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Abstract

We describea computemprogramwhich is ableto estimatethe tempoandthe
times of musicalbeatsin expressively performedmusic. The input datamay be
eitherdigital audioor a symbolicrepresentationf musicsuchasMIDI. Thedata
is processeaff-line to detectthe salientrhythmic eventsandthe timing of these
eventsis analysedo generateénypothese®f the tempoat variousmetricallevels.
Basedon thesetempohypothesesa multiple hypothesissearchindsthe sequence
of beattimeswhich hasthebestfit to therhythmic events.We shav thatestimating
the perceptuakalienceof rhythmic eventssignificantlyimprovesthe results. No
prior knowledge of the tempo, meteror musical style is assumedall required
informationis derivedfrom thedata.Resultsarepresentedor arangeof different
musicalstyles,includingclassicaljazz,andpopularworkswith a variety of tempi
and meters. The systemcalculatesthe tempocorrectly in most casesthe most
commonerror beinga doublingor halving of the tempo. The calculationof beat
timesis alsorobust. Whenerrorsaremadeconcerninghe phaseof the beat,the
systenrecoversquickly to resumecorrectbeattracking,despitethefactthatthere
is no high level musicalknowledgeencodedn the system.

Intr oduction

Thetaskof beattrackingor tempofollowing is perhapdestdescribedy analogyto the
humanactuities of foot-tappingor hand-clappingn time with music,tasksof which

averagehumanlistenersarecapable.Despiteits apparentntuitivenessandsimplicity

comparedo the restof music perception beattrackinghasremaineda difficult task
to define,andstill moredifficult to implementin analgorithmor computerprogram.
In this paper we addresghe problemof beattracking,anddescribealgorithmswhich

have beenimplementedn a computerprogramfor discovering the timesof beatsin

expressiely performedmusic.



Theapproachakenin thiswork is basedn the beliefthatbeatis arelatively low-
level propertyof music,andthereforethe beatcanbe discoveredwithout recourseto
high-level musicalknowledge.It hasbeenshown thatevenwith no musicaltraining,a
humanlistenercantapin time with music(Drake etal., 2000). At the sametime, it is
clearthathigherlevel knowledgeaidsthe perceptiorof beat. Drake et al. (2000)also
shavedthattrainedmusiciansareableto tapin time with musicmoreaccuratelyand
requirelesstime to synchronisavith the musicthannon-musicians.

The primary informationrequiredfor beattrackingis the onsettimes of musical
events,andthis is sufficient for musicof low compleity andlittle variationin tempo.
For more difficult caseswe shav that a simple estimationof the salienceof each
musicaleventmakesa significantimprovementin the ability of the systento find beat
timescorrectly

Motivation and Applications

Thereareseveralarea®f researclior whichthiswork is relevant,namelyperformance
analysisperceptuaimodelling,audiocontentanalysisandsynchronisatiof amusical
performancevith computersor otherdevices.

Performanceanalysisnvesticatestheinterpretatiorof musicalworks,for example,
the performers choiceof tempoandexpressie timing. Theseparametergareimpor-
tantin corveying structuraland emotionalinformationto the listener(Clarke, 1999).
By finding the timesof musicalbeats we canautomaticallycalculatethe tempoand
variationsin tempowithin a performance.This acceleratethe analysisprocessthus
allowing morewide-rangingstudiesto be performed.

Perceptiorof beatis a prerequisiteo rhythm perceptionwhichin turnis afunda-
mentalpartof musicperception Severalmodelsof beatperceptiorhave beenproposed
(Steedman1977; Longuet-Higginsand Lee, 1982; Povel and Essens1985; Desain,
1992;Rosenthal 1992; Parncutt,1994;van Noordenand Moelants,1999). Although
this work is not intendedas a perceptuamodel,it caninform perceptuaimodelsby
examiningtheinformationcontentof variousmusicalparametersior examplethere-
lationshipbetweerthe musicalsalienceandthe metricalstrengthof events.

Audio contentanalysisis importantfor automaticindexing and content-basede-
trieval of audiodata,suchasin multimediadatabaseandlibraries. This work is also
necessaryor applicationssuchasautomatidranscriptionor scoreextractionfrom per
formancedata.

Anotherapplicationof beattrackingis in the automaticsynchronisatiormf devices
suchaslights, electronicmusicalinstrumentsrecordingequipmentcomputeranima-
tion andvideo with musicaldata. Suchsynchronisatiommight be necessaryor mul-
timediaor interactve performance®r studiopost-productiorwork. Theincreasingly
large amountsof dataprocessedn this way leadsto a demandfor automatisation,
which requiresthat the software involved operatesn a “musically intelligent” way,
andtheinterpretatiorof beatis oneof the mostfundamentahspect®f musicalintelli-
gence.



Definitions of Terms

We assignthe following meaningsto termsusedthroughoutthe paper Beat asa
phenomenontefersto the perceved pulseswhich are approximatelyequally spaced
anddefinethe rate at which the notesin a pieceof musicare played. For a specific
performancethe beatis definedby the occurrencdimesof thesepulses(beattimeg,
which aremeasuredelative to the beginning of the performance.

A metrical level is a generalisatiorof the conceptof the beat, correspondingo
multiplesor divisorsof the beatwhich alsodivide the meterandary implied subdvi-
sionof the meterevenly andbegin on thefirst beatof the meter For example,we can
talk aboutthe quarter note level of a piecein 3/4 or 4/4 meter but not of a piecein
3/8 or 6/8 meter Similarly, a piecein 4/4 meterhasa half notelevel anda wholenote
level, whereasa piecein 3/4 time hasa dottedhalf notelevel. The primary metrical
levelis givenby the denominatoof the time signature(the notatedlevel), which does
not necessarilyequateo the perceptuallypreferredmetricallevel for thebeat.

Scoe timeis definedasthe relative timing informationderived from durationsof
notesandrestsin thescoremeasuredh abstracunitssuchasquartemotesandeighth
notes.In conjunctionwith a metronomesetting,scoretime canbe corvertedto (nomi-
nal) noteonsettimesmeasuredn secondsTheterm performanceimeis usedto refer
to the concrete measuredphysicaltiming of noteonsets.We deferdiscussiorof the
practicaldifficulties with the measuremenof performanceime until the sectionon
evaluation.

A medanical or metrical performanceis a performanceplayedstrictly in score
time. Thatis, all quarternoteshave equalduration,all half notesaretwice aslong
asthe quarternotes,andsoon. An expressiveperformances ary otherperformance,
suchasary humanperformance.

Temporefersto therateat which musicalnotesareplayed,expressedn scoretime
units perrealtime unit, for examplequartemotesperminute. Whenthe metricallevel
of thebeatis known, thetempocanberepresentetly thenumberof beatgpertime unit
(beatsper minuteis mostcommon),or inverselyasthe inter-beatinterval, measured
in time perbeat.Further thetempomight beaninstantaneousalue,suchastheinter-
beatinterval measuredetweentwo successie beats,or an averagetempomeasured
overalongerperiodof time. A measuref centraltendeng of tempoover a complete
musicalexcerptis calledthe basictempo(Repp,1994), which is the implied tempo
aroundwhich the expressive tempovaries(not necessarilysymmetrically).

Tempainductionis theproces®f estimatinghebasictempofrom musicaldata,and
a tempohypothesiss one suchestimategeneratedy the tempoinductionalgorithm
shavn in Figure 1. Beattracking is the estimationof beattimes basedon a given
tempohypothesis.Theterm beatphaseis usedto referto thetimesof musicalevents
(or estimatedeattimes)relative to actualbeattimes.

Outline of Paper

In the backgroundsection,we review the literatureon the modelling and analysisof
tempoandbeatin music,from scoredata,symbolicperformancelataandaudiodata,
and concludewith a brief summaryof modelsof performanceiming andhow they



relateto this work.

Thefollowing threesectionsgive a detaileddescriptionof the algorithmsusedin
tempoinduction,beattrackingandcalculatingmusicalsaliencaespectrely. Fortempo
inductionfrom audiodata,the onsetsof eventsarefoundusingatime-domainrmethod
which seekdocal peaksin the slopeof the amplitudeenvelope. For symbolicperfor
mancedata,the notesaregroupedby temporalproximity into rhythmic events,andthe
salienceof eacheventis estimated.The tempoinductionalgorithmthenproceedsy
calculatingthe inter-onsetintervals betweernpairsof events(not necessarilyadjacent),
clusteringthe intervals to find commondurations,and then ranking the clustersac-
cordingto the numberof intervalsthey containandtherelationshipdetweerdifferent
clustersto producearankedlist of basictempohypothesesThesehypothesesrethe
startingpoint for the beattrackingalgorithm,which usesa multiple agentarchitecture
to testthe differenttempoand phasehypothesesimultaneouslyandfinds the agent
whosepredictedbeattimesmatchmostcloselyto thoseimplied by thedata. The eval-
uationof agentds basedntheassumptiothatthe moresalienteventsaremorelik ely
to occurin metrically strongpositions.The estimationof musicalsaliences basecn
noteduration,density pitch andamplitude.

Evaluationof thesystenis thendiscussedandanumberof situationsarepresented
in whichthedesiredbehaiour of aperfectbeattrackingsystenis notclear A practical
methodologyfor evaluationis then describedjncluding a formula for rating overall
beattrackingperformanceon a musicalwork.

Theresultssectionbeginswith a brief descriptionof theimplementatiordetailsof
the system,andthen presentgesultsfor tempoinduction and beattracking of audio
data,andthenfor symbolicdata,usingvariousmeasuresf musicalsalience We shov
thatfor popularmusic,which hasa very regular beat,the onsettimesandamplitudes
are sufficient for calculatingbeattimes, but for musicwith greaterexpressve varia-
tions, note durationbecomesan importantfactorin beingableto estimatebeattimes
correctly

The paperconcludeswith a discussionof the resultsobtained,the strengthsand
weaknessegsf the systemanda preview of severalpossibledirectionsof furtherwork.

Background: Tempolnduction and Beat Tracking

Before discussingthe methods,algorithmsand resultsof the beattracking system,
we provide a brief backgroundf previouswork in the area. The literatureon tempo
induction and beattrackingis reviewed herein threeparts,basedon the type of in-

put data. Firstly we examinemodelsprocessingnechanicaperformancesr musical
scoresthenwelook atwork involving symbolicperformancelata(usuallyMIDI), and
finally we describeapproacheto analysisof audiodata.We concludethis sectionwith

areview of modelsof performancdiming anddiscusgheir relevanceto beattracking.

