentiality Thereforetechniquesvhichwork for monophonic
music,suchasstringmatchingor n-grammingaremoredif cult to
applyto the polyphonicdomain. Furthermorereasonablyaccurate
corversionsfrom audioto symbolic musicis generallyseenas a
solved (or atleastmanageableg)roblemfor monophonianusic,but
still afairly inaccurateunsoled problemfor polyphonicmusic.
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Polyphonicmusicin generals morecomplex anddif cult to work
with. Indeed someof theearliestworksin musicretrieval remained
entirely within the monophoniadomain[16, 25]. These‘query by
humming” systemsallow the queryto be presentedn audio for-
mat, andthen convertedto symbolic formatto be usedfor query
on a monophonicsymbolic collection. Gradually systemswhich
allowed monophoniaqueriesupona polyphoniccollection,a more
dif cult prospectwereintroduced[5, 21, 35]. The queryis still
monophonic,so corversionof the querybetweenaudio and sym-
bolic formatsremainspossible. The collectionto be searchednay
thereforebeaudioor symbolic,asthequerymayeasilybecorverted
in eitherdirectionto match.But again thisis only possiblebecause
thequeryis monophonic.

Mostrecently polyphoniocqueriesiponapolyphoric collectionhave
becomepossible.Yetbecausef the complex natureof polyphonic
musicandthedif culty of accurateorversion researcherendnot
to mix theaudioandsymbolicdomains.Researchaseitherfocused
onpolyphonicaudioqueriesuponpolyphonicaudiocollectiong14,
31, 34], or polyphonicsymbolicqueriesuponpolyphonicsymbolic
collections[6, 11, 10, 26, 29]. We know of no prior work which
tacklespolyphory, audio,andsymbolicmusicall in thesamebreath.

Of the papersmentionedabove, the onethat most closely resem-
blesourwork is Purwinset al [31]. Theseauthorshave deviseda
methodof estimatingthe similarity betweertwo polyphonicaudio
musicpiecedy tting theaudiosignalsto avectorof key signatures
usingreal-valuedscoresaveragingthe scorefor eachkey t across
theentirepiece,andthencomparingheaveragesetweertwo doc-
uments. As do we, theseauthorsuse Krumhansldistancemetrics
[20] to assistin the scoring. Oneof the maindifferenceshowever,
is thattheseauthorsattemptto t anaudiosourceto a 12-element
vectorof keys,while we t asymbolicsourceo a24-elementector
of majorandminor triads. Furthermoreby averagingtheir key- t
vector acrossthe entire piece, their representatiotis analogougo
our -orderMarkov models.Ourpaperutilizesnotonly  -order
models,but and -ordermodelsaswell. Moreover, the Pur
wins papermwasnotspeci cally developedasa musicretrieval task,
andthushasnoretrieval-relatedevaluation. We presentomprehen-
sive known-itemaswell asrecall-precisiomesults.

Finally, apapetby Shmuleich etal [33] alsousessomeof thesame
techniquespresentechere, such as Krumhansls distancemetrics
andthe notion of smoothing the latter which will be presentedn
section6.2. The domainto which thesetechniquesare applied
aremonophonicput Shmuleich's work neverthelesglemonstrates
thatharmonicanalysisandprobabilisticsmoothingcanbe valuable
component®f a musicretrieval system.

3. LANGUAGE MODELING APPROACH
LanguageModeling (LM) hasreceved muchattentionrecentlyin
thetext informationretrieval community It is only naturalthatwe
wishto leveragesomeof theadwantage®f LM andapplyit to music.
Ponteexplainssomeof the motivationsfor this framework:

[A languagemodelis] a probability distribution over
stringsin a nite alphabetpage9)... Theapproacho
retrieval takenhereis toinfer alanguagenodelfor each
documenandto estimateheprobabilityof generating
gueryaccordingo eachmodel. Thedocumentarethen
ranked accordingo theseprobabilities(pagel4)...The
adwantageof usinglanguagemodelsis thatobserable
information, i.e., the collection statistics,can be used
in aprincipledway to estimatehesemodelsanddo not
have to be usedin a heuristicfashionto estimatethe
probability of a procesghat nobodyfully understands
(pagel0)...Whenthe taskis statedthis way, the view
of retrieval is that a model can capturethe statistical

regularitiesof text withoutinferring anything aboutthe
semantiacontent(pagel5)” [30]

Eventhoughour retrieval taskis polyphonicmusicratherthantext,
we areduplicatingthe LM framework by creatingstatisticaimodels
of eachpieceof musicin acollectionandthenrankingthepiecesy
thosestatisticaproperties.Thus,while it mightbemoreappropriate
to namethis work “statisticalmusicmodeling”,we still saythatwe
aretakingthelanguagemodeling toinformationretrieval.
Soratherthanattemptingaformalanalysiof theharmonicstructure
of music,we instead ‘capturethe statisticalregularitiesof [music]
withoutinferring arything aboutthe semanticcontent”.

