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Abstract

We describea computerprogramwhich is ableto estimatethe tempoandthe
timesof musicalbeatsin expressively performedmusic. The input datamay be
eitherdigital audioor a symbolicrepresentationof musicsuchasMIDI. Thedata
is processedoff-line to detectthesalientrhythmic eventsandthe timing of these
eventsis analysedto generatehypothesesof the tempoat variousmetricallevels.
Basedon thesetempohypotheses,amultiplehypothesissearchfindsthesequence
of beattimeswhichhasthebestfit to therhythmicevents.Weshow thatestimating
theperceptualsalienceof rhythmic eventssignificantlyimprovesthe results.No
prior knowledgeof the tempo,meteror musicalstyle is assumed;all required
informationis derivedfrom thedata.Resultsarepresentedfor a rangeof different
musicalstyles,includingclassical,jazz,andpopularworkswith avarietyof tempi
andmeters. The systemcalculatesthe tempocorrectly in most cases,the most
commonerrorbeinga doublingor halvingof the tempo. Thecalculationof beat
timesis alsorobust. Whenerrorsaremadeconcerningthephaseof thebeat,the
systemrecoversquickly to resumecorrectbeattracking,despitethefactthatthere
is nohigh level musicalknowledgeencodedin thesystem.

Intr oduction

Thetaskof beattrackingor tempofollowing is perhapsbestdescribedby analogyto the
humanactivities of foot-tappingor hand-clappingin time with music,tasksof which
averagehumanlistenersarecapable.Despiteits apparentintuitivenessandsimplicity
comparedto the restof musicperception,beattrackinghasremaineda difficult task
to define,andstill moredifficult to implementin analgorithmor computerprogram.
In this paper, we addresstheproblemof beattracking,anddescribealgorithmswhich
have beenimplementedin a computerprogramfor discovering the timesof beatsin
expressively performedmusic.
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Theapproachtakenin this work is basedon thebelief thatbeatis a relatively low-
level propertyof music,andthereforethebeatcanbediscoveredwithout recourseto
high-level musicalknowledge.It hasbeenshown thatevenwith no musicaltraining,a
humanlistenercantapin time with music(Drake et al., 2000).At thesametime, it is
clearthathigherlevel knowledgeaidstheperceptionof beat.Drake et al. (2000)also
showedthat trainedmusiciansareableto tap in time with musicmoreaccuratelyand
requirelesstime to synchronisewith themusicthannon-musicians.

The primary informationrequiredfor beattracking is the onsettimesof musical
events,andthis is sufficient for musicof low complexity andlittle variationin tempo.
For more difficult cases,we show that a simple estimationof the salienceof each
musicaleventmakesasignificantimprovementin theability of thesystemto find beat
timescorrectly.

Moti vation and Applications

Thereareseveralareasof researchfor whichthiswork is relevant,namelyperformance
analysis,perceptualmodelling,audiocontentanalysisandsynchronisationof amusical
performancewith computersor otherdevices.

Performanceanalysisinvestigatestheinterpretationof musicalworks,for example,
the performer’s choiceof tempoandexpressive timing. Theseparametersareimpor-
tant in conveying structuralandemotionalinformationto the listener(Clarke, 1999).
By finding the timesof musicalbeats,we canautomaticallycalculatethe tempoand
variationsin tempowithin a performance.This acceleratestheanalysisprocess,thus
allowing morewide-rangingstudiesto beperformed.

Perceptionof beatis a prerequisiteto rhythm perception,which in turn is a funda-
mentalpartof musicperception.Severalmodelsof beatperceptionhavebeenproposed
(Steedman,1977;Longuet-HigginsandLee, 1982;Povel andEssens,1985;Desain,
1992;Rosenthal,1992;Parncutt,1994;vanNoordenandMoelants,1999). Although
this work is not intendedasa perceptualmodel, it caninform perceptualmodelsby
examiningtheinformationcontentof variousmusicalparameters,for examplethere-
lationshipbetweenthemusicalsalienceandthemetricalstrengthof events.

Audio contentanalysisis importantfor automaticindexing andcontent-basedre-
trieval of audiodata,suchasin multimediadatabasesandlibraries. This work is also
necessaryfor applicationssuchasautomatictranscriptionor scoreextractionfrom per-
formancedata.

Anotherapplicationof beattrackingis in theautomaticsynchronisationof devices
suchaslights, electronicmusicalinstruments,recordingequipment,computeranima-
tion andvideo with musicaldata. Suchsynchronisationmight be necessaryfor mul-
timediaor interactive performancesor studiopost-productionwork. Theincreasingly
large amountsof dataprocessedin this way leadsto a demandfor automatisation,
which requiresthat the software involved operatesin a “musically intelligent” way,
andtheinterpretationof beatis oneof themostfundamentalaspectsof musicalintelli-
gence.
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Definitions of Terms

We assignthe following meaningsto termsusedthroughoutthe paper. Beat, as a
phenomenon,refersto the perceived pulseswhich areapproximatelyequallyspaced
anddefinethe rateat which the notesin a pieceof musicareplayed. For a specific
performance,thebeatis definedby theoccurrencetimesof thesepulses(beattimes),
which aremeasuredrelative to thebeginningof theperformance.

A metrical level is a generalisationof the conceptof the beat,correspondingto
multiplesor divisorsof thebeatwhich alsodivide themeterandany implied subdivi-
sionof themeterevenly andbegin on thefirst beatof themeter. For example,we can
talk aboutthe quarter notelevel 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
level is givenby thedenominatorof thetime signature(thenotatedlevel), which does
not necessarilyequateto theperceptuallypreferredmetricallevel for thebeat.

Score time is definedasthe relative timing informationderived from durationsof
notesandrestsin thescore,measuredin abstractunitssuchasquarternotesandeighth
notes.In conjunctionwith ametronomesetting,scoretime canbeconvertedto (nomi-
nal) noteonsettimesmeasuredin seconds.Thetermperformancetime is usedto refer
to theconcrete,measured,physical timing of noteonsets.We deferdiscussionof the
practicaldifficulties with the measurementof performancetime until the sectionon
evaluation.

A mechanical or metrical performanceis a performanceplayedstrictly in score
time. That is, all quarternoteshave equalduration,all half notesare twice as long
asthequarternotes,andsoon. An expressiveperformanceis any otherperformance,
suchasany humanperformance.

Temporefersto therateatwhichmusicalnotesareplayed,expressedin scoretime
unitsperrealtime unit, for examplequarternotesperminute.Whenthemetricallevel
of thebeatis known, thetempocanberepresentedby thenumberof beatspertimeunit
(beatsper minuteis mostcommon),or inverselyasthe inter-beatinterval, measured
in timeperbeat.Further, thetempomightbeaninstantaneousvalue,suchastheinter-
beatinterval measuredbetweentwo successive beats,or an averagetempomeasured
over a longerperiodof time. A measureof centraltendency of tempoover a complete
musicalexcerpt is called the basic tempo(Repp,1994),which is the implied tempo
aroundwhich theexpressive tempovaries(notnecessarilysymmetrically).

Tempoinductionis theprocessof estimatingthebasictempofrommusicaldata,and
a tempohypothesisis onesuchestimategeneratedby the tempoinductionalgorithm
shown in Figure 1. Beat tracking is the estimationof beattimes basedon a given
tempohypothesis.Thetermbeatphaseis usedto refer to thetimesof musicalevents
(or estimatedbeattimes)relative to actualbeattimes.

Outline of Paper

In the backgroundsection,we review the literatureon the modellingandanalysisof
tempoandbeatin music,from scoredata,symbolicperformancedataandaudiodata,
andconcludewith a brief summaryof modelsof performancetiming andhow they
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relateto this work.
The following threesectionsgive a detaileddescriptionof the algorithmsusedin

tempoinduction,beattrackingandcalculatingmusicalsaliencerespectively. For tempo
inductionfrom audiodata,theonsetsof eventsarefoundusinga time-domainmethod
which seekslocal peaksin theslopeof theamplitudeenvelope.For symbolicperfor-
mancedata,thenotesaregroupedby temporalproximity into rhythmicevents,andthe
salienceof eachevent is estimated.The tempoinductionalgorithmthenproceedsby
calculatingtheinter-onsetintervalsbetweenpairsof events(not necessarilyadjacent),
clusteringthe intervals to find commondurations,and then ranking the clustersac-
cordingto thenumberof intervalsthey containandtherelationshipsbetweendifferent
clusters,to producea rankedlist of basictempohypotheses.Thesehypothesesarethe
startingpoint for thebeattrackingalgorithm,which usesa multiple agentarchitecture
to test the different tempoandphasehypothesessimultaneously, andfinds the agent
whosepredictedbeattimesmatchmostcloselyto thoseimpliedby thedata.Theeval-
uationof agentsis basedontheassumptionthatthemoresalienteventsaremorelikely
to occurin metricallystrongpositions.Theestimationof musicalsalienceis basedon
noteduration,density, pitch andamplitude.

Evaluationof thesystemis thendiscussed,andanumberof situationsarepresented
in whichthedesiredbehaviour of aperfectbeattrackingsystemis notclear. A practical
methodologyfor evaluationis thendescribed,including a formula for rating overall
beattrackingperformanceona musicalwork.

Theresultssectionbeginswith a brief descriptionof theimplementationdetailsof
the system,andthenpresentsresultsfor tempoinductionandbeattrackingof audio
data,andthenfor symbolicdata,usingvariousmeasuresof musicalsalience.Weshow
that for popularmusic,which hasa very regularbeat,theonsettimesandamplitudes
aresufficient for calculatingbeattimes,but for musicwith greaterexpressive varia-
tions,notedurationbecomesan importantfactorin beingableto estimatebeattimes
correctly.

The paperconcludeswith a discussionof the resultsobtained,the strengthsand
weaknessesof thesystem,andapreview of severalpossibledirectionsof furtherwork.

Background: TempoInduction and BeatTracking

Before discussingthe methods,algorithmsand resultsof the beat tracking system,
we provide a brief backgroundof previouswork in thearea.The literatureon tempo
inductionandbeattracking is reviewed herein threeparts,basedon the type of in-
put data.Firstly we examinemodelsprocessingmechanicalperformancesor musical
scores,thenwelook atwork involving symbolicperformancedata(usuallyMIDI), and
finally wedescribeapproachesto analysisof audiodata.Weconcludethissectionwith
a review of modelsof performancetiming anddiscusstheir relevanceto beattracking.