Scoresand Mechanical Performance Data

For datawith no expressie timing, theinter-beatinterval is normallya multiple of the
shortestduration,andall durationscanbe expressedn termsof rationalmultiples of



this intenal. Researchusingthis type of datausually goesbeyond tempoinduction,
andtriesto inducethe completemetricalhierarcly.

Steedmar{1977)describes modelof perceptiorusingnotedurationsto infer ac-
cents,andmelodicrepetitionto infer metricalstructure.He assumeshatthe meteris
establishedtlearly beforeary syncopatiorcanoccut andthereforeweightsinforma-
tion atthe beginning of a piecemorehighly thanthatwhich occurslater.

A modelof rhythm perceptiordevelopedby Longuet-HigginsandLee (1982)pre-
dicts beattimes andrevisesthe predictionsin the light of the timing of events. For
example, after the first two onsetsare processedit is predictedthat the third onset
will occurafteranequaltime interval sothatthe 3 eventsare equallyspaced.If this
expectationis fulfilled, the next expectedinterval is doublethe size of the previous
interval. This methodsuccessfullybuilds binary hierarchiesbut doesnot work for
ternarymeters.An extensionof this work (Longuet-HigginsandLee, 1984)provides
aformal definition of syncopatioranddescribes preferredrhythmic interpretatioras
onewhich avoidssyncopation.

LerdahlandJaclendof (1983)describemeterperceptiorasthe processf finding
periodicitiesin the phenomenahndstructuralaccentsn a pieceof music. They pro-
posea setof metricalpreferenceules,basedn musicalintuitions,which areassumed
to guidethelistenerto plausibleinterpretation®f rhythms. Therulespreferstructures
where:beatscoincidewith noteonsetsstrongbeatscoincidewith onsetof long notes;
parallelgroupsreceie parallelmetrical structure;andthe strongesbeatoccursearly
in thegroup.

Povel andEsseng1985)proposea modelof perceptiorof temporalpatternspased
ontheideathatalistenertriesto induceaninternalclockwhichmatcheshedistribution
of accentsn thestimulusandallowsthepatternto beexpressedn thesimplestpossible
terms.They usepatternsof identicaltoneburstsat precisemultiplesof 200msapartto
testtheir theory They do not suggeshow the theoryshouldbe modifiedfor musical
dataor non-metricatime.

A theoreticalndexperimentakcomparisorof theabore modelsis reportecby Lee
(1991). He concludeghat every meterhasa canonicalaccentpatternof strongand
weak beats,and that listenersinduce meterby matchingthe naturalaccentpatterns
occurringin the musicto the canonicalaccentpatternof possiblerhythmic interpreta-
tions. In this model,majorsyncopationendweaklong notesareavoided.

Desainand Honing (1999) comparesereral tempoinduction models,integrating
theminto a commonframewnork and shaving how performancecanbe improved by
optimisationof the parameters.

Symbolic Performance Data

Much of the work in machineperceptionof rhythm hasusedMIDI files asinput
(Rosenthal1992;Rowe, 1992;Desain,1993;Large, 1995;Cemgiletal., 2001).
Theinputis usuallyinterpretedasa seriesof eventtimes,ignoringthe eventdura-
tion, pitch, amplitudeandchosersynthesizevoice. Thatis, eachnoteis treatedpurely
asanuninterpretedvent. It is assumedhatthe otherparameterslo not provide essen-
tial rhythmic information,which in mary circumstancess true. However, thereis no



doubtthatthesefactorsprovide usefulrhythmic cues;for example,moresalientevents
tendto occuron strongetbeats.

Notablework using MIDI file input is Rosenthak emulationof humanrhythm
perception(Rosenthal1992),which producesnultiple hypothese®f possiblehierar
chical structuresn thetiming, assigninga scoreto eachhypothesiscorrespondingo
the likelihood that a humanlistenerwould choosethat interpretationof the rhythm.
This techniquegivesthe systenthe ability to adjustto changesn tempoandmeter as
well asavoiding mary implausiblerhythmicinterpretations.

A similarapproachs adwocatedby Tanguian€1993),usingKolmogoros complex-
ity asthemeasuref thelikelihoodof aparticularinterpretationwith theleastcomple
interpretation®eingfavoured.He providesaninformation-theoreti@ccounof human
perceptionandarguesthat mary of the “rules” of musiccompositionandperception
canbeexplainedin information-theoretidcerms.

Desain(1993)compareswo differentapproacheto modellingrhythm perception,
the symbolicapproactof Longuet-Higging(1987) andthe connectionistapproachof
DesainandHoning(1989). Althoughthiswork only modelsoneaspecof rhythm per
ception theissueof quantisationandtheresultsof the comparisorareinconclusve, it
doeshighlightthe needto modelexpectang, eitherexplicitly orimplicitly. Expectang
is atypeof predictve modellingrelevantto realtime processingwhich providesa con-
textual frameawork in which subsequenthythmic patternscanbeinterpretedwith less
ambiguity

Allen andDannenbay (1990)proposea beattrackingsystenmthatusebeamsearch
to considermultiple hypotheseof beattiming and placement. A heuristic evalua-
tion functiondirectsthe searchpreferringinterpretationshathave a“simple” musical
structureand make “musical sense” althoughthesetermsare not defined. They also
do notdescribaheinputformator any specificresults.

Large andKolen (1994); Large (1995, 1996) usea nonlinearoscillatorto model
the expectationcreatedoy detectinga regular pulsein the music. The systemdoesnot
performtempoinduction;thebasictempoandinitial phasenustbesuppliedto thesys-
tem,whichthentrackstempovariationsusingafeedbackoopto controlthefrequeng
of the oscillator Onimprovisedmelodiesthe systemachiezed a meanabsolutephase
errorof under10%for mostdata,which wasconsideredubjectvely good.

Another systemwhich usesmultiple hypothesess from Rowe (1992), who dis-
cretisesthe completetemporangeinto 123 inter-beatintervals rangingfrom 280ms
to 1500msin 10mssteps,correspondingo metronomemarkingsof 40—208beatsper
minute. Eachtempotheorytriesto provide a plausiblerhythmic interpretatiorfor in-
comingevents,andthe mostsuccessfutheoriesareawardedpoints. The systemcopes
moderatelywell with simpleinput data,but cannotdealwith complex rhythms.

An alternatie approachis to modeltempotrackingin a probabilisticframenork
(Cemgiletal.,2001). Thebeattimesaremodelledasadynamicakystemwith variables
representinghe rateandphaseof the beat,andcorrespondingo a perfectmetronome
corruptedby Gaussiamoise. A Kalmanfilter is thenusedto estimatethe unknavn
variables. Sincethe beattimes are not directly obsenable from the data, they are
inducedby calculatinga probability distribution for possibleinterpretation®f perfor
mances.The systemparameterare estimatedy training on a datasetfor which the
correctbeattimesareknown. The systemperformswell (over 90%correct)on alarge



numberof performance®f a simplearrangementf a popularsong. The resultsare
comparedvith the currentsystemin Dixon (2001a).

Audio Data

Theearliestwork on automaticextractionof rhythmic contentfrom audiodatais found
in the percussionranscriptionsystemof Schlosq1985). Onsetsaredetectechspeaks
in the slopeof the amplitudeernvelope,wherethe envelopeis definedto be equalto
the maximumamplitudein eachperiodof the high-pasdiltered signal,andthe period
definedas the inverseof the lowestfrequeng expectedto be presentin the signal.
The mainlimitation of the systemis thatit requiresparameter$o be setinteractvely.
Also, no quantitatve evaluationwasmade;only subjectve testingwasperformed by
resynthesi®f thesignal.

The main work in beattracking of audio datais by Goto and Muraoka (1995,
19974a,b,1998,1999)who developedtwo beattrackingsystemdor popularmusic,the
first for musiccontainingdrumsandthe secondor musicwithout drums. The earlier
system(BTS) examinesthe frequeny bandscentredon the frequencieof the snare
andbassdrums,andmatcheghe patternof onsettimesof thesetwo drumsoundgo a
setof pre-storedirumpatternsThislimits thesystemto avery specificstyle of music,
but the beattrackingon suitablesongss almostalwayssuccessful.

GotoandMuraokas secondsystemmalkesno assumptioraboutdrums;instead it
usedrequeng-domainanalysigo detectthordchangeswhichareassumedo occurin
metrically strongpositions.This is thefirst systemto demonstrat¢éhe useof high level
knowledgein directingthelower-level beattrackingprocessThehighlevel knovledge
is specificto themusicalstyle,whichis a majorlimitation of the system.Furthermore,
all musicprocessedy the systemis assumedo bein 4/4 time, with atempobetween
61 and120 quarternotebeatsper minute,chordchangesccurringin strongmetrical
positions(not every beat),andno tempochanges.

Both systemsare basedon a multiple agentarchitectureusing a fixed numberof
agentg28and12in thetwo systemsrespectiely). Eachagentpredictsthe beattimes
usingdifferentstratgies(parametesettings).Onefeatureof thiswork which doesnot
appeaiin mostbeattrackingwork is thatthreemetricallevels (quarternote, half note
and whole note) are tracked simultaneously The systemalso operatesn real time,
for which it requireda multiple-processocomputerat the time it wasbuilt. (A fast
personatomputertodayhasalmostthe samecomputingpower.)

Scheirer(1998)alsodescribes systenfor thebeattrackingof audiosignals based
on tunedresonators. The signalis split into 6 frequengy bands,and the amplitude
ernvelopesin eachbandare extracted,differentiatedandrectified beforebeingpassed
to abankof 150combfilters (representingachpossibleempoon adiscretisedcale).
The output of the filters is summedacrossthe frequeng bands,and the maximum
outputgivesthetempoandphaseof thesignal. The systenwasevaluatedjualitatively
on shortmusicalexcerptsfrom variousstyles,and successfullyracked 41 of the 60
examples. One problemwith the systemis thatin orderto tracktempochangesthe
systemmustrepeatedlychangeits choiceof filter, which implies the filters mustbe
closely spacedo be ableto smoothlytrack tempovariations. However, the system
appliesno continuity constraintvhenswitchingbetweerfilters.