Nothingillustratesthismorethanour choice explainedin sectiong,
to characteriz¢heharmoly of apieceof musicatacertainpointasa

over chordsratherthanasasinglechord.
Selectinga single chordis akin to inferring the semantiomeaning
of the pieceof musicat thatpointin time. While usefulfor some
applications,we feel that for retrieval, this semanticinformation
is not necessaryperhapseven harmful if the incorrectchord is
chosen Ratherwe let thestatisticalpatternsof the musicspeakfor
themseles.

To our knowledge,the rst LM approacho musicIR wasdonein
the monophoniaddomain[28]. Otherrecenttechniqueswhich also
take theLM approacHthoughwithout alwaysexplicitly statingit),
apply -orderMarkov modelingto monophonicnote sequences
[32, 17]. Furtherwork extendsthe modelingto the polyphonic
domain,usingboth and -orderMarkov modelsof raw note
simultaneitiego represenscored4].

4. SYSTEM OVERVIEW

The goal of this systemis to take polyphonicaudio queriesand
return polyphonicsymbolic piecesof music, highly ranked, which
arerelevantto thegivenquery Thisis donein anumberof stages,
asoutlinedin Figurel.

Of ine andprior to querytime, the entiresourcecollection(the set
of polyphonicscoreswhich areto be searched)s passedhrough
the harmonicmodelingmodule,describedn Section6. Eachpiece
of music,eachdocumentjs then"indexed", or stored,asa model.
At querytime, the systemis presenteavith polyphonicaudio,such
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asadigitizedrecordingof a pianopiecefrom anold LP. Thequery
is rst passedhroughthe audio transcriptionmodule, described
in Section5. The transcriptionfrom this moduleis passedo the
harmonicmodelingmodule,anda modelfor the queryis created.

Finally, a scoringfunctionis usedto comparehe querymodelwith
eachof thedocumenmodels andgive eachquery-documenpair a
dissimilarity value. Documentsarethensorted,or ranked, by that
value,with theleastdissimilarat thetop of thelist.

5. AUDIO TRANSCRIPTION

Automatic music transcriptionis the processof transforminga
recordedaudiosignalinto a representationf its musicalfeatures.
Wewill limit ourde nition totheestimatiorof onsetimes,durations
andpitchesof the notesbeingplayed. This taskbecomesncreas-
ingly complicatedvhendealingwith polyphonicmusicbecausef

the multiplicity of pitches,inconsistendurations,and variedtim-

bres. Most monophonidranscriptiontechniquesarethereforenot
applicable. In fact, despiteseveral methodsbeing proposedwith

varying degreesof succes$9, 19, 23, 24], automatictranscription
of polyphonicmusicremainsanunsolhed problem.

We offer two gures asanexampleof this transcriptionprocedure.
Figure2 is the original scoreof Bach's Fugue#10 from Book | of
the Well-temperedClavier, presentedherein piano-rollnotation. A
humanmusicianthen performsthis piece,andthe audiosignalis
digitized. Figure3 is the transcriptionof this digitized audiofrom
oneof ouralgorithms.It is with thisimperfecttranscriptiorthatwe
still achieve excellentretrieval results.

We locatetheaudiotranscriptiontaskwithin the context of Compu-
tational Auditory SceneAnalysis(CASA). In this contet, systems
try to explaintheanalysedsignalfollowing a setof perceptuatules
andsoundmodels. Theserulessuggeshow to groupthe elements
from the signaltime-frequeng representatiomto auditoryobjects
(i.e. musicalnotes). In polyphonic music, events overlap both
in the time andthe frequeng domain, meaningthat transcription
systemsshould be able to analysethe signalin both domainsin
orderto returnan accuraterepresentationf the scene. From this

approachwe proposetwo differentmethods.Both techniqueswill
beused separatelyto producequeriesandretrieval resultsfor each
transcriptiontechniquewill be given. We do this to shawv thatour
harmonicnodelingalgorithmis robustto varyingtranscriptionsand
theirassociate@rrors.

5.1 Polyphonic Transcription |

Our rst methodis anextensionandreworking of atechniqueused
for monophonictranscriptionin Monti [27]. Fourier analysisis
usedto representhe signalin the frequeng domain. An auditory
maskingthresholdis calculatedusing a perceptuaimodel. Only
spectralmaximaabove sucha thresholdare chosento represent
the signal. The Phase-¥codertechniqueis usedto calculatethe
instantaneoufrequencieof the peaks,by interpolatingthe phase
of two consecutie frames.Theanalysids optimisedfor the steady
statepartof thenotes.