Scoresand MechanicalPerformanceData

For datawith no expressive timing, theinter-beatinterval is normallyamultipleof the
shortestduration,andall durationscanbeexpressedin termsof rationalmultiplesof
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this interval. Researchusingthis type of datausuallygoesbeyond tempoinduction,
andtriesto inducethecompletemetricalhierarchy.

Steedman(1977)describesa modelof perceptionusingnotedurationsto infer ac-
cents,andmelodicrepetitionto infer metricalstructure.He assumesthat themeteris
establishedclearlybeforeany syncopationcanoccur, andthereforeweightsinforma-
tion at thebeginningof apiecemorehighly thanthatwhichoccurslater.

A modelof rhythm perceptiondevelopedby Longuet-HigginsandLee(1982)pre-
dicts beattimesandrevisesthe predictionsin the light of the timing of events. For
example,after the first two onsetsareprocessed,it is predictedthat the third onset
will occurafteran equaltime interval so that the 3 eventsareequallyspaced.If this
expectationis fulfilled, the next expectedinterval is doublethe sizeof the previous
interval. This methodsuccessfullybuilds binary hierarchies,but doesnot work for
ternarymeters.An extensionof this work (Longuet-HigginsandLee,1984)provides
a formal definitionof syncopationanddescribesa preferredrhythmic interpretationas
onewhichavoidssyncopation.

LerdahlandJackendoff (1983)describemeterperceptionastheprocessof finding
periodicitiesin thephenomenalandstructuralaccentsin a pieceof music. They pro-
poseasetof metricalpreferencerules,basedonmusicalintuitions,whichareassumed
to guidethelistenerto plausibleinterpretationsof rhythms.Therulespreferstructures
where:beatscoincidewith noteonsets;strongbeatscoincidewith onsetsof longnotes;
parallelgroupsreceive parallelmetricalstructure;andthestrongestbeatoccursearly
in thegroup.

Povel andEssens(1985)proposeamodelof perceptionof temporalpatterns,based
ontheideathatalistenertriesto induceaninternalclockwhichmatchesthedistribution
of accentsin thestimulusandallowsthepatternto beexpressedin thesimplestpossible
terms.They usepatternsof identicaltoneburstsatprecisemultiplesof 200msapartto
testtheir theory. They do not suggesthow the theoryshouldbemodifiedfor musical
dataor non-metricaltime.

A theoreticalandexperimentalcomparisonof theabovemodelsis reportedby Lee
(1991). He concludesthat every meterhasa canonicalaccentpatternof strongand
weak beats,and that listenersinducemeterby matchingthe naturalaccentpatterns
occurringin themusicto thecanonicalaccentpatternof possiblerhythmic interpreta-
tions. In this model,majorsyncopationsandweaklong notesareavoided.

DesainandHoning (1999)compareseveral tempoinductionmodels,integrating
theminto a commonframework andshowing how performancecanbe improved by
optimisationof theparameters.

Symbolic PerformanceData

Much of the work in machineperceptionof rhythm has usedMIDI files as input
(Rosenthal,1992;Rowe,1992;Desain,1993;Large,1995;Cemgiletal., 2001).

Theinput is usuallyinterpretedasa seriesof eventtimes,ignoringtheeventdura-
tion, pitch,amplitudeandchosensynthesizervoice.Thatis, eachnoteis treatedpurely
asanuninterpretedevent. It is assumedthattheotherparametersdonotprovideessen-
tial rhythmic information,which in many circumstancesis true. However, thereis no
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doubtthatthesefactorsprovideusefulrhythmiccues;for example,moresalientevents
tendto occuronstrongerbeats.

Notablework using MIDI file input is Rosenthal’s emulationof humanrhythm
perception(Rosenthal,1992),which producesmultiple hypothesesof possiblehierar-
chicalstructuresin thetiming, assigninga scoreto eachhypothesis,correspondingto
the likelihood that a humanlistenerwould choosethat interpretationof the rhythm.
This techniquegivesthesystemtheability to adjustto changesin tempoandmeter, as
well asavoidingmany implausiblerhythmic interpretations.

A similarapproachis advocatedby Tanguiane(1993),usingKolmogorov complex-
ity asthemeasureof thelikelihoodof aparticularinterpretation,with theleastcomplex
interpretationsbeingfavoured.Heprovidesaninformation-theoreticaccountof human
perception,andarguesthatmany of the “rules” of musiccompositionandperception
canbeexplainedin information-theoreticterms.

Desain(1993)comparestwo differentapproachesto modellingrhythmperception,
the symbolicapproachof Longuet-Higgins(1987)andthe connectionistapproachof
DesainandHoning(1989).Althoughthiswork only modelsoneaspectof rhythmper-
ception,theissueof quantisation,andtheresultsof thecomparisonareinconclusive, it
doeshighlighttheneedto modelexpectancy, eitherexplicitly or implicitly. Expectancy
is atypeof predictivemodellingrelevantto realtimeprocessing,whichprovidesacon-
textual framework in which subsequentrhythmic patternscanbeinterpretedwith less
ambiguity.

Allen andDannenberg (1990)proposeabeattrackingsystemthatusesbeamsearch
to considermultiple hypothesesof beat timing and placement. A heuristicevalua-
tion functiondirectsthesearch,preferringinterpretationsthathavea“simple” musical
structureandmake “musical sense”,althoughthesetermsarenot defined.They also
do not describetheinput formator any specificresults.

Large andKolen (1994);Large (1995,1996)usea nonlinearoscillator to model
theexpectationcreatedby detectinga regularpulsein themusic.Thesystemdoesnot
performtempoinduction;thebasictempoandinitial phasemustbesuppliedto thesys-
tem,whichthentrackstempovariationsusingafeedbackloopto controlthefrequency
of theoscillator. On improvisedmelodies,thesystemachieveda meanabsolutephase
errorof under10%for mostdata,whichwasconsideredsubjectively good.

Anothersystemwhich usesmultiple hypothesesis from Rowe (1992),who dis-
cretisesthe completetemporangeinto 123 inter-beatintervals rangingfrom 280ms
to 1500msin 10mssteps,correspondingto metronomemarkingsof 40–208beatsper
minute. Eachtempotheorytries to provide a plausiblerhythmic interpretationfor in-
comingevents,andthemostsuccessfultheoriesareawardedpoints.Thesystemcopes
moderatelywell with simpleinputdata,but cannotdealwith complex rhythms.

An alternative approachis to model tempotrackingin a probabilisticframework
(Cemgiletal.,2001).Thebeattimesaremodelledasadynamicalsystemwith variables
representingtherateandphaseof thebeat,andcorrespondingto a perfectmetronome
corruptedby Gaussiannoise. A Kalmanfilter is thenusedto estimatethe unknown
variables. Sincethe beat times are not directly observable from the data, they are
inducedby calculatinga probabilitydistribution for possibleinterpretationsof perfor-
mances.Thesystemparametersareestimatedby trainingon a datasetfor which the
correctbeattimesareknown. Thesystemperformswell (over 90%correct)on a large
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numberof performancesof a simplearrangementof a popularsong. The resultsare
comparedwith thecurrentsystemin Dixon (2001a).

Audio Data

Theearliestwork onautomaticextractionof rhythmiccontentfrom audiodatais found
in thepercussiontranscriptionsystemof Schloss(1985).Onsetsaredetectedaspeaks
in the slopeof the amplitudeenvelope,wherethe envelopeis definedto be equalto
themaximumamplitudein eachperiodof thehigh-passfilteredsignal,andtheperiod
definedas the inverseof the lowest frequency expectedto be presentin the signal.
Themain limitation of thesystemis that it requiresparametersto besetinteractively.
Also, no quantitative evaluationwasmade;only subjective testingwasperformed,by
resynthesisof thesignal.

The main work in beat tracking of audio data is by Goto and Muraoka(1995,
1997a,b,1998,1999)whodevelopedtwo beattrackingsystemsfor popularmusic,the
first for musiccontainingdrumsandthesecondfor musicwithout drums.Theearlier
system(BTS) examinesthe frequency bandscentredon the frequenciesof the snare
andbassdrums,andmatchesthepatternsof onsettimesof thesetwo drumsoundsto a
setof pre-storeddrumpatterns.This limits thesystemto averyspecificstyleof music,
but thebeattrackingon suitablesongsis almostalwayssuccessful.

GotoandMuraoka’s secondsystemmakesno assumptionaboutdrums;instead,it
usesfrequency-domainanalysisto detectchordchanges,whichareassumedto occurin
metricallystrongpositions.This is thefirst systemto demonstratetheuseof high level
knowledgein directingthelower-level beattrackingprocess.Thehighlevel knowledge
is specificto themusicalstyle,which is amajorlimitation of thesystem.Furthermore,
all musicprocessedby thesystemis assumedto bein 4/4 time,with a tempobetween
61 and120quarternotebeatsperminute,chordchangesoccurringin strongmetrical
positions(noteverybeat),andno tempochanges.

Both systemsarebasedon a multiple agentarchitectureusinga fixed numberof
agents(28and12 in thetwo systems,respectively). Eachagentpredictsthebeattimes
usingdifferentstrategies(parametersettings).Onefeatureof thiswork whichdoesnot
appearin mostbeattrackingwork is that threemetricallevels(quarternote,half note
andwhole note)are tracked simultaneously. The systemalsooperatesin real time,
for which it requireda multiple-processorcomputerat the time it wasbuilt. (A fast
personalcomputertodayhasalmostthesamecomputingpower.)

Scheirer(1998)alsodescribesasystemfor thebeattrackingof audiosignals,based
on tunedresonators.The signal is split into 6 frequency bands,and the amplitude
envelopesin eachbandareextracted,differentiatedandrectifiedbeforebeingpassed
to abankof 150combfilters (representingeachpossibletempoonadiscretisedscale).
The output of the filters is summedacrossthe frequency bands,and the maximum
outputgivesthetempoandphaseof thesignal.Thesystemwasevaluatedqualitatively
on shortmusicalexcerptsfrom variousstyles,andsuccessfullytracked 41 of the 60
examples.Oneproblemwith the systemis that in orderto track tempochanges,the
systemmust repeatedlychangeits choiceof filter, which implies the filters mustbe
closelyspacedto be able to smoothlytrack tempovariations. However, the system
appliesno continuityconstraintwhenswitchingbetweenfilters.
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Two recentapproacheswhich find periodicitiesin audiodatahave beenproposed
(Cariani,2001;SetharesandStaley, 2001). Cariani (2001)presentsa neurologically
plausiblemodelcalledarecurrenttiming net(RTN). Theaudiodatais preprocessedby
finding theRMSamplitudein overlapping50mswindowsof thesignal,andtheresult-
ing datais passedto the RTN, which effectively computesa runningautocorrelation
at all possibletime lagsin orderto find the mostsignificantperiodicitiesin the data.
SetharesandStaley (2001)filter theaudiosignalinto 1/3 octave bands,decimateto a
low samplingrateandthensearchfor periodicitiesusingtheperiodicitytransformde-
velopedpreviously in (SetharesandStaley, 1999).Althoughbothof theseapproaches
useaudio input, they assumeconstanttempoperformances,and so are not directly
relevantto theanalysisof expressiveperformance.