Two recentapproachesvhich find periodicitiesin audiodatahave beenproposed
(Cariani, 2001; Setharesand Stalgy, 2001). Cariani(2001) presentsa neurologically
plausiblemodelcalledarecurrentiming net(RTN). Theaudiodatais preprocessefy
findingthe RMS amplitudein overlappingsOmswindows of the signal,andtheresult-
ing datais passedo the RTN, which effectively computesa runningautocorrelation
at all possibletime lagsin orderto find the mostsignificantperiodicitiesin the data.
Setharesand Staley (2001)filter the audiosignalinto 1/3 octave bands decimateo a
low samplingrateandthensearchor periodicitiesusingthe periodicity transformde-
velopedpreviously in (Setharesnd Staley, 1999). Although both of theseapproaches
useaudioinput, they assumeconstanttempo performancesand so are not directly
relevantto the analysisof expressie performance.

Modelling of Performance Timing

An understandingf rules governing expressve timing is advantageousn develop-
ing a systemto follow tempochanges.Technicaladvancesover the lastdecadehave
facilitatedthe analysisof timing in music performancean waysthat were previously
infeasible.Clarke (1999)andGabrielssor{1999)review researcthin this areaandcon-
clude that expressie timing is generatedrom the performers’'understandingf the
musicalstructureandgeneraknowledgeof musictheoryandmusicalstyle. However,
thereis no precisemathematicamodel of expressve timing, andthe compleity of
musicalstructurefrom which timing is derived, coupledwith theindividuality of each
performerandperformancemakesit impossibleto capturemusicalnuancen theform
of rules. Attemptsto formulaterulesgoverningtherelationshipbetweerthe scoreand
expressvetiming (Todd,1985;Clarke, 1988;Friberg, 1995)arepartially successfulas
judgedby listeningtestsandby comparisorwith performancelata,but ignoreindivid-
ual performers’interpretatiorandcover only limited aspect®f musicalperformance.

TempolInduction

The beattracking systemhastwo stagesof processingthe initial tempoinduction
stagewhich is describedn this section,andthe beattrackingstage which appearsn
thefollowing section.Thetempoinductionstageexaminesthetimesbetweerpairsof
note onsets,and usesa clusteringalgorithmto find significantclustersof interonset
intenvals. Eachclusterrepresents hypotheticaltempo,expressedsaninversevalue,
the inter-beatinterval, measuredn secondger beat. The tempoinductionalgorithm
rankseachof the clusters,with the intentionthat the mostsalienttime intervals are
ranked mosthighly. Theoutputfrom this stage(andinputto thebeattrackingstage)s
therankedlist of tempohypothesesgeachrepresenting particularbeatrate,but saying
nothingaboutthe beattimes (or beatphase) which are calculatedin the subsequent
beattrackingstage.

Thetempoinductionalgorithmoperate®n rhythmicevents anabstractepresenta-
tion of the performancelataasa weightedsequencef time points. A rhythmic event
may representhe onsetof a singlenoteor a collectionof notesplayedapproximately
simultaneouslyEventsarecharacterisetly theironsettime andasaliencesaluewhich



is calculatedfrom the parameter®f the constitueninotesof the event, suchaspitch,
loudnessduration,andnumberof constituentsWe now describehevariousinputdata
formats,andthenthe generatiorof the rhythmic eventrepresentationf performance
data,andfinally presenthetempoinductionalgorithmbasedon this representation.

Input Data

Therearetwo typesof input dataacceptedy the beattrackingsystem:digital audio
andsymbolicperformanceepresentationsyhich aredescribedn turn.

Therearea large numberof digital audioformatscurrentlyin use,which provide
variouspossiblerepresentationsf the audiodata,allowing the userto choosethe bit
rateand/orcompressioralgorithmsuitablefor thetaskat hand. Consideringhe wide
availability of softwarefor corverting betweerformats,we limited the input datafor-
matto uncompresselihearpulsecodemodulated PCM) signals,asfoundoncompact
discsandoftenusedin computeraudioapplications.The specificfile formatmay be
eitherthe MS “.wav” formator SUN “.snd” format, both of which permit choicesof
samplingrates,word sizesand numbersof channels.For the resultsreportedin this
paper singlechannell6 bit linear PCM datawasused with a samplingrate of 44100
Hz. This datawascreateddirectly from compactdiscsby averagingthe two channels
of theoriginal stereorecordings.

Two symbolicformatsmay be used,MIDI, the almostuniversalformatfor sym-
bolic performancedata,andthe Match format, a locally developedtext format com-
bining the representationf MIDI performancedatawith the musicalscore,and as-
sociatingthe correspondingnotesin each.The Match formatfacilitatesthe automatic
evaluationof the beattrackingresultsrelative to the musicalscore.

Rhythmic Events

Rhythmic informationis primarily carriedby the onsettimesof musicalcomponents
(musical notesand percussie sounds). When thesecomponentshave onsettimes
which are sufficiently closetogetherthey are heardasa compositeevent, which we
namea rhythmic event. A rhythmic eventis characterisedy an onsettime and a
salience Rhythmic eventsrepresenthe mostbasicunit of rhythmic information,from
which all beatandtempoinformationis derived. The processf deriving the rhythmic
eventsfrom symbolic datais entirely differentfrom that requiredfor audio data,as
mostof therequiredinformationis directly representeth the symbolicdata,whereas
it mustbe estimatedy animperfectonsetdetectionalgorithmin theaudiocase.

Symbolic Data

For symbolicrepresentationghe onsettime of eachmusicalnoteis encodedirectly
in the data. This onsettime denoteghe beginning of the waveform, not the perceved
onsettime, which usuallyfalls slightly later, dependingon the rise time of the instru-
ment(VosandRasch,1981;Gordon,1987). With symbolicdata,it is not possibleto
correctfor theinstrumentatisetime, becaus¢hewaveformis notencodedn thedata,



andthusis unknavn. However, sincemostrhythmic informationis carriedby percus-
sive instrumentor otherinstrumentswith very shortrise times, this doesnot createa
noticeableproblem.

Thefirst taskwhich mustbe performeds to groupary approximatelysimultaneous
onsetsinto singlerhythmic events,and calculatethe salienceof eachof the rhythmic
events.In studiesof chordasynchrog in pianoandensemblgerformanceit hasbeen
shawvn thatasynchroniesf 30—50msarecommon,andmuchlargerasynchronieslso
occur(Sundbeg, 1991;Goebl,2001). Perceptiorresearcthasshavn thatwith up to
40msdifferencein onsettimes,two tonesareheardassynchronousandfor morethan
two tones,the thresholdis up to 70ms(Handel,1989). In this work, a thresholdof
70mswaschoserfor groupingnearonsetdnto singlerhythmic events.

The secondaskis to calculatethe salienceof the rhythmic events. Music theory
identifiesseveral factorswhich contribute to the perceved salienceof a note. We par
ticularly focuson noteduration,density dynamicsandpitch in this work, sincethese
factorsarerepresentedn the MIDI and Match file data. The preciseway in which
thesefactorsarecombinedto give a numericalsaliencevaluefor eachrhythmic event
is describedater.

Audio Data

Audio datarequiressignificantprocessingn orderto extractarny symbolicinformation
aboutthe musical contentof the signal. To date,no algorithm hasbeendeveloped
whichis capableof reliably extractingthe onsettimesof all musicalnotesfrom audio
data. Neverthelessit is possibleto extract sufficient informationin orderto perform
tempoinductionandbeattracking. In fact, beattrackingmay be improved by a lossy
onsetdetectionalgorithm, as it implicitly filters out the less salientonsets(Dixon,
2000).

The onsetdetectionmethodis basedooselyon the techniquef Schlosg1985),
who analysedaudiorecordingf percussionnstrumentsn orderto transcribeperfor
mances.Thesignalis passedhrougha first orderhigh passfilter, andthensmoothed
to produceanamplitudeernvelope.Theamplitudeervelopeis calculatedastheaverage
absolutevalue of the signalwithin a window of the signal. In this work a window of
20mswasusedwith a50%overlap,sothatsmoothe@amplitudevalueswverecalculated
at10msintervals. A 4-pointlinearregressions usedto find the slopeof theamplitude
ernvelope,and a peak-pickingalgorithmthen finds local maximain the slope of the
amplitudeervelope.Local peaksarerejectedf thereis a greatempeakwithin 50ms,or
if the peakis below threshold(10% of the averageamplitudeper 10ms). The default
parametervaluesasusedin this work weredeterminedempirically, but all valuescan
be adjustedvia command-lingparameters.

For taskssuchastranscription,it is importantthat all onsetsare found, and the
presentime-domaintechniquewould not suffice — it would be necessaryo useafre-
gueny domainmethodto detectonsetsmorereliably. However, for beattracking, it
is advantageoudo discover just the most salientonsets,astheseare more likely to
correspondo beattimes. In otherwords, the onsetdetectionalgorithm performsan
implicit filtering of the true onsetsremaoving thosewith a low salience. The actual
saliencevalue for the detectedoeaks,usedlater in the beattrackingalgorithm,is a

10



linearfunctionof thelogarithmof the amplitudeernvelopevalue.

The onsetdetectionalgorithm hasnot beentestedfor music without instruments
with sharprisetimes;we expectthatin this casea frequeng domainalgorithmwould
berequiredto find onsetssufiiciently reliably.

Clustering of Inter-OnsetlInter vals

Oncethe rhythmic eventshave beendeterminedthe time intenals betweenpairs of
eventsrevealtheirrhythmicstructure Theclusteringalgorithm(Figurel) useshisdata
to generata rankedlist of tempohypothesesywhich arethenusedasthe basisfor beat
tracking. In theliterature,aninter-onsetintenal (101) is definedasthetime between
two successie events. We extendthe definitionto includecompoundntervals, thatis
intervalsbetweerpairsof eventswhich areseparatethy otherevents.Thisis important
in reducingthe effect of ary eventswhich areuncorrelatedvith the beat.

Rhythmic informationis provided by 10Is in the rangeof approximatelys50msto
2s (Handel,1989). The clusteringalgorithmassignseachlOl to a clusterof similar
intenals, if one exists, or createsa new clusterfor the 10l if no sufficiently similar
clusterexists. The clustersare characterisedby the averageof the I0Is containedin
the cluster which we denotethe interval of the cluster Similarity holdsif the given
101 lies within a smalldistancg(calledthe clusterwidth) of the clustersinterval. The
clusterwidth is keptsmall(in this work 25ms)sothatoutlying valuesdo not affectthe
clustersintenal. Neverthelesstheincrementabuilding of the clustersmeanghatthe
interval of a clustercandrift aslOls areadded.