Oncethe representatiof the signalis given asa setof spectral
peaks,the systemgroupsthe peaksaccordingto their frequeny

position and time evolution. The groupingrules are: harmonic
relation in the frequeng domainand commononsetin the time

domain. For theimplementatiorof theserules,which grouppeaks
into objects(noteswe usedheBlackboardnodel[12]. Thismodel
hasshavn great e xibility andmodularity whichis importantwhen
implementingadditionalrules.

Thesystenstartsselectinghelowestavailablefrequeny peakand,
assumingt to beanote's fundamentallooks for harmonicsupport
amongthe otherpeaks. The supportof a note hypothesids given
by a fuzzy rate dependingon the fundamentafrequeng position
andenegy, andtheharmonicsupportin thespectrum If thenoteis
con rmed asanhypothesisits harmonicpeaksareeliminatedfrom
the hypothesispacesothey cannotbe choserasnev fundamental
hypotheses. However, they still may contritute to other notes'
hypothesesincethe partialsof the notescomposinga chord often
overlapin westernmusic.

The algorithmiterateswhile thereare peaksin the spectrum.Hy-
pothesegjualify asnoteobjects,only if they lastin time for amini-
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mum numberof (activation) frames.Oncea noteis recognisedhe
systempredictsits evolution in the spectrumandin futureanalysis
theexisting notesareveri ed beforesearchindgor new notes.If the
spectrunrevealschangein thefrequenciespositionsor amplitude
thesystenformulatesiew notehypothesesorrespondingp thenewn
eventsdetectedUsingthismethod pctare errorsareeliminated put
atthe costof failing to detectoctave intervalswhenplayedsimulta-
neously ThesystemextractsonsetspffsetsandMIDI pitchesfrom
the audioandwritesthemin aMIDI le for listeningandretrieval
tasks.

5.2 Polyphonic Transcription Il

Our secondsystemis an extensionof work found in Bello [2, 3].

We againbegin by apply Fourier analysison overlappingframes
in the time-domain. The phase-vcodertechniqueis alsousedto

estimatethe exact instantaneoudrequeny value for eachbin in

thefrequeng-domainrepresentationHowever in this approachall

frequeny peaksareused regardlesof their perceptuatonditions.

Two levels of hypothesesre considerechere. On eachanalysis
frame all musicaihoteswithin theevaluatedanggfrom 65to 2kHz)
areconsideredo be ‘frame' hypotheses Associatedwvith eachof
thesdramehypothesea Iter isdevelopedn thefrequeng domain.
To do this we assumehat a note with fundamentafrequeny
must(theoretically)presenfrequeng partialslocatedaccordingo:

where is the inharmonicityfactor (note andinstrumentdepen-
dent)[13], and ,with  suchthat . The
Iter associatedvith  behaeslike acomb lter with lobescen-
teredat the expectedpartials' frequencieandbandwidthsequalto
half thetone-distancdetweerthe hypotheticanoteandits closest
neighbour(a quarteror half atonedependingnthenote).

Theframe'sfrequeng-domainis processethroughthis Iter -bank,
producinga groupof spectrumsassociatedvith eachof the frame-
hypothesesThehypotheseareratedaccordingo theratiobetween
the ltered spectra&negy andtheenegy of theoriginalspectrogram.
Hypotheseswith high ratings are classi ed as “note' hypotheses
andfollowed over time. If continuity andenvelopeconditionsare
satis ed,thenthenoteis recognisedsa note-objecof thesignal.

Note thatin this approachno onsetdetectionis performedon the
audiosignal. Timing informationdependn the behaiour of the
instantaneourating of eachpossiblenote. A smoothingwindow is
usedto groupeventsthatarevery closein time.

An importantdifferencefrom the previous approachis that frame
hypothesesare evaluatedindependentlyallowing ary interval to
be detected.This bringsasa consequencthe detectionof octave
intervals andthe proliferationof octave-relatederrors. As with the
previoustranscriptionalgorithm,the systemextractsonsetspffsets
andMIDI pitchesfrom theaudioandwritesthemin aMIDI le for
listeningandretrieval tasks.