Modelling of PerformanceTiming

An understandingof rules governing expressive timing is advantageousin develop-
ing a systemto follow tempochanges.Technicaladvancesover the lastdecadeshave
facilitatedthe analysisof timing in musicperformancein waysthat werepreviously
infeasible.Clarke (1999)andGabrielsson(1999)review researchin thisareaandcon-
clude that expressive timing is generatedfrom the performers’understandingof the
musicalstructureandgeneralknowledgeof musictheoryandmusicalstyle.However,
thereis no precisemathematicalmodelof expressive timing, and the complexity of
musicalstructurefrom which timing is derived,coupledwith theindividuality of each
performerandperformance,makesit impossibleto capturemusicalnuancein theform
of rules.Attemptsto formulaterulesgoverningtherelationshipbetweenthescoreand
expressivetiming (Todd,1985;Clarke,1988;Friberg,1995)arepartiallysuccessful,as
judgedby listeningtestsandby comparisonwith performancedata,but ignoreindivid-
ual performers’interpretationandcoveronly limited aspectsof musicalperformance.

TempoInduction

The beat tracking systemhastwo stagesof processing,the initial tempoinduction
stage,which is describedin this section,andthebeattrackingstage,which appearsin
thefollowing section.Thetempoinductionstageexaminesthetimesbetweenpairsof
noteonsets,andusesa clusteringalgorithmto find significantclustersof inter-onset
intervals. Eachclusterrepresentsa hypotheticaltempo,expressedasaninversevalue,
the inter-beatinterval, measuredin secondsperbeat. The tempoinductionalgorithm
rankseachof the clusters,with the intention that the mostsalienttime intervals are
rankedmosthighly. Theoutputfrom thisstage(andinput to thebeattrackingstage)is
therankedlist of tempohypotheses,eachrepresentingaparticularbeatrate,but saying
nothingaboutthe beattimes(or beatphase),which arecalculatedin the subsequent
beattrackingstage.

Thetempoinductionalgorithmoperateson rhythmicevents, anabstractrepresenta-
tion of theperformancedataasa weightedsequenceof time points.A rhythmic event
mayrepresenttheonsetof a singlenoteor a collectionof notesplayedapproximately
simultaneously. Eventsarecharacterisedby theironsettimeandasaliencevaluewhich
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is calculatedfrom the parametersof the constituentnotesof the event,suchaspitch,
loudness,duration,andnumberof constituents.Wenow describethevariousinputdata
formats,andthenthegenerationof the rhythmic event representationof performance
data,andfinally presentthetempoinductionalgorithmbasedon this representation.

Input Data

Therearetwo typesof input dataacceptedby thebeattrackingsystem:digital audio
andsymbolicperformancerepresentations,whicharedescribedin turn.

Therearea largenumberof digital audioformatscurrentlyin use,which provide
variouspossiblerepresentationsof theaudiodata,allowing theuserto choosethebit
rateand/orcompressionalgorithmsuitablefor thetaskat hand.Consideringthewide
availability of softwarefor convertingbetweenformats,we limited theinput datafor-
matto uncompressedlinearpulsecodemodulated(PCM)signals,asfoundoncompact
discsandoftenusedin computeraudioapplications.Thespecificfile formatmaybe
eitherthe MS “.wav” format or SUN “.snd” format,both of which permit choicesof
samplingrates,word sizesandnumbersof channels.For the resultsreportedin this
paper, singlechannel16 bit linearPCM datawasused,with a samplingrateof 44100
Hz. This datawascreateddirectly from compactdiscsby averagingthetwo channels
of theoriginal stereorecordings.

Two symbolic formatsmay be used,MIDI, the almostuniversalformat for sym-
bolic performancedata,andthe Match format, a locally developedtext format com-
bining the representationof MIDI performancedatawith the musicalscore,andas-
sociatingthecorrespondingnotesin each.TheMatchformatfacilitatestheautomatic
evaluationof thebeattrackingresultsrelative to themusicalscore.

Rhythmic Events

Rhythmic informationis primarily carriedby the onsettimesof musicalcomponents
(musical notesand percussive sounds). When thesecomponentshave onsettimes
which aresufficiently closetogether, they areheardasa compositeevent, which we
namea rhythmic event. A rhythmic event is characterisedby an onsettime and a
salience.Rhythmiceventsrepresentthemostbasicunit of rhythmic information,from
which all beatandtempoinformationis derived.Theprocessof deriving therhythmic
eventsfrom symbolicdatais entirely different from that requiredfor audiodata,as
mostof therequiredinformationis directly representedin thesymbolicdata,whereas
it mustbeestimatedby animperfectonsetdetectionalgorithmin theaudiocase.

Symbolic Data

For symbolicrepresentations,theonsettime of eachmusicalnoteis encodeddirectly
in thedata.This onsettime denotesthebeginningof thewaveform,not theperceived
onsettime, which usuallyfalls slightly later, dependingon therise time of the instru-
ment(VosandRasch,1981;Gordon,1987). With symbolicdata,it is not possibleto
correctfor theinstrumentalrisetime,becausethewaveformis notencodedin thedata,
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andthusis unknown. However, sincemostrhythmic informationis carriedby percus-
sive instrumentsor otherinstrumentswith very shortrisetimes,this doesnot createa
noticeableproblem.

Thefirst taskwhichmustbeperformedis to groupany approximatelysimultaneous
onsetsinto singlerhythmic events,andcalculatethesalienceof eachof the rhythmic
events.In studiesof chordasynchrony in pianoandensembleperformance,it hasbeen
shown thatasynchroniesof 30–50msarecommon,andmuchlargerasynchroniesalso
occur(Sundberg, 1991;Goebl,2001). Perceptionresearchhasshown thatwith up to
40msdifferencein onsettimes,two tonesareheardassynchronous,andfor morethan
two tones,the thresholdis up to 70ms(Handel,1989). In this work, a thresholdof
70mswaschosenfor groupingnearonsetsinto singlerhythmic events.

Thesecondtaskis to calculatethe salienceof the rhythmic events. Music theory
identifiesseveral factorswhich contributeto theperceivedsalienceof a note.We par-
ticularly focuson noteduration,density, dynamicsandpitch in this work, sincethese
factorsare representedin the MIDI andMatch file data. The preciseway in which
thesefactorsarecombinedto give a numericalsaliencevaluefor eachrhythmic event
is describedlater.

Audio Data

Audio datarequiressignificantprocessingin orderto extractany symbolicinformation
aboutthe musicalcontentof the signal. To date,no algorithm hasbeendeveloped
which is capableof reliably extractingtheonsettimesof all musicalnotesfrom audio
data. Nevertheless,it is possibleto extract sufficient informationin orderto perform
tempoinductionandbeattracking. In fact,beattrackingmaybeimprovedby a lossy
onsetdetectionalgorithm, as it implicitly filters out the lesssalientonsets(Dixon,
2000).

Theonsetdetectionmethodis basedlooselyon the techniquesof Schloss(1985),
whoanalysedaudiorecordingsof percussioninstrumentsin orderto transcribeperfor-
mances.Thesignalis passedthrougha first orderhigh passfilter, andthensmoothed
to produceanamplitudeenvelope.Theamplitudeenvelopeis calculatedastheaverage
absolutevalueof thesignalwithin a window of thesignal. In this work a window of
20mswasused,with a50%overlap,sothatsmoothedamplitudevalueswerecalculated
at10msintervals.A 4-pointlinearregressionis usedto find theslopeof theamplitude
envelope,anda peak-pickingalgorithmthenfinds local maximain the slopeof the
amplitudeenvelope.Localpeaksarerejectedif thereis agreaterpeakwithin 50ms,or
if thepeakis below threshold(10%of theaverageamplitudeper10ms). Thedefault
parametervaluesasusedin this work weredeterminedempirically, but all valuescan
beadjustedvia command-lineparameters.

For taskssuchas transcription,it is importantthat all onsetsare found, and the
presenttime-domaintechniquewould not suffice – it would benecessaryto usea fre-
quency domainmethodto detectonsetsmorereliably. However, for beattracking,it
is advantageousto discover just the most salientonsets,as thesearemore likely to
correspondto beattimes. In otherwords,the onsetdetectionalgorithmperformsan
implicit filtering of the true onsets,removing thosewith a low salience.The actual
saliencevalue for the detectedpeaks,usedlater in the beattrackingalgorithm, is a
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linearfunctionof thelogarithmof theamplitudeenvelopevalue.
The onsetdetectionalgorithmhasnot beentestedfor musicwithout instruments

with sharprisetimes;we expectthat in this casea frequency domainalgorithmwould
berequiredto find onsetssufficiently reliably.

Clustering of Inter -OnsetInter vals

Oncethe rhythmic eventshave beendetermined,the time intervals betweenpairsof
eventsrevealtheirrhythmicstructure.Theclusteringalgorithm(Figure1)usesthisdata
to generatea rankedlist of tempohypotheses,whicharethenusedasthebasisfor beat
tracking. In the literature,an inter-onsetinterval (IOI) is definedasthe time between
two successiveevents.We extendthedefinitionto includecompoundintervals,that is
intervalsbetweenpairsof eventswhichareseparatedby otherevents.This is important
in reducingtheeffectof any eventswhichareuncorrelatedwith thebeat.

Rhythmic informationis providedby IOIs in the rangeof approximately50msto
2s (Handel,1989). The clusteringalgorithmassignseachIOI to a clusterof similar
intervals, if oneexists, or createsa new clusterfor the IOI if no sufficiently similar
clusterexists. The clustersarecharacterisedby the averageof the IOIs containedin
the cluster, which we denotethe interval of the cluster. Similarity holdsif the given
IOI lies within a smalldistance(calledtheclusterwidth) of thecluster’s interval. The
clusterwidth is keptsmall(in thiswork 25ms)sothatoutlyingvaluesdonotaffect the
cluster’s interval. Nevertheless,theincrementalbuilding of theclustersmeansthatthe
interval of aclustercandrift asIOIs areadded.