Onceclusterformationis complete pairsof clusterswhoseintenals have drifted
togetheraremeiged,andthe clustersareranked accordingto the numberof elements
they contain,with anadjustmenfor ary relatedclusters. Two clustersaresaidto be
relatedif theinterval of oneclusteris within the clusterwidth of anintegermultiple of
thatof theothercluster This reflectsthe expectationthatfor a clusterrepresentinghe
beattherewill alsoexist clustergepresentingntegermultiplesandintegerdivisionsof
the beat. The adjustmenis appliedto the clusters interval by calculatingthe average
of the relatedclusters’normalisedintenals, weightedby their scores. The ranking
of the clustersis alsoadjustedby addingthe scoresof relatedclusters weightedby a
relationshipfactor f(d), whered is theintegerratio of clusterintervals,givenby:

6—-d, 1<d<4
fld)=41, 5<d<8
0, otherwise

Thetop ranked clustersrepresent setof hypothesessto the basictempoof the
music. At this point it is not necessaryo choosebetweenhypothesesthis choiceis
madelater by the beattracking algorithm. The clusteringalgorithmis usually suc-
cessfulatrankingthe primary metricallevel asoneof the highestrankingclusterg(see
resultssection). What the clusteringalgorithm doesnot provide is arny indication of
the beattimes. This taskis performedby the beattrackingstagedescribedn the next
section.
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Definitions
Eventsaredenotedvy E1, E», Es, ...
Theinteronsetinterval betweereventsE; andE; is denotedvy 101 ;
Clustersaresetsof inter-onsetintervalsdenotedy C1, Co, Cs, ...
Ci.intenal = ZuxIoncCi)
f(n)is therelationshlip‘actor
1, j, k, m,n arepositive integervariables

Algorithm

FOReacheventE;
FOReacheventE;
IOI; ; = |E;.onset-E;.onsef
Find k suchthat |Cy.intenal—IO1I; ;| < ClusterWdth is minimum
IF k existsTHEN
Ck = Ck U {IOIi’j}
ELSE
Createnew clusterC,, := {IOI, ;}
END IF
END FOR
END FOR

FOReachclusterC;
FOReachclusterC;(j # 1)
IF |C;.intenal—C;.intenal| < ClusterWdth THEN
C,’ = Cl @] Cj
DeleteclusterC;
END IF
END FOR
END FOR

FOReachclusterC;
FOReachclusterC;
IF |C;.intenal—n x C;.intenal| < ClusterWdth THEN
C;.score= C;.scoret f(n) x Cj.size
END IF
END FOR
END FOR

Figurel: Algorithm for clusteringof inter-onsetintenals
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Figure2: Clusteringof interonsetintenals (10I's)

Example

We illustratethe tempoinduction stagewith a shortexample. Considerthe sequence
of five events A, B, C, D, E shovn onthetime line in Figure2. Below thetime line,
the horizontallines with arrows represenieachof the inter-onsetintervals between
pairsof events,andtheseinesarelabelledwith the nameof the clusterto which they
are assigned. Five clustersare created,denotedC1, C2, C3, C4 and C5, with C1
= {AB,BC,DE}, C2= {AC,CD}, C3= {BD,CE}, C4= {AD,BE} andC5
= {AE}. Thescoredor eachclusterarecalculatedasfollows:

Cl.score = 2*3*f (1) + 2*f(2) + 2*f(3) + 2*f(4) + f(5) = 49
C2.score = 3*f(2) + 2*2*f(1) + 0 + 2*f(2) + O = 40
C3.score = 3*f(3) + 0 + 2*2*f(1) + 0 + O = 29
CA.score = 3*f(4) + 2*f(2) + 0 + 2*2*f(1) + O = 34
C5.score = 3*f(5) + 0 + 0 + 0 + 2¥1*f(1) = 13

Thereforethe clustersarerankedin thefollowing order:C1,C2,C4,C3, C5.

Beat Tracking

The Beat Tracking Ar chitecture

The tempoinductionalgorithm computeghe approximatenter-beatinterval, thatis,
the time betweensuccessie beats but doesnot calculatethe beattimes. In Figure2,
for example,one hypothesianight be that C2 representshe inter-beatinterval, but it
doesnot determinewhethereventsA, C andD are beattimes or whetherB, E and
the midpoint of BE arebeattimes. Thatis, tempoinduction calculatesghe beatrate
(frequeng), but notthe beattime (phase).

In orderto calculatebeattimes,a multiple hypothesissearchis employed, with an
evaluationfunction selectingthe hypothesighatfits the databest. Eachhypothesiss
handledby abeattrackingagentwhichis ableto predictbeattimesandmatchthemto
rhythmic events,adjustits hypothesisof the currentbeatrateand phase createa new
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agentwhenthereis morethanonereasonabl@athof action,andceaseoperationif it
is foundto be duplicatingthework of anotheragent.

Eachagentis characterisetdy its stateandhistory. The stateis theagents current
hypothesisof the beatfrequeng and phase,andthe history is the sequencef beat
timesselectedo dateby the agent. The agentscanalsoassessheir performanceby
evaluatingthe goodnes®f fit of thetrackingdecisiongo the data.

Thesystenis designedo tracksmoothchangesn tempoandsmalldiscontinuities;
the choiceof a single bestagentbasedon its cumulative scorefor beattrackingthe
whole piecemeansthat a piecewhich changests basictemposignificantly will not
be tracked correctly In future work we planto examinea real time approacho beat
tracking, using an incrementaltempoinduction algorithm; at eachpoint in time the
bestagentis choserbasedn acombinedscorefor its tempoandthetrackingof music
up to thattime, thusallowing sudderchangesn trackingbehaiour whenthe previous
bestagentceaseso beableto trackthedatacorrectly

The Beat Tracking Algorithm

Thebeattrackingalgorithmis givenin full in Figure3. Thisalgorithmis now explained
in detail,with referenceo theexampleshavn in Figure4.

Initialisation

For eachhypothesisgeneratedy the tempoinduction phase,a group of agentsare
createdo trackthepieceatthistempo.Basedontheassumptiorthatat leastoneevent
in the initial sectionof the music coincideswith a beattime (normally therewill be
mary eventssatisfyingthis condition),anagentis createdor eacheventin theinitial
section,with its first beattime coincidingwith thatof the respectie event. Usingthis
approachit is usuallythe casethatthereis anagentthatbeginswith the correcttempo
andphase.

Theinitial section,asdefinedby the constantStartupPeriodn the algorithm,was
setto bethefirst 5 secondof the music. In somecasesfor examplewhena piecehas
a free-timeintroduction,it is possiblethat no agentstartswith the correcttempoand
phase However, anagentwith approximatelythe correcttempowill be ableto adjust
its tempoandphasén orderto synchronisevith the beat.

In Figure4, asimplified exampleillustratesthe operationof thebeattrackingalgo-
rithm. Therhythmic events(denotedA, B, C, D, E andF) arerepresentedn thetime
line at thetop of thefigure. The beattrackingbehaiour of eachagentis represented
by the horizontallinesconnectindilled andhollow circles. Thefilled circlesrepresent
beattimeswhich correspondo arhythmic event,andthe hollow circlesarebeattimes
which wereinterpolatecbecausao rhythmic eventoccurredat thattime.

The figure illustrates2 tempo hypothesedrom the tempoinduction stage. The
fastertempo,with aninterbeatinterval approximatelyequalto the time interval be-
tweeneventsA andB, is the tempohypothesisof Agentl. The slower tempo,with
inter-beatinterval approximatelyequalto the interval betweenC andD, is the tempo
hypothesisof the otheragents.For theinitialisation stage assumehatonly eventsA
andB arein theinitial section,andthennominallyit is expectedthat4 agentswould
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Initialisation
FOR eachtempohypothesisT;
FOReachevent E; suchthat £/;.onsek StartupPeriod
Createanew agentA
Ay .beatinteral:= T;
Ag.prediction= E;.onset}-T;
Ay history:= [E;]
Ay.score= E;.salience
END FOR
END FOR

Main Loop
FOReacheventE;
FOReachagent4;
IF E;.onset-A;.historylast> TimeOutTHEN
Deleteagent4;
ELSE
WHILE A;.prediction+Tol,,s: < E;.onset
A;.prediction:= A;.prediction+A;.beatinteral
END WHILE

IF A;.predictiont-T'olpr. < E;.0onseK A;.predictiont-Tolpes: THEN

IF |A;.prediction—E;.onset > Tolinner
Createnew agentAy, := A;

END IF

Error.= E;.onset-A;.prediction

Aj.beatinteral:= A;.beatInteral+Error/Correctionfactor

Aj.prediction:= E;.onset-A;.beatinteral
Aj.history:= A;.historny-E;

Aj.score:= Aj.scorer-(1-relativeError/2) « E;.salience

END IF
END IF
END FOR
Add newly createdagents
Remore duplicateagents
END FOR
Returnthe highestscoringagent

Figure3: BeatTrackingAlgorithm
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Figure5: Tolerancewindows for beattracking

becreatedpnefor each(tempohypothesisinitial event)pair. In fact,only 3 agentsare
created Agentlwith thefastertempo,andAgent2and Agent3with the slower tempo.
This is becausédhe systemrecogniseghat a fasttempoagentbeginning on event B
would beredundantsinceAgentlalsopredictsB asabeattime.

Main Loop

In the main body of the beattracking algorithm, eacheventis processedn turn by
allowing eachagentthe opportunityto considerthe eventasa beattime. Eachagent
hasa setof predictedbeattimes,which aregeneratedrom themostrecenteattime by
addingintegermultiplesof the agents currentinter-beatinterval. Thesepredictedbeat
timesare surroundedy two-level windows of tolerance which representhe extent
to which an agentis willing to acceptan alterationto its prediction (seeFigure 5).
The inner window, setat 40mseitherside of the predictedbeattime, representshe
deviations from strict metricaltime which an agentis willing to accept. The outer
window, with a default size of 20% and 40% of the inter-beatinterval respectiely
before and after the predictedbeattime, representchangesn tempoand/orphase
which anagentwill acceptasa possibility, but nota certainty Theasymmetryreflects
thefactthatexpressve reductionsn tempoaremorecommonandmoreextremethan
tempoincreasegRepp,1994).
Therearethreepossiblescenariosvhenanagentprocessean event,illustratedin
Figure4. The simplestcaseis whenthe eventfalls outsidethe tolerancewindows of
predictedbeattimes,andthe eventis ignored. For example,in the figure, eventD is
ignoredby AgentlandAgent3,andeventB is ignoredby Agent2. The secondcasels
whentheeventfallsin theinnertolerancewindow of a predictedbeattime, sothatthe
eventis acceptedsabeattime. EventB with AgentlandeventsD andE with Agent2
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are examplesof this case.If the eventis notin thefirst predictedbeatwindow, then
the missingbeatsare interpolatedby dividing the time interval into equaldurations,
asshavn by the hollow circlesin the figure. For example,this occursat eventsC,

E andF for Agentlandevent E for Agent3. The agents tempois then updatedby

adjustingthe tempohypothesisby a fraction of the differencebetweenthe predicted
and chosenbeattimes, andthe scoreis updatedby addingthe salienceof the event,

which is alsoadjusteddonvnward) accordingto the differencebetweernpredictedand
chosenbeattimes. The third andmostcomplex caseis whenthe eventfalls in oneof

the outertolerancewindows. In this case the agentacceptghe eventasa beattime,

but asinsuranceagainstawrongdecision alsocreatesa new agenthatdoesnotaccept
the eventasa beattime. In this way, both possibilitiescanbe tracked, andthe better
choiceis revealedlater by the agents’final scores. This is illustratedin Figure4 at

eventE, whereAgent2acceptshe eventandatthe sametime createsAgent2ato track
thepossibilitythatE is not a beattime.