6. HARMONIC MODELING

A harmonianodelis ourtermfor aMarkov Modelin whichthestates
of themodelaremusicallysalientharmonicentities. Theproces®f

transformingpolyphonicmusicinto a harmonicmodeldividesinto

threestages.In the rst stage, , the music
documento be modeledis broken up into sequencesf notesets,
andeachof thosenotesetsare t to a probability vector Eachof

thesenotesetsis assumedo beindependendf theneighboringsets.
This assumptionwhile necessaryor the modeling,is not always
accuratejn particularbecausénarmoniesn a pieceof musicare
often de ned by their context. The secondstageof the harmonic
modelingprocesss thereforea proceduredesignedo

accountfor this context. Finally, the third stageis the processy

which are createdfrom the smoothedharmonic
descriptions. Stageone andthreearecoveredin greaterdetailin
[29], while stagetwo is anew techniquerst describedn thispaper

6.1 Harmonic Description

Recallfrom Sectionl that polyphonicmusic hasno innate, one-
dimensionalsequence.Arbitrary notesor setsof notesmay start
beforethe currentnoteor setof noteshas nished playing. It there-
fore becomemecessaryor usto arti cially imposesequentiality
Thisis accomplishedby ignoringthe playeddurationfor every note
in a score,andthenselectingat eachnew noteonsetall the notes
which also begin at that onset. Theseevent-basedsetsare then
reducedmod 12, to octave-equvalent pitch classesaand given the
name .

We de ne a asa codi ed pitch template. Of the 12
octave-equvalent(mod 12) pitchesin the Westerncanon,we select
some -sizedsubsebf thosecallthesubset , givethatchord
aname,andaddit to the lexicon. Not all possiblechordsbelong
in a lexicon; with possiblelexical chordsof size , and12
differentchoicesfor , we mustrestrictoursehesto a musically-
sensiblesubset. The chord lexicon will furthermoremake up the
statespaceof our Markov model,in additionto providing the basis
for theharmonicdescription.

Thechordlexiconusedn this paperis thesetof 24 majorandminor

triads,oneeachfor all 12 member®f thechromaticscale:C Major,

¢ minor, C Major, ¢ minor B Major, b minor, B Major,

b minor. No distinctionis madebetweenenharmonicequivalents

(C /D, A /B, E /F andsoon). Assumingoctase-invariance the

threememberof a majortriad have therelative semitonevalues
and ; thoseof aminortriad and

During the 1970sand 1980sthe music-psychologis€arol Krum-
hanslconducteda ground-breakingseriesof experimentsinto the
perceptionand cognition of musicalpitch [20]. By usingthe sta-
tistical techniqueof multi-dimensionakcalingon the resultsof ex-
perimentson listeners'judgementf inter-key relationshipsshe
produceda table of coordinatesn four-dimensionalspacewhich
providesthe basisfor the lexical chorddistancemeasureve adopt
here. The “distance'betweentriads and canbe expressedas
thefour-dimensionaEuclideardistancebetweerthesecoordinates.
We do not reproducehesedistancesere,but denotethe distance
as

Now thatthesede nitions areclear we may proceedwith the har
monicdescriptioralgorithm. Thebasicideais thatwhencalculating
thescoreof asimultaneity onalexical chord , thisscoreisin u-
encecby all theotherlexical chords inwhich participatesThus,
every lexical chordhasaneffect on every otherlexical chord.

An analogymight help: Theamountof gravitationalforcethattwo

bodies(suchasthe earthandmoon)exert on eachotheris propor

tional to the productof their massesandinverselyproportionalto

a function of the distancebetweenthem. By analogy eachof our
24lexical chordsis abodyin spaceandeachexertssomein uence

on all others. Thus, if the notesof a G major triad are obsered,
not only doesG major getthe mostmass 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 currentchordis proportionalto the numberof pitchesshared
betweenthe simultaneity andeachlexical chord , andinversely
proportionalto the intertriad distancefrom each to Since,
in general, contritutions' of nearneighborsin termsof inter-key

distancearepreferredwe usethatfactasthe basisfor computinga
suitablecontext:
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This context scoreis computedfor every chord in the lexicon

(eachpoint in the distribution), and thenthe entire distribution is

normalizedby the sumtotal of all context scores.While it is clear
that the harmory of all but the crudestmusic cannotbe reduced
to a meresuccessiorof major and minor triads, as this choice of

lexicon might be thoughtto assumewe believe thatthis is a sound
basisfor a probabilisticapproacto harmonicdescriptionasmore
complex chords(suchas  chords)arein factaccountedor by the

contributionsof their notesto the overall probabilisticcontext.

6.2 Smoothing

Whilethemethodaboretakesinto accountcontributionsfrom neigh-
boring triads, it only doesso within the currentsimultaneity the
currenttimestep. Harmory, as musiciansperceve it, is a highly
contextual phenomenomnwhich dependsot only on the harmonic
distancestthecurrenttimestepputis alsoin uencedby the previ-
oustimestepstheharmoniegpresenin therecentpastareassumed
to beagoodindicationof thecurrentharmolry. Thus,asimultaneity
with only one note might provide a relatively at or uniform dis-
tribution acrossthe lexical chordset, but whenthatsimultaneityis
takenin historicalcontet, thedistribution becomesnoreaccurate.