Onceclusterformationis complete,pairsof clusterswhoseintervalshave drifted
togetheraremerged,andtheclustersarerankedaccordingto thenumberof elements
they contain,with an adjustmentfor any relatedclusters.Two clustersaresaidto be
relatedif theinterval of oneclusteris within theclusterwidth of anintegermultipleof
thatof theothercluster. This reflectstheexpectationthatfor a clusterrepresentingthe
beat,therewill alsoexist clustersrepresentingintegermultiplesandintegerdivisionsof
thebeat.Theadjustmentis appliedto thecluster’s interval by calculatingtheaverage
of the relatedclusters’normalisedintervals, weightedby their scores. The ranking
of theclustersis alsoadjustedby addingthescoresof relatedclusters,weightedby a
relationshipfactor

�������
, where

�
is theintegerratioof clusterintervals,givenby:

�������
	 ��
 ������ ���������������� ������� �! � "$#&%('*),+.-0/$'
Thetop rankedclustersrepresenta setof hypothesesasto thebasictempoof the

music. At this point it is not necessaryto choosebetweenhypotheses;this choiceis
madelater by the beattracking algorithm. The clusteringalgorithm is usually suc-
cessfulat rankingtheprimarymetricallevel asoneof thehighestrankingclusters(see
resultssection). What the clusteringalgorithmdoesnot provide is any indicationof
thebeattimes.This taskis performedby thebeattrackingstagedescribedin thenext
section.
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Definitions
Eventsaredenotedby 1�2 � 143 � 1.5 �*67676
Theinter-onsetinterval betweenevents198 and 1;: is denotedby <�=><*8�? :
Clustersaresetsof inter-onsetintervalsdenotedby @42 � @;3 � @A5 �*676B6@A8 .interval

	DCFEHG IKJMLON�L�EHG IQP�R(S�TU R S U���WV��
is therelationshipfactor-&�YXZ�Q[(�&\]�&V

arepositive integervariables

Algorithm
FOReachevent 198

FOReachevent 1A:<�=><*8�? : 	_^ 1;: .onset� 198 .onset̂
Find

[
suchthat

^ @;` .interval � <�=><*8�? :
^ba

ClusterWidth is minimum
IF
[

existsTHEN@;`dc 	 @e`efhg$<�=><*8�? :,i
ELSE

Createnew cluster @Ajkc 	 gl<�=><*8�? :,i
END IF

END FOR
END FOR

FOReachcluster @A8
FOReachcluster @
: �7Xhm	n-0�

IF
^ @A8 .interval � @o: .interval

^ba
ClusterWidth THEN@p8qc 	 @A8rfs@
:

Deletecluster @
:
END IF

END FOR
END FOR

FOReachcluster @A8
FOReachcluster @
:

IF
^ @A8 .interval � Vut @
: .interval

^ba
ClusterWidth THEN@p8 .scorec 	 @p8 .score+

���WV��vt @
: .size
END IF

END FOR
END FOR

Figure1: Algorithm for clusteringof inter-onsetintervals
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Figure2: Clusteringof inter-onsetintervals(IOI’s)

Example

We illustratethe tempoinductionstagewith a shortexample. Considerthesequence
of five events w �Mx�� @ �Oyh� 1 shown on thetime line in Figure2. Below thetime line,
the horizontal lines with arrows representeachof the inter-onsetintervals between
pairsof events,andtheselinesarelabelledwith thenameof theclusterto which they
are assigned. Five clustersare created,denotedC1, C2, C3, C4 and C5, with C1	 g$w x��Mx @ �My 1zi , C2

	 g{w�@ � @ y i , C3
	 g x|y}� @�1�i , C4

	 g$w y}�Mx 1zi andC5	 g{w41zi . Thescoresfor eachclusterarecalculatedasfollows:

C1.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) + 0 = 40
C3.score = 3*f(3) + 0 + 2*2*f(1) + 0 + 0 = 29
C4.score = 3*f(4) + 2*f(2) + 0 + 2*2*f(1) + 0 = 34
C5.score = 3*f(5) + 0 + 0 + 0 + 2*1*f(1) = 13

Thereforetheclustersarerankedin thefollowing order:C1,C2,C4,C3,C5.

BeatTracking

The Beat Tracking Ar chitecture

The tempoinductionalgorithmcomputesthe approximateinter-beatinterval, that is,
the time betweensuccessive beats,but doesnot calculatethebeattimes. In Figure2,
for example,onehypothesismight be thatC2 representsthe inter-beatinterval, but it
doesnot determinewhethereventsA, C andD arebeattimes or whetherB, E and
the midpoint of BE arebeattimes. That is, tempoinductioncalculatesthe beatrate
(frequency), but not thebeattime (phase).

In orderto calculatebeattimes,a multiple hypothesissearchis employed,with an
evaluationfunctionselectingthehypothesisthatfits thedatabest.Eachhypothesisis
handledby abeattrackingagent,which is ableto predictbeattimesandmatchthemto
rhythmic events,adjustits hypothesisof thecurrentbeatrateandphase,createa new
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agentwhenthereis morethanonereasonablepathof action,andceaseoperationif it
is foundto beduplicatingthework of anotheragent.

Eachagentis characterisedby its stateandhistory. Thestateis theagent’s current
hypothesisof the beatfrequency andphase,and the history is the sequenceof beat
timesselectedto dateby theagent.Theagentscanalsoassesstheir performance,by
evaluatingthegoodnessof fit of thetrackingdecisionsto thedata.

Thesystemis designedto tracksmoothchangesin tempoandsmalldiscontinuities;
the choiceof a singlebestagentbasedon its cumulative scorefor beattracking the
whole piecemeansthat a piecewhich changesits basictemposignificantlywill not
be tracked correctly. In future work we plan to examinea real time approachto beat
tracking,usingan incrementaltempoinductionalgorithm; at eachpoint in time the
bestagentis chosenbasedonacombinedscorefor its tempoandthetrackingof music
up to thattime,thusallowing suddenchangesin trackingbehaviour whentheprevious
bestagentceasesto beableto trackthedatacorrectly.

The Beat Tracking Algorithm

Thebeattrackingalgorithmis givenin full in Figure3. Thisalgorithmis now explained
in detail,with referenceto theexampleshown in Figure4.

Initialisation

For eachhypothesisgeneratedby the tempoinduction phase,a group of agentsare
createdto trackthepieceat this tempo.Basedontheassumptionthatat leastoneevent
in the initial sectionof the musiccoincideswith a beattime (normally therewill be
many eventssatisfyingthis condition),anagentis createdfor eachevent in the initial
section,with its first beattime coincidingwith thatof therespective event. Usingthis
approach,it is usuallythecasethatthereis anagentthatbeginswith thecorrecttempo
andphase.

The initial section,asdefinedby theconstantStartupPeriodin thealgorithm,was
setto bethefirst 5 secondsof themusic.In somecases,for examplewhena piecehas
a free-timeintroduction,it is possiblethatno agentstartswith the correcttempoand
phase.However, anagentwith approximatelythecorrecttempowill beableto adjust
its tempoandphasein orderto synchronisewith thebeat.

In Figure4, asimplifiedexampleillustratestheoperationof thebeattrackingalgo-
rithm. Therhythmic events(denotedA, B, C, D, E andF) arerepresentedon thetime
line at the top of thefigure. Thebeattrackingbehaviour of eachagentis represented
by thehorizontallinesconnectingfilled andhollow circles.Thefilled circlesrepresent
beattimeswhichcorrespondto a rhythmic event,andthehollow circlesarebeattimes
which wereinterpolatedbecauseno rhythmic eventoccurredat thattime.

The figure illustrates2 tempohypothesesfrom the tempoinduction stage. The
fastertempo,with an inter-beatinterval approximatelyequalto the time interval be-
tweeneventsA andB, is the tempohypothesisof Agent1. The slower tempo,with
inter-beatinterval approximatelyequalto the interval betweenC andD, is the tempo
hypothesisof theotheragents.For the initialisationstage,assumethatonly eventsA
andB arein the initial section,andthennominally it is expectedthat4 agentswould
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Initialisation
FOReachtempohypothesis~r8

FOReachevent 1;: suchthat 1;: 6 onset
a

StartupPeriod
Createanew agentw�`w�` 6 beatInterval c 	 ~r8w�` 6 predictionc 	 1A: .onset�4~r8w�` 6 historyc 	�� 1;:K�w�` 6 scorec 	 1;: 6 salience

END FOR
END FOR

Main Loop
FOReachevent 198

FOReachagentwe:
IF 198 6 onset� we: 6 history.last � TimeOutTHEN

Deleteagentwe:
ELSE

WHILE we: 6 prediction�.~ "{���$�M�H�pa 198 6 onsetwe: 6 prediction c 	 we: 6 prediction�4we: 6 beatInterval
END WHILE
IF we: 6 prediction�.~ "{���*�O�e� 198 6 onset

� we: 6 prediction�.~ "{���$�&�Y� THEN
IF
^ we: 6 prediction � 198 6 onset̂ ��~ "{� 8���� �Y�
Createnew agentw�`dc 	 we:

END IF
Errorc 	 198 6 onset� we: 6 predictionwe: 6 beatInterval c 	 we: 6 beatInterval� Error� CorrectionFactorwe: 6 prediction c 	 198 6 onset��we: 6 beatIntervalwe: 6 historyc 	 we: 6 history��1e8we: 6 scorec 	 we: 6 score� ��� � relativeError��� �vt 198 6 salience

END IF
END IF

END FOR
Add newly createdagents
Removeduplicateagents

END FOR
Returnthehighestscoringagent

Figure3: BeatTrackingAlgorithm
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Figure4: Beattrackingby multiple agents
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Figure5: Tolerancewindows for beattracking

becreated,onefor each(tempohypothesis,initial event)pair. In fact,only 3 agentsare
created,Agent1with thefastertempo,andAgent2andAgent3with theslower tempo.
This is becausethe systemrecognisesthat a fast tempoagentbeginning on event B
would beredundant,sinceAgent1alsopredictsB asabeattime.