Complexity Management

Sinceeachagents future beattrackingbehaiour is entirely basedon its currentstate
(tempoandphaseplndtheinputdata,any two agentdhatagreeonthetempoandphase
will exhibit identicalbehaiour from thattime on, wastingcomputationatesourcesln
orderto increaseefficiengy, theduplicateagentsareremovedattheearliestopportunity
Theoretically suchan operationshouldmake no differenceto the resultsproduced
by the system,but one complicationarises,that the tempoand phasevariablesare
continuous,so equalityis too stronga conditionto usein comparingagents’states.
Thereforethresholdf approximateequalitywerechosengconseratively, at 10msfor
theinter-beatintenal (tempo)differenceand20msfor the predictedbeattime (phase)
difference.

Whenthe decisionto remove a duplicateagentis made,jit is importantto consider
which agentto remove. The agentshave differenthistories(otherwisethe duplicate
would have beenremovedsooner) andthereforedifferentevaluationscores Sincethe
evaluationis calculatedbasedonly on the relationshipbetweenpredictedbeattimes
andthe rhythmic events,andnot on ary global measureof consisteny, it is always
correctto retainonly theagentwith the highercurrentscore sinceit will alsohave the
highertotal scoreatthe endof beattracking.In Figure4, Agent3is deletedafterevent
E, becausét agreedn tempoandphasewith Agent2. This is indicatedby the arrow
betweenmAgent3sandAgent2s eventE.

Assessment

The comparisonof the agents’beattracking is basedon threefactors: how evenly
spacedhe chosenbeattimesare, how often the beattimes matchtimes of rhythmic
events,andthe salienceof thematchedhythmic events.As statedabove, theevenness
of beattimesis not calculatedvia a global measureput from the local agreemenof
predictedbeattimesandrhythmic events.

For eachbeattime at which a rhythmic event occurs, a fraction of the event’s
saliences addedto theagents score.Thefractionis calculatedrom therelative error
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of the predictedbeattime; thatis the differencein predictedand chosenbeattimes,
divided by the window half-width, which is thenhalved andsubtractedrom 1. This
givesascorebetweer0.5and1.0timesthe saliencefor eachevent. The beattracking
algorithmthenreturnsthe agentwith the greatesscore.

Estimating Musical Salience

In earlierwork (Dixon, 2000),whereit wasassumedhatexpressievariationsin tempo
wereminimal, it wasfoundthatno specificmusicalknowledgewasneededy the sys-
temin orderto performbeattrackingsuccessfullyThatis, by searchindgor aregularly
spacedsubsebf theeventswith few gapsandlittle variationin the spacingthesystem
wasableto find thetimesof beats As the systemwastestedwith moreexpressve mu-
sical examples,it wasfound thatthe searchhadto allow greatervariationin the beat
spacingwhich led to anincreasen the numberof choicesandthereforethe number
of agents. Without further musicalknowledge,it was not possiblefor the systemto
choosecorrectlybetweerthe mary possiblemusicalinterpretation®fferedby thevar
iousagentsln this sectionwe describehow knowledgeof musicalsaliencevasadded
to thesystemin orderto directthe systemto themoreplausiblemusicalinterpretations
(Dixon andCambouropoulo2000).

When comparingbeattracking resultsfor audioand MIDI versionsof the same
performancesit was discoseredthat the onsetsextractedfrom audio data, although
unreliable,provided a bettersourceof datafor beattrackingthanthe onsettimesex-
tractedwithout error from the MIDI data. It was postulatedthat this wasdueto an
implicit filtering of the data. Thatis, only the more significantonsetshad beenex-
tracted;the lesssalientonsetsemainedundetectedand hadno influenceon the beat
trackingsystem.The reasorthis wasadwantageouss thatthe moresalienteventsare
morelik ely to correspondo beattimesthanthelesssalientevents,andhencehesearch
hadbeennarraved by the onsetdetectionalgorithm.

This hypothesids testedby incorporatingknowledgeof musicalsalienceinto the
systemandmeasuringhe correspondingerformanceyain. Thisis doneusingMIDI
data,sinceparametersuchasduration,pitch andvolume,which areimportantdeter
minersof salienceareall directly availablefrom the data.

Observations From Music Theory

Thetendeny for eventswith greatemperceptuakalienceto occurin strongemetrical
positionshasbeennotedby variousauthorg(Longuet-HigginsandLee, 1982;Lerdahl
andJaclendof, 1983;Povel andEssens]1985;Lee,1991;Parncutt,1994). Thefactors
influencing perceved saliencehave also beenstudied,althoughno model hasbeen
proposedwhich predictssaliencebasedon combinationsof factors,or which gives
morethana qualitatve accountof the effectsof parameters.

LerdahlandJaclendof (1983)classifymusicalaccentsnto threetypes: phenom-
enalaccentsyhich comefrom physical attributesof the signalsuchasamplitudeand
frequeng; structuralaccentswhich arisefrom perceved pointsof arrival anddepar
ture suchascadencesandmetricalaccentspointsin time which arepercevedasac-
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centeddueto their metricalposition. We only concernourselheswith thefirst type of
accenthere,sincethe higherlevel informationrequiredfor the othertypesis not avail-
ableto the beattracking system. Lerdahland Jaclendof list the following typesof
phenomenahccent(which they considerincomplete):note onsets sforzandi,sudden
dynamicor timbral changeslong notes,melodicleapsandharmonicchanges.How-
ever, they give noindicationasto how thesefactorsmight be comparedr combined,
eitherquantitatvely (absolutevalues)or qualitatively (relative strengths).

In othermodelsof meterperceptionthe main factordeterminingsalienceis note
duration,whichis usuallytakento meaninter-onsetime ratherthanpercevedor phys-
ical soundingtime of a note. For example,Povel and Esseng1985) describethree
scenariosn which a noterecevesa perceved accentrelative to othernotesof identi-
cal pitch, amplitudeenvelopeand physical duration. In their model, noteswhich are
equally spacedn time form groups,subjectto the conditionthat thereare no notes
outsidethe group which are closerto any notein the group. Thenthe noteswhich
receve accentsare: noteswhich do not belongto ary group, the secondnote of ary
group of two notes,andthe first andlast note of ary group of threeor more notes.
All of theseaccentsexceptthe first notein groupsof 3 or more,fall on noteswith a
long durationrelative to their context. Otherauthorg(Longuet-HigginsandLee, 1982;
Parncutt,1987;Lee,1991)alsostatethatlongernotestendto be percevedasaccented.

All of themodelsbasedn inter-onsetimesweredevelopedin amonophonicon-
text, and are difficult to interpretwhen consideringthe polyphoniccontext of most
musicalperformanceskor example,onewould intuitively expectthatalong notein a
melody part shouldnot loseits accentdueto notesin the accompanimenivhich fol-
low shortly after the onsetof the melody note. However, if we wereto obsenre the
inter-onsettimesonly, this would betheresultof suchmodels.To adaptto polyphonic
music,a modelof auditorystreaming Bregman,1990)could be applied,sothatinter-
actionsbetweerstreamsareremoved, but that raisesthe difficult questionof how the
metricalperceptiorof the variousstreamsould be combinedinto a singlepercept.A
simplerapproachs to usethe physicaldurationsof notesratherthaninteronsettimes,
eventhoughthesearedifficult to estimatefrom audiodata.

Combining SalienceFactors

For thiswork, thefactorschoserasdeterminer®f musicalsalienceverenoteduration,
simultaneousotedensity noteamplitudeandpitch, all of which arereadily available
in the symbolicrepresentationf the performanceThe next taskwasthe combination
of thesefactorsinto a singlenumericalvalue,representinghe overall salienceof each
rhythmic event. None of the above-mentionedvork hasinvestigatedor proposeda
methodof combiningsaliencesoit wasdecidedto testtwo possiblesaliencemodels
by their influenceon the beattrackingresults. The two modelspresentedrea linear
combinations,qq(d, p, v) of durationd, pitchp andamplitudev, andanonlinear mul-

tiplicative function s,,,.;(d, p, v) of the sameparametersA thresholdfunctionis used
to restrictthe valuesof p to alimited range,andconstantsare usedto settherelative

weightsof the parametersThesalienceof agroupof notescombinedasa singlerhyth-

mic eventwascalculatedusingthelongestduration the sumof thedynamicvaluesand
thelowestpitch of all the notesin thegroup.
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Thesaliencegunctionsweredefinedasfollows:

Sadd(d, p,v) = c1.d 4 c2.p[Pmins Pmaz| + €3.v

Smul(d, p,v) = d.(ca — P[Pmin, Pmaz))-log(v)
where:

c1, 2, c3 ande4 areconstants,

d is durationin seconds,

p is pitch (MIDI number),
v is dynamicvalue(MIDI velocity),and

Pminy P < Dmin
P[Pmins Pmaz] = { P, Pmin < P < Pmaxz
pmam) pmllil? S p

Thefollowing weightsfor the parametersveredeterminecempirically:

c1 =300
cp = —4
c3=1
cqg = 84
Pmin = 48
Pmaz = 72

Thesevaluesmalke durationthe mostsignificantfactor with dynamicsandpitch being
usefulprimarily to distinguishbetweemotesof similar duration. This saliencecalcu-
lation is not sufficient for all possibleMIDI files. In particulay it would notwork well
for non-pitchedpercussiorsuchasdrums,wherethe saliencds clearlynot sostrongly
relatedto duration. Suchinstrumentshouldbe treatedseparatelyasa specialcaseof
thesaliencecalculation.