We have developeda naive, yet effective, techniquefor takinginto
accountthis event-basedtontet by examininga window of  si-
multaneitiesand using the valuesin that window to give a better
estimatefor the currentsimultaneity Thisis givenby thefollowing
equationwhere is thesimultaneityattimestep :

Whenthe smoothingwindow is equalto 1, this equationdegen-
eratesinto the one from the previous section. When is greater
thanone, the scorefor the lexical chord at the currenttimestep
is in uenced by previous timestepsin proportionto the distance
(numberof events)betweerthe currentandprevioustimestep.As

in theunsmoothedersion thesmoothedontet scoreis computed
for every chord in the lexicon andthenthe entire distribution is

normalizedby the sumtotal.

6.3 Mark ov Modeling
It shouldbe clearby now thatthe primary differencebetweenour
harmonicdescriptionalgorithmand mostothersuchalgorithmsis
the choiceto createprobabilistic acrossthe lexical
chordset, ratherthan of eachsimultaneityto a single,
mostsalientlexical chord. The gure below is atoy exampleof a
harmonicdescriptionusinganexamplelexicon of threechords, ,
,and . With this probabilisticharmonicdescription,we now
createa Markov model.

Markov modelsare often usedto capturestatisticalpropertiesof
a statesequencever time. We wantto be ableto predictfuture
occurrence®f a stateby the presenceof sequencesf previous
states.In ourharmonicapproachwe have chosenexical chordsas
the statesof themodel. Foran  -ordermodel,a matrix
is constructedwith the rows representinghe

spaceandthe  columnsrepresentinghe space.

An sizedwindow slidesover the sequencef lexical chord
distributions and Markov chainsare extractedfrom that window.
The countof eachchainis addedto the matrix, wherethe crossof
the rst  statesis the previous state,and the stateis
the currentstate. Finally, whenthe entireobsenrable sequencéas
beencounted,eachrow of the matrix is individually summedand
theelementof eachrow normalizedby the sumtotal for thatrow.

Oneproblemis thatMarkov modelingonly workson 1-dimensional
sequence®f obserable states,while our harmonic description
is a sequencef 24-point probability distributions. Our solution
is to assumdandependencéetweenpointsin eachdistribution at
eachtimestep,so that an exhaustve numberof independentpne-
dimensionalpathsthroughthe sequencenay be traced. (This ex-
haustve pathsapproachis abstractlysimilar to one suggestedy
Doraisamyand Riiger [10].) Eachpath, thus constructedjs not
countedas a full obseration. Instead,obsenrations are propor
tional; the degreeto which eachpathis obsered is a function of
theamountby which all elementsf the patharepresent.Sincein-
dependenceetweemeighboringsimultaneitiesvasassumedthis
becomeshe productof the valuesof eachstatewhich comprises
the path. For example,supposewe constructa  -order model
from the sequencef distributions,abore. Thenoneof the mary
obseredstatesequencewewould seen timestepd to 3is“QRR”.
Thecountof this obserationis 0.08= (0.5* 0.8* 0.2).

7. SCORING FUNCTION
Ourgoalisto producearankedlist for aqueryacrosghecollection.
We wish to rank thosepiecesof musicat the top which are most
similar to the query andthosepiecesat the bottomwhich areleast
similar. This is thetaskof the scoringfunction. We have chosen
asthisfunctiontheKullback-Liebler(KL) divergence ameasuref
how differenttwo distributionsare,over the sameeventspace.The
divergenceis alwayszeroif two distributionsareexactly the same,
or a positive value if the distributions differ. We denotethe KL
divegencebetweergquerymodel andmusicdocumenimodel as
. “The KL divergencebetween| ] and][ ] is the average
numberof bitsthatarewastedoy encodingeventsfrom adistribution
[ ] with acodebasedn the not-quite-rightdistribution[ ]” [22].

In our Markov model,eachprevious state,eachrow in the

matrix, is a completedistribution. We thereforecomputea diver-

gencescorefor eachrow in themodel,andaddthevalueto thetotal

divegencescorefor thatquery-documenpair. Thisis givenby the
following equationwhere and represeneachprevious state.
It is imperatve thatthe samemodelingprocedureand sizethatis

usedfor thedocumenimodelsis alsousedfor the querymodel.