Main Loop

In the main body of the beattrackingalgorithm,eachevent is processedin turn by
allowing eachagentthe opportunityto considerthe eventasa beattime. Eachagent
hasasetof predictedbeattimes,whicharegeneratedfrom themostrecentbeattimeby
addingintegermultiplesof theagent’scurrentinter-beatinterval. Thesepredictedbeat
timesaresurroundedby two-level windows of tolerance,which representthe extent
to which an agentis willing to acceptan alterationto its prediction(seeFigure 5).
The inner window, setat 40mseithersideof the predictedbeattime, representsthe
deviations from strict metrical time which an agentis willing to accept. The outer
window, with a default size of 20% and 40% of the inter-beatinterval respectively
beforeand after the predictedbeattime, representschangesin tempoand/orphase
which anagentwill acceptasa possibility, but not a certainty. Theasymmetryreflects
thefact thatexpressive reductionsin tempoaremorecommonandmoreextremethan
tempoincreases(Repp,1994).

Therearethreepossiblescenarioswhenanagentprocessesanevent,illustratedin
Figure4. Thesimplestcaseis whenthe event falls outsidethe tolerancewindows of
predictedbeattimes,andthe event is ignored. For example,in the figure,eventD is
ignoredby Agent1andAgent3,andeventB is ignoredby Agent2.Thesecondcaseis
whentheeventfalls in theinnertolerancewindow of a predictedbeattime,sothatthe
eventis acceptedasabeattime. EventB with Agent1andeventsD andE with Agent2
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areexamplesof this case.If the event is not in the first predictedbeatwindow, then
the missingbeatsare interpolatedby dividing the time interval into equaldurations,
as shown by the hollow circles in the figure. For example,this occursat eventsC,
E andF for Agent1andevent E for Agent3. The agent’s tempois thenupdatedby
adjustingthe tempohypothesisby a fraction of the differencebetweenthe predicted
andchosenbeattimes,andthe scoreis updatedby addingthe salienceof the event,
which is alsoadjusted(downward)accordingto thedifferencebetweenpredictedand
chosenbeattimes. Thethird andmostcomplex caseis whentheevent falls in oneof
the outertolerancewindows. In this case,the agentacceptsthe eventasa beattime,
but asinsuranceagainstawrongdecision,alsocreatesanew agentthatdoesnotaccept
the eventasa beattime. In this way, bothpossibilitiescanbe tracked,andthebetter
choiceis revealedlater by the agents’final scores.This is illustratedin Figure4 at
eventE, whereAgent2acceptstheeventandat thesametimecreatesAgent2ato track
thepossibilitythatE is not abeattime.

Complexity Management

Sinceeachagent’s futurebeattrackingbehaviour is entirelybasedon its currentstate
(tempoandphase)andtheinputdata,any two agentsthatagreeonthetempoandphase
will exhibit identicalbehaviour from thattimeon,wastingcomputationalresources.In
orderto increaseefficiency, theduplicateagentsareremovedattheearliestopportunity.
Theoretically, suchan operationshouldmake no differenceto the resultsproduced
by the system,but one complicationarises,that the tempoand phasevariablesare
continuous,so equality is too stronga condition to usein comparingagents’states.
Thereforethresholdsof approximateequalitywerechosen,conservatively, at10msfor
theinter-beatinterval (tempo)differenceand20msfor thepredictedbeattime (phase)
difference.

Whenthedecisionto remove a duplicateagentis made,it is importantto consider
which agentto remove. The agentshave differenthistories(otherwisethe duplicate
would havebeenremovedsooner),andthereforedifferentevaluationscores.Sincethe
evaluationis calculatedbasedonly on the relationshipbetweenpredictedbeattimes
andthe rhythmic events,andnot on any global measureof consistency, it is always
correctto retainonly theagentwith thehighercurrentscore,sinceit will alsohave the
highertotal scoreat theendof beattracking.In Figure4, Agent3is deletedafterevent
E, becauseit agreesin tempoandphasewith Agent2. This is indicatedby the arrow
betweenAgent3’sandAgent2’seventE.

Assessment

The comparisonof the agents’beattracking is basedon threefactors: how evenly
spacedthe chosenbeattimesare,how often the beattimesmatchtimesof rhythmic
events,andthesalienceof thematchedrhythmicevents.As statedabove,theevenness
of beattimesis not calculatedvia a global measure,but from the local agreementof
predictedbeattimesandrhythmic events.

For eachbeat time at which a rhythmic event occurs,a fraction of the event’s
salienceis addedto theagent’s score.Thefractionis calculatedfrom therelativeerror
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of the predictedbeattime; that is the differencein predictedandchosenbeattimes,
dividedby the window half-width, which is thenhalvedandsubtractedfrom 1. This
givesa scorebetween0.5and1.0 timesthesaliencefor eachevent. Thebeattracking
algorithmthenreturnstheagentwith thegreatestscore.

Estimating Musical Salience

In earlierwork (Dixon,2000),whereit wasassumedthatexpressivevariationsin tempo
wereminimal, it wasfoundthatnospecificmusicalknowledgewasneededby thesys-
temin orderto performbeattrackingsuccessfully. Thatis, by searchingfor aregularly
spacedsubsetof theeventswith few gapsandlittle variationin thespacing,thesystem
wasableto find thetimesof beats.As thesystemwastestedwith moreexpressivemu-
sical examples,it wasfound that thesearchhadto allow greatervariationin thebeat
spacing,which led to an increasein thenumberof choices,andthereforethenumber
of agents.Without further musicalknowledge,it wasnot possiblefor the systemto
choosecorrectlybetweenthemany possiblemusicalinterpretationsofferedby thevar-
iousagents.In thissectionwedescribehow knowledgeof musicalsaliencewasadded
to thesystemin orderto directthesystemto themoreplausiblemusicalinterpretations
(Dixon andCambouropoulos,2000).

Whencomparingbeattracking resultsfor audioandMIDI versionsof the same
performances,it wasdiscoveredthat the onsetsextractedfrom audiodata,although
unreliable,provideda bettersourceof datafor beattrackingthanthe onsettimesex-
tractedwithout error from the MIDI data. It waspostulatedthat this wasdue to an
implicit filtering of the data. That is, only the moresignificantonsetshadbeenex-
tracted;the lesssalientonsetsremainedundetected,andhadno influenceon thebeat
trackingsystem.Thereasonthis wasadvantageousis that themoresalienteventsare
morelikely to correspondto beattimesthanthelesssalientevents,andhencethesearch
hadbeennarrowedby theonsetdetectionalgorithm.

This hypothesisis testedby incorporatingknowledgeof musicalsalienceinto the
system,andmeasuringthecorrespondingperformancegain. This is doneusingMIDI
data,sinceparameterssuchasduration,pitch andvolume,which areimportantdeter-
minersof salience,areall directlyavailablefrom thedata.

ObservationsFrom Music Theory

Thetendency for eventswith greaterperceptualsalienceto occurin strongermetrical
positionshasbeennotedby variousauthors(Longuet-HigginsandLee,1982;Lerdahl
andJackendoff, 1983;Povel andEssens,1985;Lee,1991;Parncutt,1994).Thefactors
influencingperceived saliencehave also beenstudied,althoughno model hasbeen
proposedwhich predictssaliencebasedon combinationsof factors,or which gives
morethanaqualitativeaccountof theeffectsof parameters.

LerdahlandJackendoff (1983)classifymusicalaccentsinto threetypes:phenom-
enalaccents,which comefrom physicalattributesof thesignalsuchasamplitudeand
frequency; structuralaccents,which arisefrom perceivedpointsof arrival anddepar-
turesuchascadences;andmetricalaccents,pointsin time which areperceivedasac-
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centeddueto their metricalposition.We only concernourselveswith thefirst typeof
accenthere,sincethehigherlevel informationrequiredfor theothertypesis notavail-
able to the beattrackingsystem. LerdahlandJackendoff list the following typesof
phenomenalaccent(which they considerincomplete):noteonsets,sforzandi,sudden
dynamicor timbral changes,long notes,melodicleapsandharmonicchanges.How-
ever, they give no indicationasto how thesefactorsmight becomparedor combined,
eitherquantitatively (absolutevalues)or qualitatively (relativestrengths).

In othermodelsof meterperception,themain factordeterminingsalienceis note
duration,whichis usuallytakento meaninter-onsettimeratherthanperceivedor phys-
ical soundingtime of a note. For example,Povel andEssens(1985)describethree
scenariosin which a notereceivesa perceivedaccentrelative to othernotesof identi-
cal pitch, amplitudeenvelopeandphysical duration. In their model,noteswhich are
equallyspacedin time form groups,subjectto the condition that thereareno notes
outsidethe groupwhich arecloserto any note in the group. Then the noteswhich
receive accentsare: noteswhich do not belongto any group,the secondnoteof any
groupof two notes,and the first and last noteof any groupof threeor morenotes.
All of theseaccents,exceptthefirst notein groupsof 3 or more,fall on noteswith a
long durationrelative to their context. Otherauthors(Longuet-HigginsandLee,1982;
Parncutt,1987;Lee,1991)alsostatethatlongernotestendto beperceivedasaccented.

All of themodelsbasedon inter-onsettimesweredevelopedin amonophoniccon-
text, and are difficult to interpretwhen consideringthe polyphoniccontext of most
musicalperformances.For example,onewould intuitively expectthata long notein a
melodypart shouldnot loseits accentdueto notesin the accompanimentwhich fol-
low shortly after the onsetof the melodynote. However, if we were to observe the
inter-onsettimesonly, thiswouldbetheresultof suchmodels.To adaptto polyphonic
music,a modelof auditorystreaming(Bregman,1990)couldbeapplied,sothatinter-
actionsbetweenstreamsareremoved,but that raisesthedifficult questionof how the
metricalperceptionof thevariousstreamscouldbecombinedinto a singlepercept.A
simplerapproachis to usethephysicaldurationsof notesratherthaninter-onsettimes,
eventhoughthesearedifficult to estimatefrom audiodata.