We will now describethe task of evaluatingthe beattrackingsystem beforepre-
sentingtheresultsin thefollowing section.

Evaluation

Weknow of no precisedefinitionof beatfor expressiely performedmusic. Thedefini-
tionsgivenin thefirst sectionof thepaperdo notuniquelydefinetherelevantquantities
or give a practicalway of calculatingthemfrom performancelata.In this sectionwe
describethedifficultieswith formalisationandevaluationof beattrackingmodelsand
systemsandthendescribethe evaluationmethodologyusedin this work.
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Problemswith Evaluation

The tempoinduction and beattracking algorithmsdescribedin this paperwere not
designedor ary particularstyle of music. They operatein the sameway for classical
musicplayedfrom a scoreasfor improvisedjazz. Thisimmediatelycreatesa difficulty
for evaluation,in that we cannotassumehat a musicalscoreis available to define
which notescoincidewith beatsandwhich do not. It is laborious(but possible)for a
trainedmusicianto transcribea performancen enoughdetail to identify which notes
occuronthe beat.But evenwhena scoreor transcriptionexists, thereis no errorfree,
automationvay to associatéhescoretiming with the performanceiming of audiodata.
Thatis, given a score,we can establishwhich notesin the scorecorrespondo beat
times, but we do not know the absolutetimes of scorenotes,and the beattracking
systemreturnsits resultsasabsolutetimes. The accurateaxtractionof onsettimesin
polyphonicmusicis anunsohedproblem,sowe areforcedto rely on hand-labelledr
hand-correctediatafor evaluationpurposes.This issueis discussedn muchgreater
detailby GotoandMuraoka(1997a) who alsousea similar approactto thatwhichwe
describebelow.

Furtherproblemsexist which apply equally to audio and symbolic performance
data. Therearemary casesn which the beatis not uniquelydefinedby performance
data. In the simplestcase,considera chordwhich occurson a beataccordingto the
score.In performanceit hasbeenobsenedthatthe notesof a chordarenot necessar
ily playedsimultaneouslyandtheseasynchroniesnay be randomor systematide.g.
melody lead) (Palmer, 1996; Repp,1992; Goebl, 2001). The problemis more pro-
nouncedin ensemblesituations,wherethereare often systematidiming differences
betweerperformergqparticipatorydiscrepanciegKeil, 1995;Progler 1995;Gabriels-
son,1999).

It is not obvious how the beattime shouldthenbe defined whetherat the onsetof
thefirst noteof the chord,or of thelast,thelowest,or the highest,or atthe (weighted)
averageof the onsettimes, or alternatvely expressedisatime interval. The problem
is exacerbatedn situationswheretimelesseventsarenotated suchasgracenotesand
arpggios. Performeranay interpretgracenotesin differentways,sometimego pre-
cedethe beat,andsometimego coincidewith the beat. In somecaseshearersdo not
evenagreeonwhich interpretatiorthey think the performerapplied.

It is reasonabl¢éo questionwhetherbeatsnecessarilgorrespondo eventtimes. A
beatperceptinducedby previous eventsmight be strongerthanthatof aneventwhich
nominallycoincideswith thebeat,andin this casetheeventis percevedasanticipating
or following the beatratherthandefiningthe beattime.

Thepoint of this sectionis to shav thatsomesubjectve judgementis necessarin
evaluatingtheresultsproducedy abeattrackingprogram.Ouraimis to keepthis sub-
jectivity to a minimum, anddefinean evaluationmethodologywhich givesrepeatable
results. We distinguishbetweenwo approacheso beattracking: predictve (percep-
tual) anddescriptve beattracking. An algorithmis saidto becausalif its outputattime
t dependonly oninputdatafor times< ¢. Predictve beattrackingmodelsperception
using causalalgorithmswhich predictlisteners’expectationsf beattimes, necessar
ily smoothingthe performanceaxpression.Descriptize beattrackingmodelsmusical
performancenon-causallygiving beattimeswith a moredirectcorrespondence® the
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performancelatathanpredictve beattracking. For a perceptuamodelof beattrack-
ing, detailedperceptuabktudiesarerequiredto resole the issuesdiscussedbore. A
descriptve approachastakenin the currentwork, allows the datato definebeattimes
moredirectly.

Informal Evaluation: Listening Tests

Beforedescribingheformal evaluationmethodsyve briefly describeaninformal, sub-
jective methodusedto ascertairwhethertheresultsappeato make musicalsenseWe
have alreadyexpressedheimportanceof objective evaluation,but sincewe aredealing
with the subjectve mediumof music, it is alsoimportantthat the evaluationis musi-
cally plausible.This is doneby creatingan audiofile consistingof the original music
plus a click track — a percussiorinstrumentplaying on the beattimes estimatedby
the beattrackingalgorithm. The click trackis synthesisedrom a sampleof a chosen
percussiorinstrument,and canbe addedas a separateehannel(for separateszolume
control) or mixed onto the samechannelas the music (for usewith headphoneso
avoid streamingdueto spatialseparation).

This is the leastprecisebut perhapghe mostcorvincing way to demonstratehe
capabilitiesof the system. Apart from being subjectve, a further problemwith lis-
teningtestsis the amountof time requiredto performtesting. Whenit is desiredto
systematicallytestthe effectsof a seriesof changedo the systemiit is impracticalto
listen to every musicalexampleeachtime. It is alsodifficult to comparethe number
andtypesof errorsmadeby differentversionsof algorithmsor by the samealgorithm
with differentparameteralues.

Beat Labelling

For pre-recordedudiodatait is necessaryo performthe labelling of beattimessub-
jectively. Thisis doneusingsoftwarewhich providesboth audioandvisual feedback,
sothatbeattimescanbeselecteasedn boththeamplitudeenvelopeandthe sound.
For popularmusic, it is sufficient to interpolatesomeof the beattimesin sectionsof
effectively constantempo,thus greatly acceleratinghe beatlabelling process.This
techniquewasalso usedto determinebeattimeswhich could not be accuratelyesti-
matedby othermethods.

In the caseof the symbolic performancedata, it had alreadybeenmatchedto a
digital encodingof themusicalscoresthusallowing automaticevaluationof thesystem
by comparinghebeattrackingresults(thereportedbeattimes)with the onsettimesof
eventswhich are on the beataccordingto the musicalscore(the notatedbeattimes).
For beatswith multiple notes we took the beattime to betheinterval from thefirst to
thelastonsetof eventswhich arenominallyonthe beat.

We referto the beatscalculatedn eitherof thesewaysasthe “correct” beattimes,
andusethemasthebasisfor evaluation.
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Evaluation Formula

The reportedbeattimes are thenmatchedwith the correctbeattimesby finding the
nearestorrectbeattime andrecordingamatchif they arewithin afixedtoleranceand
no matchif the toleranceis exceeded.This createshreeresultcateyories: matched
pairsof reportedandcorrectbeattimes,unmatchedeportecbeattimes(falsepositives)
and unmatchedcorrectbeattimes (false negatives). Theseare combinedusing the
following formula:

n

Fvaluation = m

wheren is the numberof matchedpairs, F+ is the numberof falsepositives,and F~
is thenumberof falsenegatives. In thiswork, thetolerancevindow for matchingbeats
waschosento matchthe window for note simultaneity which is 70mseitherside of
thebeattime. A lessstrict correctnessequirementvould allow the matchingof pairs
over a larger time window, with partial scoresheingawardedto nearmissesandthe
numeratorof the equationbeingreplacedby the sumof thesepartial scores(Cemgil
etal.,2001).

The evaluationfunction yields a value between0 and 1, which is expressedasa
percentageThe valuesareintuitive: if the only errorsarefalsepositives,the valueis
thepercentagef reportecbeatsvhicharematchedwith correctbeatsjf theonly errors
arefalsenggatives,the valueis the percentagef correctbeatswhich werereported.

Metrical Levels

The final aspectof evaluationis that of metrical levels. As discusseckarlier it is
possibleto track beatsat morethanonelevel, anddifferentlistenerswill feel natural
tappingalongatdifferentlevels. For example,in apiecethathasa very slow tempo,it
might be naturalto track the beatat doublethe rateindicatedby the notation(Desain
andHoning,1999).Variousauthorsreportpreferrednter-beatintervalsaround500ms
to 700ms(Parncutt,1987,1994; Todd and Lee, 1994; van Noordenand Moelants,
1999),with possibleinter-beatintervals falling within the rangeof 200msto 1500ms
(vanNoordenandMoelants,1999). In performancesf 13 Mozart pianosonatagsee
resultssection) theinter-beatinterval at the notatedmetricallevel rangedfrom 200ms
to 2000ms. Thereforeit is clearthatthe metricallevels of the perceved beatandthe
notatedbeatarenot necessarilghe same.

The formula given in the previous subsectiongives a reasonableassessmentf
correctnes®nly whenthe metricallevel of beattrackingequalsthe metricallevel of
assessmentWhenthe metricallevelsfail to coincide,it is temptingto interpolateor
decimatethe labelledbeattimesin orderto bring thelevelsinto agreementHowever,
this is incorrect,becausét doesnt take phaseinto account. It is generallyeasierto
trackmusicat lower (i.e. faster)metricallevels,andharderat higher(slower) metrical
levels, becauseéhe likelihoodof phaseerrorsis muchhigherat the higherlevels. An
agentwhich trackspopularmusicin 4/4time atthehalf notelevel is muchmorelikely
to be 50% out of phase(trackingbeats?2 and4) thanan agentat the preferredquarter
notelevel (trackingevery off-beat). We revisit thisissuein theresultssection.
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ID | Title CD Style
(Artist) (Number) (Date)

I | I Don't RemembeA Thing Underthe Sun Pop/rock
(Paul Kelly andthe ColouredGirls) | (MushroomCD 53248) (1987)

D | DumbThings Underthe Sun Pop/rock
(Paul Kelly andthe ColouredGirls) | (MushroomCD 53248) (1987)

U | Untouchable Underthe Sun Pop/rock
(Paul Kelly andthe ColouredGirls) | (MushroomCD 53248) (1987)

S | Superstition Talking Book Motown
(Stevie Wonder) (Motown 37463-03192-9) | (1972)

Y | YouAre TheSunshineof My Life | Talking Book Motown
(Stevie Wonder) (Motown 37463-03192-9) | (1972)

O | OnA Night Like This PlanetWaves Country
(Bob Dylan) (ColumbiaCD 32154) (1974)

P | PianoSonatan C (Movt 3, Secl) | [Synthesisedrom MIDI] Classical
(WolfgangMozart) (2775)