However, thereisaproblemin thatsometimesadocumeniodelcan
have estimate®f zeroprobability Thisis especiallytrue of shorter
musicdocumentsin whichalot of thepossibleransitionsarenever
obsered. The divergencescorein such cases( —)
automaticallygoesto in nity . This small problemin just a single
value couldthereforethrow off our entirescorefor thatdocument.
We thereforemustcreatesomesmall but principlednon-zerovalue
for every documenimodelzerovalue. Therearemary waysto do
this, butwe have donesoby “backingoff” to ageneramusicmodel,
usingthe valueof that previous statenodefrom the generaimodel
wheneer we encountera zero value in ary particulardocument
model.

A generaimusicmodelis createdoy averagingthe modelsover the
entiresetof documenimodelsin the collection. In principle, there
couldstill remainzerovaluesin thegeneramusicmodel,depending
on the size and propertiesof the collection. In our experiments,
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however, we foundthis almostnever to bethe case.Also, it should

be obsered that whenthe query model hasa zero probability in

ary cell, thereis no problem. The KL divergencefor thatpointis
——, whichis zero.

8. EXPERIMENT DESIGN AND RESULTS
For ourretrieval experimentationywe adoptthe Cran eld evaluation
model [8]. This requiresthreecrucial components:(1) Source
collection, (2) Query and (3) Relevancejudgementswhich label
eachitem in the sourcecollectionaseitherrelevantor not relevant
tothequery In all ourexperimentsthesourcecollectionremainghe
same.However, we vary the queriesandtherelevancejudgements,
asdescribedelow.

8.1 SourceCollection
Thebasidestcollectiononwhichwetestedurretrieval methodwas
assembledrom dataprovidedby the Centerfor ComputerAssisted
Researchin the Humanities(CCARH) [18]. It comprisesaround
3000 les of separatanovementsfrom polyphonicfully-encoded
musicscoreshy a numberof classicalcomposergincluding Bach,
Beethaen, Handel,andMozart) of varying keys, textures(i.e. av-
eragenumbersof notesin a simultaneity)andlengths(numbersof
simultaneities). To this basiccollectionwe add, for the purposes
of the presenpaperthreeadditionalsetsof polyphonicmusicdata,
for atotal collectionof approximately3,150piecesof music. Col-
lectively, we denotetheseTwinkle, LachrimaeandFolia variations
astheTLF sets:

26 individual variationson the tuneknown to Englishspealers
as Twinkle, twinkle, little star' (in facta mixture of mostly
polyphonicandafew monophonicrersions);

75 versionsof JohnDowland's “LachrimaePavan’, collectedas
part of the ECOLM project(www.ecolm.og) from different
16thand17th-centurysourcessometimesaryingin quality
(number®f ‘'wrong' notes,omissionsndotherinaccuracies),
in scoring(for solo lute, keyboardor v e-partinstrumental
ensemble)in sectionalstructureandin key;

50 variationsby four different composerson the well-known
baroqueune’LesFoliesd'Espagne’.

8.2 Experiment One: Known Item

The ideafor the rst experimentcomesfrom a desireto testthe

robustnessof our harmonicmodeling. We thereforeassembled
from the Naxos audio collection the 24 Preludesand Fuguesof

Book | of Bach’s Well-temperedClavier. The scoreversionsof
thesepiano-basedhuman-playedudio les arepresentwithin our
sourcecollection,fromthe CCARHdata. Soeachaudio-transcribed
Preludeor Fuguebecomesa query andthe scorefrom which the
audio le was ostensiblyplayed becomeshe one “known item”
relevantdocumentin the collection.

Thequestionis whetherthis degradedtranscribedjuery(Figure3)
canretrieve,atahighrankrelativeto all othermusicin thecollection,
theoriginal “perfect” score(Figure2). For this particularexample,
Figure2 wasretrievedatarankof , from ourcollectionof 3,150
piecesof music.

As good asthis resultis, accurateevaluationdealswith averages
to getatrueindicationof systemperformance.The resultsof this

experimentare found in Tablesl and2. For eachsetof queries
(eitherthe 24 Preludesor 24 Fugues)heknown item wasretrieved

atsomerank,whererst isthebestpossiblevalue. Theseankswere

thenaveragedacrossall queriesn theset. Resultsaregivenfor

to -orderMarkov models gachof whichhasbeensmoothedver

awindow of size to . For comparisona systemwhich

performedandonrankingwould placetheknownn item,onaverage,
approximately

Ourresultsshav thattheknown itemsearcheareex-
tremelysuccessfulThrougha combinatiorof higherorderMarkov
modelsand larger smoothingwindows, we were able to retrieve
the true symbolicversionof the pieceusingthe audio-transcribed,
degradedquery at an averagerank of a little over 3 for the Bach
Preludesanda little over 2 for the Bach Fugues. While thereis
still roomfor improvement,it shouldprove dif cult to producean

whichis betterthan2ndor 3rd.