Combining SalienceFactors

For thiswork, thefactorschosenasdeterminersof musicalsaliencewerenoteduration,
simultaneousnotedensity, noteamplitudeandpitch,all of which arereadilyavailable
in thesymbolicrepresentationof theperformance.Thenext taskwasthecombination
of thesefactorsinto a singlenumericalvalue,representingtheoverall salienceof each
rhythmic event. Noneof the above-mentionedwork hasinvestigatedor proposeda
methodof combiningsalience,so it wasdecidedto testtwo possiblesaliencemodels
by their influenceon thebeattrackingresults.The two modelspresentedarea linear
combination

/l�K�Q�b���������M���
of duration

�
, pitch

�
andamplitude

�
, andanonlinear, mul-

tiplicative function
/ j;�,� �������v�&�F� of thesameparameters.A thresholdfunctionis used

to restrictthevaluesof
�

to a limited range,andconstantsareusedto setthe relative
weightsof theparameters.Thesalienceof agroupof notescombinedasasinglerhyth-
mic eventwascalculatedusingthelongestduration,thesumof thedynamicvaluesand
thelowestpitchof all thenotesin thegroup.
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Thesaliencefunctionsweredefinedasfollows:/l�K�O�b�������v�&�F�q	�� 2 6�� � � 3 6 ��� � j;87� ��� j �K� ��� � 5 6 �/ jA��� ���F�����M���q	���6����Q� � ��� � j;87� ��� j �K� � �O6���"* ¡�W���
where: � 2 �Q� 3 �O� 5 and

�O�
areconstants,�

is durationin seconds,�
is pitch (MIDI number),�
is dynamicvalue(MIDI velocity),and

��� � j;87� ��� j �K� � 	
��
 �� � j;87� �¢�}�]� j;87���� � j;87� a£�ha£� j �K�� j �K���D� j �K�z�]�

Thefollowing weightsfor theparametersweredeterminedempirically:� 2 	�¤ !�!� 3 	 � �� 5 	k��O�4	��,�� j;87� 	n�b�� j �K�|	¦¥ �
Thesevaluesmakedurationthemostsignificantfactor, with dynamicsandpitchbeing
usefulprimarily to distinguishbetweennotesof similar duration.This saliencecalcu-
lation is not sufficient for all possibleMIDI files. In particular, it would not work well
for non-pitchedpercussionsuchasdrums,wherethesalienceis clearlynotsostrongly
relatedto duration.Suchinstrumentsshouldbetreatedseparatelyasa specialcaseof
thesaliencecalculation.

We will now describethe taskof evaluatingthe beattrackingsystem,beforepre-
sentingtheresultsin thefollowing section.

Evaluation

Weknow of noprecisedefinitionof beatfor expressively performedmusic.Thedefini-
tionsgivenin thefirst sectionof thepaperdonotuniquelydefinetherelevantquantities
or give a practicalway of calculatingthemfrom performancedata.In this section,we
describethedifficultieswith formalisationandevaluationof beattrackingmodelsand
systems,andthendescribetheevaluationmethodologyusedin thiswork.
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Problemswith Evaluation

The tempoinduction and beattracking algorithmsdescribedin this paperwere not
designedfor any particularstyleof music.They operatein thesameway for classical
musicplayedfrom ascoreasfor improvisedjazz.This immediatelycreatesadifficulty
for evaluation, in that we cannotassumethat a musicalscoreis available to define
which notescoincidewith beatsandwhich do not. It is laborious(but possible)for a
trainedmusicianto transcribea performancein enoughdetail to identify which notes
occuron thebeat.But evenwhena scoreor transcriptionexists,thereis no error-free,
automaticwayto associatethescoretiming with theperformancetiming of audiodata.
That is, given a score,we canestablishwhich notesin the scorecorrespondto beat
times, but we do not know the absolutetimes of scorenotes,and the beattracking
systemreturnsits resultsasabsolutetimes. Theaccurateextractionof onsettimesin
polyphonicmusicis anunsolvedproblem,soweareforcedto rely onhand-labelledor
hand-correcteddatafor evaluationpurposes.This issueis discussedin muchgreater
detailby GotoandMuraoka(1997a),whoalsouseasimilarapproachto thatwhichwe
describebelow.

Furtherproblemsexist which apply equally to audio and symbolic performance
data.Therearemany casesin which thebeatis not uniquelydefinedby performance
data. In the simplestcase,considera chordwhich occurson a beataccordingto the
score.In performance,it hasbeenobservedthatthenotesof a chordarenot necessar-
ily playedsimultaneously, andtheseasynchroniesmayberandomor systematic(e.g.
melody lead) (Palmer,1996;Repp,1992; Goebl,2001). The problemis morepro-
nouncedin ensemblesituations,wherethereareoften systematictiming differences
betweenperformers(participatorydiscrepancies)(Keil, 1995;Prögler, 1995;Gabriels-
son,1999).

It is not obvioushow thebeattime shouldthenbedefined,whetherat theonsetof
thefirst noteof thechord,or of thelast,thelowest,or thehighest,or at the(weighted)
averageof theonsettimes,or alternatively expressedasa time interval. Theproblem
is exacerbatedin situationswheretimelesseventsarenotated,suchasgracenotesand
arpeggios. Performersmay interpretgracenotesin differentways,sometimesto pre-
cedethebeat,andsometimesto coincidewith thebeat. In somecaseshearersdo not
evenagreeonwhich interpretationthey think theperformerapplied.

It is reasonableto questionwhetherbeatsnecessarilycorrespondto eventtimes.A
beatperceptinducedby previouseventsmight bestrongerthanthatof aneventwhich
nominallycoincideswith thebeat,andin thiscasetheeventis perceivedasanticipating
or following thebeatratherthandefiningthebeattime.

Thepoint of this sectionis to show thatsomesubjective judgementis necessaryin
evaluatingtheresultsproducedby abeattrackingprogram.Ouraimis to keepthissub-
jectivity to a minimum,anddefineanevaluationmethodologywhich givesrepeatable
results.We distinguishbetweentwo approachesto beattracking: predictive (percep-
tual)anddescriptivebeattracking.An algorithmis saidto becausalif its outputattime#

dependsonly on inputdatafor times
��#

. Predictivebeattrackingmodelsperception
usingcausalalgorithmswhich predictlisteners’expectationsof beattimes,necessar-
ily smoothingthe performanceexpression.Descriptive beattrackingmodelsmusical
performancenon-causally, giving beattimeswith a moredirectcorrespondenceto the
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performancedatathanpredictive beattracking. For a perceptualmodelof beattrack-
ing, detailedperceptualstudiesarerequiredto resolve the issuesdiscussedabove. A
descriptive approach,astakenin thecurrentwork, allows thedatato definebeattimes
moredirectly.

Inf ormal Evaluation: Listening Tests

Beforedescribingtheformalevaluationmethods,webriefly describeaninformal,sub-
jectivemethodusedto ascertainwhethertheresultsappearto makemusicalsense.We
havealreadyexpressedtheimportanceof objectiveevaluation,but sincewearedealing
with thesubjective mediumof music,it is alsoimportantthat theevaluationis musi-
cally plausible.This is doneby creatinganaudiofile consistingof theoriginal music
plus a click track – a percussioninstrumentplaying on the beattimes estimatedby
thebeattrackingalgorithm. Theclick track is synthesisedfrom a sampleof a chosen
percussioninstrument,andcanbe addedasa separatechannel(for separatevolume
control) or mixed onto the samechannelas the music (for usewith headphones,to
avoid streamingdueto spatialseparation).

This is the leastprecisebut perhapsthe mostconvincing way to demonstratethe
capabilitiesof the system. Apart from beingsubjective, a further problemwith lis-
teningtestsis the amountof time requiredto performtesting. Whenit is desiredto
systematicallytesttheeffectsof a seriesof changesto thesystem,it is impracticalto
listen to every musicalexampleeachtime. It is alsodifficult to comparethe number
andtypesof errorsmadeby differentversionsof algorithmsor by thesamealgorithm
with differentparametervalues.

Beat Labelling

For pre-recordedaudiodatait is necessaryto performthe labellingof beattimessub-
jectively. This is doneusingsoftwarewhich providesbothaudioandvisual feedback,
sothatbeattimescanbeselectedbasedonboththeamplitudeenvelopeandthesound.
For popularmusic,it is sufficient to interpolatesomeof the beattimesin sectionsof
effectively constanttempo,thusgreatlyacceleratingthe beatlabelling process.This
techniquewasalsousedto determinebeattimeswhich could not be accuratelyesti-
matedby othermethods.

In the caseof the symbolic performancedata,it hadalreadybeenmatchedto a
digital encodingof themusicalscores,thusallowingautomaticevaluationof thesystem
by comparingthebeattrackingresults(thereportedbeattimes)with theonsettimesof
eventswhich areon the beataccordingto the musicalscore(the notatedbeattimes).
For beatswith multiple notes,we took thebeattime to betheinterval from thefirst to
thelastonsetof eventswhicharenominallyon thebeat.

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

The reportedbeattimesare thenmatchedwith the correctbeattimesby finding the
nearestcorrectbeattimeandrecordingamatchif they arewithin afixedtolerance,and
no matchif the toleranceis exceeded.This createsthreeresultcategories: matched
pairsof reportedandcorrectbeattimes,unmatchedreportedbeattimes(falsepositives)
and unmatchedcorrectbeat times (falsenegatives). Theseare combinedusing the
following formula:

1 �b§��©¨r§b#Y-Y"$V}	 VV �«ªd¬h�«ª�­
where

V
is thenumberof matchedpairs, ª ¬ is thenumberof falsepositives,and ª ­

is thenumberof falsenegatives.In thiswork, thetolerancewindow for matchingbeats
waschosento matchthe window for notesimultaneity, which is 70mseithersideof
thebeattime. A lessstrict correctnessrequirementwould allow thematchingof pairs
over a larger time window, with partial scoresbeingawardedto nearmisses,andthe
numeratorof the equationbeingreplacedby the sumof thesepartial scores(Cemgil
et al., 2001).

The evaluationfunction yields a valuebetween0 and1, which is expressedasa
percentage.Thevaluesareintuitive: if theonly errorsarefalsepositives,thevalueis
thepercentageof reportedbeatswhicharematchedwith correctbeats;if theonly errors
arefalsenegatives,thevalueis thepercentageof correctbeatswhichwerereported.

Metrical Levels

The final aspectof evaluation is that of metrical levels. As discussedearlier, it is
possibleto trackbeatsat morethanonelevel, anddifferentlistenerswill feel natural
tappingalongatdifferentlevels.For example,in apiecethathasa veryslow tempo,it
might benaturalto track thebeatat doubletherateindicatedby thenotation(Desain
andHoning,1999).Variousauthorsreportpreferredinter-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 performancesof 13 Mozartpianosonatas(see
resultssection),theinter-beatinterval at thenotatedmetricallevel rangedfrom 200ms
to 2000ms.Thereforeit is clearthat themetricallevelsof theperceivedbeatandthe
notatedbeatarenot necessarilythesame.