R | RosaMorena SambaandBossaNova Bossanova
(Jo&oGilbertoTrio) (JazzRootsCD 56046) (1964)

M | Michelle Flight of the CosmicHippo | Jazzswing
(BélaFleckandthe Flecktones) (Warner7599-26562-2) (1991)

J | Jitterbug Waltz Snappy Doo Jazzwaltz
(JamesMorrison) (WEA 9031-71211-1) (1990)

Tablel: Detailsof audiodatausedin experiments

Implementation and Results

Implementation Details

The beattracking systemis implementedon a Linux platformin C++, and consists
of approximately7000lines of codein 18 classes.On a 500MHz Pentiumcomputey
audiobeattrackingtakesunder20% of the lengthof the music(i.e. a 5 minutesong
takeslessthanoneminuteto processandbeattrackingof symbolicdatais muchfaster
takingbetweer?% and10% of thelengthof the music,dependingn the notedensity

Audio Data

The audiodatausedin theseexperimentss listedin Table 1, which alsoprovidesthe
lettersusedto identify the piecesin the text. The pieceswere chosento represent
variousstylesof music,andarelistedin orderof subjectve beattrackingdifficulty.
Thefirst 3 pieces(l,D,U) arestandardnodernpop/rocksongs.characterisetby a
very steadytempo,whichis clearlydefinedby simpleandsalientdrumpatternssimilar
to thedatausedin the earlyaudiobeattrackingwork of GotoandMuraoka(1995).1n
thesesonggheperformedeatis veryregular, with only smalldeviationsfrom metrical
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timing. It is assumedhatthisis the simplesttype of datafor beattracking.

The next 2 pieces(S, Y) have a Motown/Soul style, characterisedby more syn-
copation,greatertempofluctuations(5-10%in theseexamples)andmorefreedomto
anticipateor lag behindthe beat. It is expectedthattheseexamplesaremoredifficult
for abeattrackingsystemput only of mediumdifficulty.

Theremainingpieceswerechosermashaving particularcharacteristicsvhich make
beattrackingdifficult. The Bob Dylan song(O) is madedifficult by the factthatthe
drumsarenot prominent,andthereis a muchlower correlationbetweenhe beatand
the eventsthanin the otherstyles,dueto hisidiosyncraticstyle of singingandplaying
againstthe rhythmic context.

The classicalpiece(P), the first sectionof the third movementof Mozart’s Piano
Sonatain C major (KV279), was synthesisedrom the MIDI datausedin the beat
trackingexperimentsusingsymbolicinput data. This piecewaschoserasan example
of apiecewith significanttempofluctuations.

The next piece(R) is a live bossanova performancewith syncopatedyuitar and
vocals, and very little percussiorto indicatebeattimes. Sectionsof this pieceare
difficult for humango beattrack.

Thetwo jazz pieces(M,J) werechoserfor their particularlycomple, syncopated
rhythms,which aredifficult evenfor musicallytrainedpeopleto follow. Thesepieces
alsoprovided examplesof a differentmeterandswingeighthnotes.

TempolInduction Results

The tempoinduction algorithm for audio datawas testedon short sggmentsof the
above piecesto determinehow reliably the ranked tempohypothesesagreedwith the
measuredempo.(PieceP wasnot availableat the time of this experiment.)

Thetempoinductionalgorithmwasappliedto segmentsof 5, 10,20and60seconds
durationof eachpiece,startingat eachl secondinterval from the beginning of the
piece.A tempohypothesisvasconsideredorrectif theinterbeatinterval waswithin
25msof the measurednter-beatinterval. Table 2 shaws the resultsfor 10 second
excerpts,shaving the position that the correcttempo hypothesiswas ranked by the
tempoinductionalgorithm. Theresultsarepresenteéspercentagesf thetotalnumber
of sgments.The cumulatve sumsof rankingsareshavn in Figure6.

Table3 shaws the effect of lengthof the segmentson tempoinduction. Eachcol-
umn represents differentsegmentsize, andthe entriesshav the percentagef seg-
mentsfor which the correcttempowasincludedin the top 10 ranked clusters. Even
with 5 secondseggmentsthetempoinductionalgorithmis quitereliable,andreliability
increasesvith sggmentsize.

Thetempoinductionstageprovidesa solid foundationfor the beattrackingagents
to work from, andis robust even for highly syncopatecpiecesof music. We now
presenthe beattrackingresults first for audiodata,andthenthe MIDI-basedexperi-
ments.
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ID Rankingof CorrectTempo Sumof

1 2 3 4 5|6 7| 8] 9 ]10| toplo
| || 85.9|13.1| 10| 0.0 |0.0/0.0{0.0| 0.0 00| 0.0|| 100.0
D | 910 90| 00O | 0.0 | 0.0|0.0|0.0|0.0|0.0|0.0| 100.0
U |9.3| 37| 00| 00/|00|00|00|00|0.0]0.0] 100.0
S || 31.2|405|186| 70 |05|[00|00|14|05|0.0]( 995
Y || 86.7|11.7| 0.8 | 0.0 | 00| 00| 0.0/ 00| 0.0|0.0]( 992
O || 839|129| 24| 00 | 00| 08| 00|00]|0.0|0.0]| 100.0
R | 587|182| 76 | 36 |13|27|09|09|00|09]| 947
M || 169|259 169| 129|4.7| 65| 18| 18| 18| 1.1| 90.3
J || 615|134| 92 | 3.1 |42|04]/04|04|00|00/| 924

Table2: Beatinductionof 10 secondsegmentsof songs. All figuresarepercentagesf
thetotal numberof segments

100

Percentage of segments correct

10 I I I I I I I I
1 2 3 4 5 6 7 8 9 10

Cluster ranking

Figure6: Tempoinductionresultsfor 10 secondsegmentsshonvn ascumulatve sums
of percentagefom Table2
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Piece CorrectTempoin Top 10
ID 5s 10s 20s 60s
I 100.0| 100.0| 100.0| 100.0
D 100.0| 100.0| 100.0| 100.0
U 100.0| 100.0| 100.0| 100.0
S 93.5 | 99.5 | 99.5 | 100.0
Y 96.9 | 99.2 | 100.0| 100.0
o] 95.2 | 100.0| 100.0| 100.0
R 84.9 | 94.7 | 100.0| 100.0
M 84.9 | 90.3 | 95.3 | 95.9
J 79.2 | 924 | 97.6 | 99.1

Table 3: Effectsof sggmentlengthon tempoinduction: for eachsegmentlength,the
percentag®f segmentswith the correcttempoin thetop 10 hypothesess shavn

ID | Temporange| Meter | Results
I 139-142 4/4 100%
D 151-154 4/4 100%
u 145-146 4/4 100%
S 96-104 4/4 96%
Y 127-136 4/4 92%
o] 136-140 4/4 79%
P 120-150 2/4 90%
R 128-134 4/4 95%
M 180-193 3/4 92%
J 155-175 3/4 77%

Table4: Beattrackingtestdetailsandresults
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Audio Beat Tracking

In Table4, we presentheresultsfor beattrackingof theaudiodata. Therightmostcol-
umnof thetableindicateshepercentagef beattimeswhichwerecalculateccorrectly
by the beattrackingsystem.a simplermeasuref systemperformancehanthatgiven
in the previous section. This doesnot indicatethe natureof the errorsmadeduring
beattracking. For eachof the songdisted,thetempowasestimatedcorrectly Thatis,
the highestscoringagentwasan agentwith the correcttempohypothesis.Theresults
column canbe consideredasthe percentagef the songfor which this agentwasin
phasewith the beat.

The piecesexpectedto be easyto beattrack (1,D,U) weretracked without error
The mediumdifficulty pieces(S,Y) weretracked with somephaseerrors,from which
the agentrecoveredquickly. In piece(O), thereweretwo sectionsn which the agent
lost synchronisatiorandtracked the off-beats(i.e., it continuedat the correcttempo
but half a beatout of phase) but eventuallyrecoveredto the correctphase.Evenin
this case,79%of the piecewastrackedcorrectly In (P),theagentiost synchronisation
severaltimes,dueto largetempovariationsandthe agents lack of musicalknowledge
for distinguishingbetweerbeatsandoff-beats.In thiscasetheerrorsamountedo only
10% of the piece. Piece(R) wasexpectedto be difficult becausef the syncopation,
but it wastracked correctly exceptfor a few phaseerrors,from which it recovered
within afew beats.In the caseof thejazzpiece(M) theresultsweresurprisinglygood
(92%), probablydueto the fasttempo,which reduceghe likelihood of phaseerrors.
Thesecondazzpiece(J) scoredowest(77%),but still wascorrectlytrackedfor more
thanthreequartersof the piece. An averagepersornwould probablyperformno better
onthelasttwo pieces.

MIDI BeatTracking

A seriesof experimentswas performedto testthe hypothesisghat musicalsalienceis
usefulin guiding the beattracking process.In experimentl, the performanceof the
beattracking algorithmwithout the useof saliencewas established.In termsof the
evaluationfunction usedfor the agentsa constantvaluewasusedfor the salienceof
all rhythmic events. This setthe baselevel for the measuremendf the performance
gaindueto the saliencecalculations.

In the secondexperiment,the behaiour of the audio beattracking systemwas
simulated,by applying the saliencefunction s,q4(d, p, v) to the eventsand deleting
thoseeventswith asaliencebelow afixedthresholdvalue. The beattrackingalgorithm
was then appliedto the remainingevents, but usinga constantsaliencevaluein the
evaluationfunctionsasfor experimentl.

Thethird experimenttestedthe useof the saliencevaluesin the agents’evaluation
functionsdirectly. In this casethe agentsaccumulatedh progressie scoreconsisting
of the sum of adjustedsaliencevaluesfor the eventstracked by the agent. The two
differentsaliencefunctionsweretested:experiment3atestedthe non-linearfunction
smui(d, p, v) andexperiment3b testedthelinearfunction s,qq4(d, p, v).

Thedataconsistedf 13completepianosonata®y Mozart(KV279-KV284,KV330-
KV333, KV457, KV475 and KV533), playedby a professionapianist. This totals
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Relatve Numberof sections
tempo || Expl | Exp2 | Exp3a| Exp3b
0.5 10 9 10 10
1.0 121 143 146 137
1.5 16 0 1 5
2.0 40 40 41 42
3.0 4 3 3 4
4.0 23 23 20 22
other 8 2 1 2
fail 0 2 0 0

Table5: Beattrackingratesrelative to the primary metricallevel

severalhoursof music,andover 100000notes.Thefiles weredividedinto sectionsas
notatedn the music,andbeattrackingwasperformedseparatelyn eachfile (222files
in all).