Thoughresultsvary slightly from the Transcriptionl to the Tran-
scription Il algorithms,equally good resultswere achieved using
each.Our harmonicmodelingtechniquds robustenoughto handle
two signi cantly differenttranscriptionalgorithms.

8.3 Experiment Two: Variations

For the secondexperiment,we wish to determinewhetherour har

monic modelingapproachis useful for retrieving variationson a
pieceof music, ratherthanjust the original. Recallthatin addi-
tion to the CCARH data,our sourcecollection containsthreesets
of variations. For this experiment,the audioversiononevariation
is selectedand the scoreversionsof all the variationsare judged
“relevant” to the audioquery even thoughtheir actual

may vary considerably A good retrieval systemwould therefore
return all variationstoward the top of the 3,150item list, and all
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non-\ariationsfurtherdown. This is repeatedor all audiopieces
in the set. For example,Figure4 containsa few of the “Twinkle”

variations. Whenthe audio versionof Variation 3 is usedas the
query we expect not only the scoreversionof Variation3 to be
ranked highly, but the scoreversionof Variation11 andthe score
versionof the Themeto berankedhighly aswell. (The“Theme”is,

of course pneof themary variations.)
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Becauseof the size of thesesetsand our limited resourceswe
were not able to get humanperformance®f all thesevariations.
Instead we corvertedthe queriesto MIDI anduseda high-quality
(30 Megabyte)pianosoundfontto createan audio “performance”.
This apparentveaknessn our evaluationis counteredy two facts:
(1) Theseaudio queriesare still polyphonic,evenif synthesized,
and automatictranscriptionof overlappingand irregularduration
tonesis still quite dif cult. (2) Many of the variationson a piece
arethemselesquite differentfrom a potentialquery aswe seein
Figure 4, and good retrieval is still a dif cult task. Evenif the
perfectscoreof a variation were usedas a query ratherthanthe
imperfect(thoughperhapslightly betterbecausef thesynthesized
audio),quality retrieval is not guaranteedWhile we hopeto work
with ahuman-produceaudiocollectionfor thisretrieval experiment
somedayaswe have donewith the knowvn-item Naxosdataabore,
we feelthe gist of the evaluationhasnotbeencompromised.

Presentatiomf the known-item resultswerestraightforvard. With
onerelevantdocumentn theentirecollection,oneneedonly report
therank (or averagerankacrossall queries)of this document.The
problemwith multiple relevantdocumentss how bestto visualize
theranledlist. Typically thisis doneusingl1-ptinterpolatedecall-
precisiongraphs,with (numberof relevant documents
over total retrieved at a point in the ranked list) given at various
level of (numberof relevant documentsetrieved over the
total numberof relevant documentsn the query set). However,
spaceconstrainais. Insteadwe presentwo valueswhich hopefully
characterizehe data: meanaverageprecisionandmeanprecision
atthetop 5 retrieveddocuments.

Averageprecisionis computedby calculatingthe precisionfor a
singlequery (retrieved relevant over total retrieved) every time an-
othervariation(relevantdocument)s found,thenaveragingoverall

thosepoints. This scoreis thenaveragedver all queriesin the set,
to createthe meanaverageprecision.lt is asinglevaluepopularin
InformationRetrieval studiesbecausét allows easycomparisorof
differentsystems.

However, someusersaremoreinterestedn theprecisiornof asystem
atthetop of theranked list. If theuserdoesnot careabout nding
everysinglevariationbutonly caresabout nding ary variation,then
the averageprecisionis not asimportantasthe precisionat the top
of theranked list. We thereforecomputethe precisionfor a single
queryafterretrieving thetop 5 documentslf 1 of thosedocuments
is relevant (a variation),thenthe precisionis 0.2, or 20%. If none
of themare,the precisionis 0%. If all of themare,the precisionis
100%. We thenaveragethis valueover all queriesin the set,to get
themeanprecisionatthetop 5 retrieved documents.

Tables3 and 4 containthe meanaverageprecisionresults,while
Tables5 and 6 containthe averageprecisionat the top 5 retrieved
documentsThesevaluesaregivenfor thethreeTLF querysets for

to -orderMarkov models eachof which hasbeensmoothed
overawindow of size to , averagedover all queriesin
eachof the TLF querysets. Unlike the known-item results,where
the lower numberswere better becausehey representedverage
rank,thevaluesfor thesevariationsexperimentsepresenprecision.
Highernumbersarebetter

For eachquery setwe give, as a baseline,the expectedvalue a
randonrankingalgorithmwould producefor adocumentollection
of sizeandwith relevantdocumentountequalo thoseof thevarious
querysets.For example the Twinkle setonly has26 variations soa
randomrankingof the collectionyieldsa meanprecisionat thetop
5 document®f 0.0077. The Lachrimaesethas75 variations,so it
is only naturalthatwith morerelevantdocumentsn the collection,
a randomranking of thosedocumentswill include more relevant
documentgowardthetop of thelist. Indeed the meanprecisionat
5 docsof therandomalgorithmon the Lachrimaesetis 0.0213.