The formula given in the previous subsectiongives a reasonableassessmentof
correctnessonly whenthe metrical level of beattrackingequalsthe metrical level of
assessment.Whenthe metrical levels fail to coincide,it is temptingto interpolateor
decimatethelabelledbeattimesin orderto bring thelevelsinto agreement.However,
this is incorrect,becauseit doesn’t take phaseinto account. It is generallyeasierto
trackmusicat lower (i.e. faster)metricallevels,andharderat higher(slower) metrical
levels,becausethe likelihoodof phaseerrorsis muchhigherat thehigherlevels. An
agentwhich trackspopularmusicin 4/4 timeat thehalf notelevel is muchmorelikely
to be50%out of phase(trackingbeats2 and4) thananagentat thepreferredquarter
notelevel (trackingeveryoff-beat).Werevisit this issuein theresultssection.
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ID Title CD Style
(Artist) (Number) (Date)

I I Don’t RememberA Thing UndertheSun Pop/rock
(PaulKelly andtheColouredGirls) (MushroomCD 53248) (1987)

D DumbThings UndertheSun Pop/rock
(PaulKelly andtheColouredGirls) (MushroomCD 53248) (1987)

U Untouchable UndertheSun Pop/rock
(PaulKelly andtheColouredGirls) (MushroomCD 53248) (1987)

S Superstition TalkingBook Motown
(Stevie Wonder) (Motown 37463-03192-9) (1972)

Y YouAre TheSunshineof My Life TalkingBook Motown
(Stevie Wonder) (Motown 37463-03192-9) (1972)

O OnA Night LikeThis PlanetWaves Country
(BobDylan) (ColumbiaCD 32154) (1974)

P PianoSonatain C (Movt 3, Sec1) [Synthesisedfrom MIDI] Classical
(WolfgangMozart) (1775)

R RosaMorena SambaandBossaNova Bossanova
(JoãoGilbertoTrio) (JazzRootsCD 56046) (1964)

M Michelle Flight of theCosmicHippo Jazzswing
(BélaFleckandtheFlecktones) (Warner7599-26562-2) (1991)

J JitterbugWaltz Snappy Doo Jazzwaltz
(JamesMorrison) (WEA 9031-71211-1) (1990)

Table1: Detailsof audiodatausedin experiments

Implementation and Results

Implementation Details

The beattrackingsystemis implementedon a Linux platform in C++, andconsists
of approximately7000linesof codein 18 classes.On a 500MHzPentiumcomputer,
audiobeattrackingtakesunder20%of the lengthof themusic(i.e. a 5 minutesong
takeslessthanoneminuteto process)andbeattrackingof symbolicdatais muchfaster,
takingbetween2%and10%of thelengthof themusic,dependingon thenotedensity.

Audio Data

Theaudiodatausedin theseexperimentsis listed in Table1, which alsoprovidesthe
lettersusedto identify the piecesin the text. The pieceswere chosento represent
variousstylesof music,andarelistedin orderof subjectivebeattrackingdifficulty.

Thefirst 3 pieces(I,D,U) arestandardmodernpop/rocksongs,characterisedby a
verysteadytempo,whichis clearlydefinedby simpleandsalientdrumpatterns,similar
to thedatausedin theearlyaudiobeattrackingwork of GotoandMuraoka(1995).In
thesesongstheperformedbeatis veryregular, with only smalldeviationsfrom metrical
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timing. It is assumedthatthis is thesimplesttypeof datafor beattracking.
The next 2 pieces(S, Y) have a Motown/Soulstyle, characterisedby moresyn-

copation,greatertempofluctuations(5-10%in theseexamples),andmorefreedomto
anticipateor lag behindthebeat. It is expectedthat theseexamplesaremoredifficult
for abeattrackingsystem,but only of mediumdifficulty.

Theremainingpieceswerechosenashaving particularcharacteristicswhichmake
beattrackingdifficult. TheBob Dylan song(O) is madedifficult by the fact that the
drumsarenot prominent,andthereis a muchlower correlationbetweenthebeatand
theeventsthanin theotherstyles,dueto his idiosyncraticstyleof singingandplaying
againsttherhythmic context.

The classicalpiece(P), the first sectionof the third movementof Mozart’s Piano
Sonatain C major (KV279), was synthesisedfrom the MIDI datausedin the beat
trackingexperimentsusingsymbolicinput data.This piecewaschosenasanexample
of a piecewith significanttempofluctuations.

The next piece(R) is a live bossanova performancewith syncopatedguitar and
vocals,and very little percussionto indicatebeat times. Sectionsof this pieceare
difficult for humansto beattrack.

Thetwo jazzpieces(M,J) werechosenfor their particularlycomplex, syncopated
rhythms,which aredifficult evenfor musicallytrainedpeopleto follow. Thesepieces
alsoprovidedexamplesof adifferentmeterandswingeighthnotes.

TempoInduction Results

The tempoinduction algorithm for audio datawas testedon short segmentsof the
above piecesto determinehow reliably the ranked tempohypothesesagreedwith the
measuredtempo.(PieceP wasnotavailableat thetimeof this experiment.)

Thetempoinductionalgorithmwasappliedto segmentsof 5,10,20and60seconds
durationof eachpiece,startingat each1 secondinterval from the beginning of the
piece.A tempohypothesiswasconsideredcorrectif theinter-beatinterval waswithin
25msof the measuredinter-beat interval. Table 2 shows the resultsfor 10 second
excerpts,showing the position that the correcttempohypothesiswas ranked by the
tempoinductionalgorithm.Theresultsarepresentedaspercentagesof thetotalnumber
of segments.Thecumulativesumsof rankingsareshown in Figure6.

Table3 shows theeffect of lengthof thesegmentson tempoinduction. Eachcol-
umn representsa differentsegmentsize,andthe entriesshow the percentageof seg-
mentsfor which the correcttempowasincludedin the top 10 ranked clusters.Even
with 5 secondsegments,thetempoinductionalgorithmis quitereliable,andreliability
increaseswith segmentsize.

Thetempoinductionstageprovidesa solid foundationfor thebeattrackingagents
to work from, and is robust even for highly syncopatedpiecesof music. We now
presentthebeattrackingresults,first for audiodata,andthentheMIDI-basedexperi-
ments.

25



ID Rankingof CorrectTempo Sumof

1 2 3 4 5 6 7 8 9 10 top10

I 85.9 13.1 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0

D 91.0 9.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0

U 96.3 3.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0

S 31.2 40.5 18.6 7.0 0.5 0.0 0.0 1.4 0.5 0.0 99.5

Y 86.7 11.7 0.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 99.2

O 83.9 12.9 2.4 0.0 0.0 0.8 0.0 0.0 0.0 0.0 100.0

R 58.7 18.2 7.6 3.6 1.3 2.7 0.9 0.9 0.0 0.9 94.7

M 16.9 25.9 16.9 12.9 4.7 6.5 1.8 1.8 1.8 1.1 90.3

J 61.5 13.4 9.2 3.1 4.2 0.4 0.4 0.4 0.0 0.0 92.4

Table2: Beatinductionof 10secondsegmentsof songs.All figuresarepercentagesof
thetotal numberof segments
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Figure6: Tempoinductionresultsfor 10 secondsegmentsshown ascumulative sums
of percentagesfrom Table2
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Piece CorrectTempoin Top10

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 92.4 97.6 99.1

Table3: Effectsof segmentlengthon tempoinduction: for eachsegmentlength,the
percentageof segmentswith thecorrecttempoin thetop 10 hypothesesis shown

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 BeatTracking

In Table4, wepresenttheresultsfor beattrackingof theaudiodata.Therightmostcol-
umnof thetableindicatesthepercentageof beattimeswhichwerecalculatedcorrectly
by thebeattrackingsystem,a simplermeasureof systemperformancethanthatgiven
in the previous section. This doesnot indicatethe natureof the errorsmadeduring
beattracking.For eachof thesongslisted,thetempowasestimatedcorrectly. Thatis,
thehighestscoringagentwasanagentwith thecorrecttempohypothesis.Theresults
columncanbe consideredasthe percentageof the songfor which this agentwasin
phasewith thebeat.

The piecesexpectedto be easyto beattrack (I,D,U) were tracked without error.
Themediumdifficulty pieces(S,Y) weretrackedwith somephaseerrors,from which
theagentrecoveredquickly. In piece(O), thereweretwo sectionsin which theagent
lost synchronisationandtracked the off-beats(i.e., it continuedat the correcttempo
but half a beatout of phase),but eventuallyrecoveredto the correctphase.Even in
thiscase,79%of thepiecewastrackedcorrectly. In (P), theagentlostsynchronisation
severaltimes,dueto largetempovariationsandtheagent’s lackof musicalknowledge
for distinguishingbetweenbeatsandoff-beats.In thiscase,theerrorsamountedto only
10% of the piece. Piece(R) wasexpectedto be difficult becauseof the syncopation,
but it was tracked correctly except for a few phaseerrors,from which it recovered
within a few beats.In thecaseof thejazzpiece(M) theresultsweresurprisinglygood
(92%),probablydueto the fasttempo,which reducesthe likelihoodof phaseerrors.
Thesecondjazzpiece(J) scoredlowest(77%),but still wascorrectlytrackedfor more
thanthreequartersof thepiece.An averagepersonwould probablyperformno better
on thelasttwo pieces.

MIDI BeatTracking

A seriesof experimentswasperformedto testthehypothesisthatmusicalsalienceis
useful in guiding the beattrackingprocess.In experiment1, the performanceof the
beattrackingalgorithmwithout the useof saliencewasestablished.In termsof the
evaluationfunctionusedfor the agents,a constantvaluewasusedfor thesalienceof
all rhythmic events. This set the baselevel for the measurementof the performance
gain dueto thesaliencecalculations.

In the secondexperiment,the behaviour of the audio beat tracking systemwas
simulated,by applying the saliencefunction

/*�*�O�b�������v�&�F�
to the eventsanddeleting

thoseeventswith asaliencebelow afixedthresholdvalue.Thebeattrackingalgorithm
was thenappliedto the remainingevents,but usinga constantsaliencevalue in the
evaluationfunctionsasfor experiment1.

Thethird experimenttestedtheuseof thesaliencevaluesin theagents’evaluation
functionsdirectly. In this casethe agentsaccumulateda progressive scoreconsisting
of the sumof adjustedsaliencevaluesfor the eventstracked by the agent. The two
differentsaliencefunctionsweretested:experiment3a testedthe non-linearfunction/ j;�,� ���������M��� andexperiment3b testedthelinearfunction

/l�K�Q�b���F�����M���
.