Thefirst setof resultsshavs the tappingratechosenby the highestscoringagent,
relative to the rate of the primary metricallevel. For almostall sectionsa musically
plausiblemetricallevel waschosenwith slightly worseperformancen experimentl
wheresaliencevasnotused.Table5 shavsthenumberof sectionavhichweretracked
atvariousmultiplesof thetempoof the primarymetricallevel. Therowslabelledother
andfail representhe caseswvherethe tempowas not relatedto the primary metrical
level, and when beattracking failed to producea solution at all, respectiely. The
majority of sectionsweretracked at the notatedlevel or otherwise2 or 4 timesthe
notatedevel.

To testthe correspondencef theseresultsto humanperceptiorof beat theresults
were comparedwith the metrical levels chosenby a human(the author)tappingin
time with eachof the sections.In the majority of caseq155), thereweretwo possible
metricallevels choserfor the beat;in 49 casesthreelevelswereconsideregossible,
andin the remaining18 cases.only one rhythmic level was consideredeasonable.
Table 6 shavs the relationshipbetweenthe systems$ choicesand the “perceptually
reasonableimetricallevels. The errors(caseswvherethe systems tappingratewasnot
oneof thosechosenasa reasonableate) are divided into threetypes: doubletempo
errors,wherethe systemchosea rate of doublethe fastesthumantappingrate,which
in eachcasewasa musicallypossiblealternatve; half tempoerrors,wherethe system
choseto tapin quarternotes,but the piecewasin compoundime, which is musically
incorrect; and other errors, which were mostly the systemtappingin dottedquarter
notesfor piecesin simpletime, which again is musicallywrong.

Table 7 shaws the resultsof evaluatingthe beattracking of the sectionswhich
weretracked at the primary metricallevel (which in eachcasealsocorrespondedb a
perceptuallyreasonablenetricallevel for the beat). Evaluationwas performedusing
theformulagivenin the previoussection.For eachexperimentwe shav the numberof
sectiongn) andthe percentagef sectionswvhich achieved variousminimumscores.

Experimentl gives the baselevel performanceof the systemwithout musical

29



Numberof sections
Expl | Exp2 | Exp3a| Exp3b
correct 170 194 200 189

error: double 17 15 10 15
error: half 10 9 10 10
error: other 25 4 2 8

Table6: Correspondencef beattrackingratesrelative to humantappingrates

Result Exp. 1 Exp. 2 Exp. 3a Exp. 3b
Range n % n % n % n %
100%/| 42| 34.7| 17| 11.9| 54| 37.0| 59| 431
>95% | 46| 38.0|| 50| 35.0| 71| 48.6| 82| 59.9
>90% || 57| 47.1| 87| 60.8| 99| 67.8| 105| 76.6
>85% | 63| 52.1| 105| 73.4| 116| 79.5| 118| 86.1
>80% | 68| 56.2| 115| 80.4| 130| 89.0|| 127| 92.7
>70% | 81| 66.9| 127| 88.8| 137| 93.8|| 130| 94.9
>50% || 100| 82.6| 136| 95.1| 143| 97.9|| 136| 99.3
> 0% || 121 | 100.0|| 143| 100.0|| 146| 100.0|| 137 | 100.0

Average 75.4% 85.0% 88.5% 91.1%

Table7: Evaluationof beattrackingatthe primary metricallevel

knowledge. Approximatelyone third of the sectionswere tracked correctly with a
further third scoringover 70%. At the bottom of the table, the resultsfor eachex-
perimentaresummarisedn a singlevalue,the weightedaverageof the beattracking
evaluationresults weightedby thenumberof beats.For experimentl, withoutmusical
saliencethe systemfound 75% of beattimes.

Experiment2 gave mixedresults,sincethe removal of eventswhich weredeemed
to be non-salienalsoremoved mary eventswhich occurredon beats,makingit more
difficult for the beattrackingsystento determinesomeof thebeattimes. Nevertheless,
the netresultof this experimentwaspositive, with 88.8%o0f the sectionsscoringover
70%,andatotal of 85% of the beatsbeingfound.

Thethird experimentshaws a furtherimprovementin performancedueto the use
of saliencen thebeattrackingprocesswith theadditive saliencdunctions, 4q4(d, p, v)
performingslightly betterthanthe multiplicative function s,,.;(d, p, v). For thesetwo
functionsthe weightedaverageswere 91.1% and 88.5% respectiely, which shovs
a clear performancegain dueto the inclusion of musicalknowvledgein the form of
saliencecalculationdn the system.
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Discussionand Conclusion

We have describeda beattracking systemwhich analysesanusicaldata, detectsthe
onsetsof rhythmic eventsandtheir salienceandthendetermineghe tempoandbeat
timesusingamultiple hypothesisearch.Thesystenmsuccessfullycalculategshetempo
for mostmusicalsituations andtracksthe beatwith occasionaphaseerrors. The sys-
tem’s performancés robust,in thatit recosersfrom errorsandresumegorrecttracking
quickly, a capabilityreportedto belackingin earliersystemgDannenbeg, 1991).In-
formallisteningtestsdemonstrat¢hatthe systemcapturesomepartof humanmusical
ability in theway thatit trackstempovariations.

Onedesigngoal for the systemwasthatit be asgeneralpurposeaspossible that
is, not focussedn ary particularstyle of music. To date,the systemhasbeentested
on a large corpusof expressiely performedclassicalmusic,anda rangeof Western
popularmusic,with positive results. We speculatehat the systemwill work equally
well with other stylesof music, subjectto the following two restrictions. First, the
systemassumedghat the music hasa beat, with no large discontinuities;it doesnot
answetthequestiornf whetheror nota pieceof musichasabeat.Secondalthoughthe
tempoinductionandbeattrackingalgorithmsareindependenof the instrumentation,
the calculationof rhythmic eventsis not. For MIDI input, the saliencefunction lacks
a specialcasecomputationof the salienceof drum sounds.For audioinput, the onset
detectionalgorithm assumeshe presenceof noteswith a sharpattack,for example,
piano,guitaror drums;in the absencef suchinstrumentst is likely thata frequeng
domainonsetdetectioralgorithmwould needo bedeveloped.Neverthelesstheresults
presentedn the previous sectionindicatethatbeattrackingaccurag is not dependent
on musicalstyledirectly, but ratheron rhythmic compleity (Dixon, 2001a).

Therearea large numberof parametersvhich canbe variedin orderto tunethe
behaiour of the system.Most parametevaluesandknowledgeusedin the systemare
quite low-level, beingderived from knowledgeof humanperception.The systemwas
designedo work autonomouslyandthe resultswhich have beenpresentedveregen-
eratedwithout fine-tuningthe parametergwith the exceptionof the constantsisedin
thesaliencecalculation).Many of the parametevaluesarenot critical to thebehaiour
of the system,in a global (average)sensealthoughthey may leadto differentresults
on alocal level. Theweightsattachedo factorswhich supportthe variouscompeting
hypothesesare necessarilysomavhat arbitrary In complex musicthereare compet-
ing rhythmic forces,and higherlevel knowledgeof the musicalstructuremakesthe
correctinterpretatiorclearto a humanlistener The beattrackingagentsdo not make
useof suchhigh level knowledge,andthereforetheir decisionsareinfluencedoy more
arbitraryfactorssuchasthe numericalvaluesof parameters.

Despitethe beattrackingsystems lack of higherlevel musicalknowvledge,suchas
notionsof off-beatsor expectedrhythmic patternsit still exhibits anapparenmusical
intelligence,which emegesfrom patternsandstructurein the data, ratherthanfrom
high-level knowledge or reasoning(Brooks, 1991). This makes the systemsimple,
robustandgeneral.In orderto disambiguatenoredifficult rhythmic patterns,t was
shavn thattheuseof simplemusicalknowledgein additionto thetiming of eventscan
be usedto improve performanceconsiderably Furtherimprovementcanbe achieved,
atthe expenseof generality by programminghigh-level knowledgeof stylistic expec-
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tations.

Thereare mary avenuesopenfor further work, in the form of applications,im-
provementsand further investigations. One applicationwhich is currentlyunderde-
velopmentis the implementationof an interactve beattracking systemthat allows
correctionof errorsvia a graphicalinterface, and restartingthe beattracking from
ary point in the data(Dixon, 2001b). This is being developedas a tool for usein
the analysisof expressve performancesasit cangeneratalatasuchastempocurves
semi-automatically

It is clearthat beattracking canbe improved if the systemis given information
aboutthe musicit is tracking. In the performanceanalysisapplication,for example,
the scoreis usuallyavailable,so by modifying the agents’evaluationto favour inter
pretationawvhich matchthe patternsexpectedfrom the score,a fully automatictiming
analysissystemcouldbecreated.

Corversely anothetusefultool would bethatof a scoreextractionsystenfor MIDI
performancalata. This would involve extendingthe systento performquantisatiorof
all rhythmic events,aswell asothertaskssuchasnote spelling, part separatiorand
inductionof the key andtime signaturegCambouropoulos}996,2000).

A furtherextensionis theideaof corvertingthesystemnto operaten realtime, such
asthe systemof GotoandMuraoka(1995,1998,1999). The currentapproachs fast
enoughfor arealtime implementationput thealgorithmis not causalandwould need
to bemodifiedin orderto createarealtime system.

This work also suggestseveral possiblemodificationsto the system. Currently
the agentsaareassessewnholistically, thatis, on the basisof their performancdor the
completeinput data. The agentscould improve their resultsby self-analysisfinding
ary inconsistencie®r timeswherethe evaluationfunction is low, and searchingfor
bettersolutionsbasednthehigh-scoringpartsof their results. Tempoinductionis also
performednalargerscalethannecessarandthetwo algorithmscouldbemodifiedso
thattempoinductionis calculatecbnamorelocallevel andcommunicatedo theagents
asthey performbeattracking. Someof the parametewvalueswere chosenrarbitrarily,
andthe systemcould beimproved by analysingmusicaldataandextractingparameter
valuesthatcorrespondetterto performancelata.

Finally, althoughthe systemis not a model of humanperception,a comparison
betweenthe correctnessendaccurag of the systemandof humansubjectsvould be
interestingandwould shedlight on the moredifficult evaluationissuesperhapdead-
ing to a clearerunderstandingf beattracking. It is not known whatthe limit of beat
tracking performances; it would be interestingto comparethe currentresultswith
humanbeattrackingability onthe samepieces.
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