Using an audio-transcribedjueryto retrieve vari-
ationson a pieceof musicis a muchharderproblem. We do not
considethisasolvedproblemby any meanshut we areencouraged
by theresultswe see. First, it is clearthatour harmonicmodeling
algorithmis doing somethingcorrectly asit yields signi cant im-
provementover the randomalgorithm. Second,we once again
seethetrendthathigherorderMarkov modelsandmore harmonic
smoothingyield betterresults. Higher andlongerdoesnot mono-
tonically indicatebetterperformancebut the trendis nonetheless
apparent.

We also note that somequery setsare more dif cult than others.
Not only did we have moresucces®n the Folia variationsthanon
the Twinkle variations,but after listeningto the actualpiecesit is
clearthanhumanjudgeswould have moredif culty pickingoutthe
Twinkle variationsthanthey would the Folia variations. Neverthe-
less, even for thesemoredif cult Twinkle variations,almost3 of
the5 toprankeddocumentsre,onaveragerelevantvariations.We
feelthisis arespectableesult.

9. CONCLUSION

It is now clearthatretrieval of polyphonicscoresusingpolyphonic
audiois possible. By "taking apart” (transcribing)an audio music
guery and harmonicallymodelingthe musically-salientpitch fea-
tureswe are bridging the gap betweenaudio and symbolic music
retrieval, anddoingsowithin thedif cult polyphonicdomain.

That we have restrictedourselesin this paperto piano (a single
timbre) is not a limitation asmuchasit is anindication of future
potential. We did not have to perfectlyrecognizeevery singlenote
in apieceof musicin orderfor theharmoniamodelingto besuccess-
ful. Thereforefutureaudiotranscriptiormethodswhich attemptto
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transcribethe even moredif cult polytimbral, polyphonicdomain
may do so with the con dencethat the transcriptionneednot be
perfectin orderto getgoodretrieval results.

Thesameechniquavhichgivesusrobust,errortolerantretrieval of
known-item queriegSection8.2) is alsousefulfor retrieving varia-
tions(Section8.3). Indeed at onelevel of abstractionacomposed
variationcanbethoughtof asan“errorful transcription”of theorigi-
nal piece.Ourharmonicmodelingapproactsucceedeah capturing
adegreeof invariance adegreeof similarity, acrossuch“transcrip-
tions”. Thetechniquethoughfarfrom perfect,is animportant rst
stepfor polyphonic(audioandsymbolic)musicretrieval.

10. FUTURE WORK

We feel one useful direction for this work is to bypassthe tran-
scription phaseandgo directly from audiofeaturesto a harmonic
description.This will make the modelingphaseslightly moredif -
cult, buttheremightbeadwantageso bypassinghetranscriptionas
thetranscriptionis only usedto createharmonicdescriptions.This
would bring us closerto someharmonic-recognitiorwork being
carriedout by othersin the pureaudiodomainsuchasby Carreras
etal [7], or Fujishima[15].

A secondlirectionis to modify theharmoniadescriptiorsmoothing
algorithm. We proposein thefutureto adopteithera (millisecond)
time-basedr a(rhythmic)beat-basedindon smoothingapproach,
ratherthanthe event-basedpproactwe usein this paper We will

sumthe harmoniccontritutionsin the way describecabove across
simultaneitiesvithin thewindow in inverseproportionto theirtime

or beat-basedistancdrom thecurrentsimultaneitywith additional
weightingsprovided accordingto metrical stress note durationor

otherfactorsthat might be considerechelpful. Indeed,harmonic
smoothing,properly executed,might be a way of integrating the

problematic not-quite-orthogonadimension®f pitchandduration
within apolyphonicsource Bettertime-basedmoothingnightalso
yield aricherharmonicdescriptionbecausét giveslessweightto

transienthangesn harmoty arisingfrom non-harmoniamotessuch
aspassingonesor appoggiaturas.

A third direction dealswith passagdevel retrieval. Ratherthan
modeling entire documentsjt might be usefulto model portions
of documentsparticularlyif thoseportionsare musically salient.
Finally, theissueof standardizetkstcollectionsremaingmportant.
We areinterestedn participatingin suchexperimentsto compare
our systemwith othersthatwill bedevelopedin thefuture.
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