Thedataconsistedof 13completepianosonatasbyMozart(KV279-KV284,KV330-
KV333, KV457, KV475 andKV533), playedby a professionalpianist. This totals
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Relative Numberof sections
tempo Exp1 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 theprimarymetricallevel

severalhoursof music,andover 100000notes.Thefiles weredividedinto sectionsas
notatedin themusic,andbeattrackingwasperformedseparatelyoneachfile (222files
in all).

Thefirst setof resultsshows thetappingratechosenby thehighestscoringagent,
relative to the rateof the primary metricallevel. For almostall sections,a musically
plausiblemetricallevel waschosen,with slightly worseperformancein experiment1
wheresaliencewasnotused.Table5 showsthenumberof sectionswhichweretracked
atvariousmultiplesof thetempoof theprimarymetricallevel. Therowslabelledother
and fail representthe caseswherethe tempowasnot relatedto the primary metrical
level, and when beattracking failed to producea solution at all, respectively. The
majority of sectionswere tracked at the notatedlevel or otherwise2 or 4 times the
notatedlevel.

To testthecorrespondenceof theseresultsto humanperceptionof beat,theresults
were comparedwith the metrical levels chosenby a human(the author)tappingin
time with eachof thesections.In themajority of cases(155),thereweretwo possible
metricallevelschosenfor thebeat;in 49 cases,threelevelswereconsideredpossible,
and in the remaining18 cases,only one rhythmic level was consideredreasonable.
Table 6 shows the relationshipbetweenthe system’s choicesand the “perceptually
reasonable”metricallevels.Theerrors(caseswherethesystem’s tappingratewasnot
oneof thosechosenasa reasonablerate)aredivided into threetypes: doubletempo
errors,wherethesystemchosea rateof doublethe fastesthumantappingrate,which
in eachcasewasa musicallypossiblealternative; half tempoerrors,wherethesystem
choseto tapin quarternotes,but thepiecewasin compoundtime,which is musically
incorrect; andothererrors,which weremostly the systemtappingin dottedquarter
notesfor piecesin simpletime,which again is musicallywrong.

Table 7 shows the resultsof evaluatingthe beat tracking of the sectionswhich
weretrackedat theprimarymetricallevel (which in eachcasealsocorrespondedto a
perceptuallyreasonablemetrical level for the beat). Evaluationwasperformedusing
theformulagivenin theprevioussection.For eachexperimentweshow thenumberof
sections(n) andthepercentageof sectionswhichachievedvariousminimumscores.

Experiment1 gives the baselevel performanceof the systemwithout musical
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Numberof sections
Exp1 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: Correspondenceof 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 43.1®n¯ �±°

46 38.0 50 35.0 71 48.6 82 59.9®n¯ ! °
57 47.1 87 60.8 99 67.8 105 76.6® ���±°
63 52.1 105 73.4 116 79.5 118 86.1® � ! °
68 56.2 115 80.4 130 89.0 127 92.7® ¥ ! °
81 66.9 127 88.8 137 93.8 130 94.9® � ! °

100 82.6 136 95.1 143 97.9 136 99.3® ! °
121 100.0 143 100.0 146 100.0 137 100.0

Average 75.4% 85.0% 88.5% 91.1%

Table7: Evaluationof beattrackingat theprimarymetricallevel

knowledge. Approximatelyone third of the sectionswere tracked correctly, with a
further third scoringover 70%. At the bottomof the table, the resultsfor eachex-
perimentaresummarisedin a singlevalue,theweightedaverageof thebeattracking
evaluationresults,weightedby thenumberof beats.For experiment1,withoutmusical
salience,thesystemfound75%of beattimes.

Experiment2 gave mixedresults,sincetheremoval of eventswhich weredeemed
to benon-salientalsoremovedmany eventswhich occurredon beats,makingit more
difficult for thebeattrackingsystemto determinesomeof thebeattimes.Nevertheless,
thenetresultof this experimentwaspositive,with 88.8%of thesectionsscoringover
70%,anda total of 85%of thebeatsbeingfound.

Thethird experimentshows a further improvementin performancedueto theuse
of saliencein thebeattrackingprocess,with theadditivesaliencefunction

/l�K�O�����������M���
performingslightly betterthanthemultiplicative function

/ j;�,� ���������M��� . For thesetwo
functions the weightedaverageswere 91.1% and 88.5% respectively, which shows
a clear performancegain due to the inclusion of musicalknowledgein the form of
saliencecalculationsin thesystem.
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Discussionand Conclusion

We have describeda beattracking systemwhich analysesmusicaldata,detectsthe
onsetsof rhythmic eventsandtheir salienceandthendeterminesthe tempoandbeat
timesusingamultiplehypothesissearch.Thesystemsuccessfullycalculatesthetempo
for mostmusicalsituations,andtracksthebeatwith occasionalphaseerrors.Thesys-
tem’sperformanceis robust,in thatit recoversfrom errorsandresumescorrecttracking
quickly, a capabilityreportedto belackingin earliersystems(Dannenberg, 1991).In-
formal listeningtestsdemonstratethatthesystemcapturessomepartof humanmusical
ability in theway thatit trackstempovariations.

Onedesigngoal for thesystemwasthat it beasgeneralpurposeaspossible,that
is, not focussedon any particularstyleof music. To date,thesystemhasbeentested
on a large corpusof expressively performedclassicalmusic,anda rangeof Western
popularmusic,with positive results.We speculatethat the systemwill work equally
well with otherstylesof music, subjectto the following two restrictions. First, the
systemassumesthat the musichasa beat,with no large discontinuities;it doesnot
answerthequestionof whetheror notapieceof musichasabeat.Second,althoughthe
tempoinductionandbeattrackingalgorithmsareindependentof the instrumentation,
thecalculationof rhythmic eventsis not. For MIDI input, thesaliencefunction lacks
a specialcasecomputationof thesalienceof drumsounds.For audioinput, theonset
detectionalgorithmassumesthe presenceof noteswith a sharpattack,for example,
piano,guitaror drums;in theabsenceof suchinstrumentsit is likely thata frequency
domainonsetdetectionalgorithmwouldneedtobedeveloped.Nevertheless,theresults
presentedin theprevioussectionindicatethatbeattrackingaccuracy is not dependent
on musicalstyledirectly, but ratheron rhythmic complexity (Dixon, 2001a).

Therearea large numberof parameterswhich canbe variedin orderto tunethe
behaviour of thesystem.Mostparametervaluesandknowledgeusedin thesystemare
quite low-level, beingderivedfrom knowledgeof humanperception.Thesystemwas
designedto work autonomously, andtheresultswhich have beenpresentedweregen-
eratedwithout fine-tuningtheparameters(with theexceptionof theconstantsusedin
thesaliencecalculation).Many of theparametervaluesarenotcritical to thebehaviour
of thesystem,in a global (average)sense,althoughthey may leadto differentresults
on a local level. Theweightsattachedto factorswhich supportthevariouscompeting
hypothesesarenecessarilysomewhat arbitrary. In complex music therearecompet-
ing rhythmic forces,andhigher level knowledgeof the musicalstructuremakes the
correctinterpretationclearto a humanlistener. Thebeattrackingagentsdo not make
useof suchhigh level knowledge,andthereforetheirdecisionsareinfluencedby more
arbitraryfactorssuchasthenumericalvaluesof parameters.

Despitethebeattrackingsystem’s lackof higherlevel musicalknowledge,suchas
notionsof off-beatsor expectedrhythmic patterns,it still exhibits anapparentmusical
intelligence,which emergesfrom patternsandstructurein the data, ratherthanfrom
high-level knowledgeor reasoning(Brooks,1991). This makes the systemsimple,
robust andgeneral. In orderto disambiguatemoredifficult rhythmic patterns,it was
shown thattheuseof simplemusicalknowledgein additionto thetiming of eventscan
beusedto improve performanceconsiderably. Furtherimprovementcanbeachieved,
at theexpenseof generality, by programminghigh-level knowledgeof stylistic expec-
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tations.
Therearemany avenuesopenfor further work, in the form of applications,im-

provementsandfurther investigations. Oneapplicationwhich is currentlyunderde-
velopmentis the implementationof an interactive beat tracking systemthat allows
correctionof errorsvia a graphicalinterface,and restartingthe beat tracking from
any point in the data(Dixon, 2001b). This is being developedas a tool for usein
theanalysisof expressive performances,asit cangeneratedatasuchastempocurves
semi-automatically.

It is clear that beattrackingcanbe improved if the systemis given information
aboutthe musicit is tracking. In the performanceanalysisapplication,for example,
the scoreis usuallyavailable,soby modifying the agents’evaluationto favour inter-
pretationswhich matchthepatternsexpectedfrom thescore,a fully automatictiming
analysissystemcouldbecreated.

Conversely, anotherusefultool wouldbethatof ascoreextractionsystemfor MIDI
performancedata.Thiswould involveextendingthesystemto performquantisationof
all rhythmic events,aswell asother taskssuchasnotespelling,part separationand
inductionof thekey andtime signatures(Cambouropoulos,1996,2000).

A furtherextensionis theideaof convertingthesystemto operatein realtime,such
asthesystemsof GotoandMuraoka(1995,1998,1999).Thecurrentapproachis fast
enoughfor a realtime implementation,but thealgorithmis not causalandwould need
to bemodifiedin orderto createa realtime system.

This work alsosuggestsseveral possiblemodificationsto the system. Currently,
theagentsareassessedwholistically, that is, on thebasisof their performancefor the
completeinput data. The agentscould improve their resultsby self-analysis,finding
any inconsistenciesor timeswherethe evaluationfunction is low, andsearchingfor
bettersolutionsbasedonthehigh-scoringpartsof theirresults.Tempoinductionis also
performedonalargerscalethannecessary, andthetwoalgorithmscouldbemodifiedso
thattempoinductionis calculatedonamorelocallevelandcommunicatedto theagents
asthey performbeattracking. Someof theparametervalueswerechosenarbitrarily,
andthesystemcouldbeimprovedby analysingmusicaldataandextractingparameter
valuesthatcorrespondbetterto performancedata.

Finally, althoughthe systemis not a model of humanperception,a comparison
betweenthecorrectnessandaccuracy of the systemandof humansubjectswould be
interesting,andwould shedlight on themoredifficult evaluationissues,perhapslead-
ing to a clearerunderstandingof beattracking. It is not known what the limit of beat
trackingperformanceis; it would be interestingto comparethe currentresultswith
humanbeattrackingability on thesamepieces.
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