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Abstract

Oneof thedifficultieswith assessingtempoor beattrackingsystemsis thatthereis no
standardcorpusof dataon which they canbe tested.This situationis partly becausethe
choiceof datasetoftendependson thegoalsof thesystem,which might be,for example,
automatictranscription,computeraccompanimentof a humanperformer, or the analysis
of expressive timing in musicalperformance.Without standardtestdata,thereis the risk
of overfitting a systemto the dataon which it is tested,anddevelopinga systemwhich
is not suitablefor useoutsidea very limited musicaldomain. In this paper, we usea
large,publicly availablesetof performancesof two Beatlessongsrecordedon a Yamaha
Disklavier in orderto comparetwo modelsof tempotracking:aprobabilisticmodelwhich
usesaKalmanfilter to estimatetempoandbeattimes,andatempotrackerbasedonamulti-
agentsearchstrategy. Bothmodelsperformextremelywell on thetestdata,with themulti-
agentsearchachievingmarginally betterresults.Weproposetwo simplemeasuresof tempo
trackingdifficulty, andarguethata broadersetof testdatais requiredfor comprehensive
testingof tempotrackingsystems.

1 Introduction

Much musichasasits rhythmic basisa seriesof pulses,spacedapproximatelyequallyin time,
relative to which thetiming of all musicaleventscanbedescribed.This phenomenonis called
the beat, andthe individual pulsesarealsocalledbeats.Humansubjectsarecapableof find-
ing the beatwith minimal musicaltraining; clappingor foot-tappingin time with a pieceof
music is not considereda remarkableskill. However, aswith many primitive tasksof which
humansarecapablewith apparentlylittle cognitive effort, attemptsto modelhumanbehaviour
algorithmicallyandreproduceit in computersoftwarehavemetwith limited success.

Variousmodelsfor extractingthe beatfrom performancedatahave beenproposed.Some
aremodelsof humanperception,andthustry to mimic humanbehaviour; othersaremoregoal-
oriented,suchasthosedesignedfor automaticaccompaniment,scoreextractionor automatic
transcription.Therearealsodistinctionsbetweenon-line andoff-line algorithms. Automatic
accompanimentsystemsnecessarilyuseon-line algorithms,as do perceptualmodels,which
might alsomodelthe influenceof listeners’expectations.Transcriptionandanalysissoftware
tendsto processdataoff-line, as thereis the computationaladvantagethat rhythmically am-
biguoussectionscanoftenberesolvedby thecontext providedby subsequentmusicalevents.

In this paperwe comparethe statisticalapproachof Cemgil, Kappen,Desain& Honing
(2000; 2001) with the multiple agentapproachof Dixon (2000); Dixon & Cambouropoulos



(2000);Dixon (2001).Cemgil,Kappen,Desain& Honingusea Bayesianframework in which
the tempois estimatedby a Kalmanfilter. This allows themto formulateon-lineandoff-line
implementations,andthey presentin their resultsthat the implementationscorrectlyfind ap-
proximately90% of the beatson the Beatlesdata,with the on-line versionperformingonly
marginally worsethantheoff-line. Thebeattrackerof Dixon usesa two-stageoff-line process:
the first finds the tempoof the music(tempoinduction), andthe secondsynchronisesa pulse
sequencewith themusic(beattracking). In eachof thesestagestheremayexist multiple hy-
potheses;thesearemodelledby amultipleagentarchitecturein whichagentsrepresentingeach
hypothesiscompeteandcooperatein orderto find thebestfitting beatsequence.Thiswork also
reportsresultsof approximately90%correctness,on two entirelydifferentdatasets,asmallset
of audiodataconsistingof jazzandpopularsongs,andalargesetof MIDI formatperformances
of Mozartpianosonatas.Thecurrentpaperteststhis lattersystemwith thedatausedby Cemgil,
Kappen,Desain& Honing(2001),in orderto comparethetempotrackingof thetwo systems,
providing thefirst publishedcross-validationof tempotrackingsystems.Neitherof thesystems
arenamed;for conveniencewe will refer to thetwo systemsastheprobabilistictempotracker
(Cemgil, Kappen,Desain& Honing 2001)andthe multi-agenttempotracker (Dixon 2001)
respectively.

Thecontentof thepaperis asfollows: aftera brief review of thetempotrackingliterature,
wedescribethearchitectureandalgorithmsof thetwo tempotrackingsystemsevaluatedin this
paper. Wethenpresenttheresultsof thetests,andconcludewith adiscussionof theresultsand
thescopeof theexperiments.

2 Review of Tempo Tracking Research

Earlymodelsof rhythmicperception(Steedman 1977;Longuet-Higgins& Lee 1982;Lerdahl
& Jackendoff 1983;Povel & Essens 1985),as reviewed andcomparedby Lee (1991),use
musicalscoredataas input, ratherthanperformancedata,and take advantageof the simple
integer ratiosrelating the time intervals betweennoteonsets.Thesemethodsdo not specify
how to dealwith non-metricaltime,thatis theexpressiveandrandomvariationswhichoccurin
musicalperformancedata,sowewill not considerthemfurtherhere.

Modelsof tempotrackingof performancedatacanbe separatedinto thosethat useaudio
dataandthosethatusehigher-level symbolicdescriptionsof theperformance(suchasMIDI,
whichexplicitly representsnoteonsettimes,pitchesandrelative amplitudes).Theaudio-based
systemstendto have a preprocessingstepwhich extractssymbolicMIDI-lik e information,or
at leasttheonsettimesof notes,from theaudiodata.Subsequentprocessingis thensimilar to
the MIDI-basedsystems.The extractionof symbolic informationfrom audiodatacannotbe
performedreliably; that is, thereis no known algorithmwhich canaccuratelyextract theonset
times,pitchesandamplitudesof notesin anaudiosignalcontainingpolyphonicmusic.In fact,
it is easilyshown that thetaskis in thegeneralcaseimpossible.However, the tempotracking
performanceof humansandrecentcomputersystemsin theabsenceof suchaccuratesymbolic
data,demonstratesthatsucha high level of detail is not necessaryfor tempotrackingpurposes
(Dixon 2000). We first describethe systemsbasedon symbolicdata,thenthoseusingaudio
input,andfinally theprobabilisticandmulti-agentsystemswhicharecomparedin this paper.



2.1 Tempo Tracking of Symbolic Performance Data

Systemsusingsymbolic input datausuallyhave accessto high level informationapartfrom
noteonsettimes(for examplepitchandamplitudeinformation),but mosttempotrackingalgo-
rithmsdonotusethis information.Rosenthal(1992)presentsamethodfor rhythmicparsingof
performedmelodies,attemptingto assigna metricalhierarchy thatbestmatchestheinput data.
Thesystemis usuallyableto find acorrectparsewhentheperformancefulfills theassumptions
thatthereis very little syncopationandno longnotesor pausesin theperformance.

Tanguiane(1993)presentsan information-theoreticapproachto rhythmic parsing,which
choosesfrom thepossiblerhythmic interpretationstheonewith lowestcomplexity, in thesense
of Kolmogorov. He arguesthat this is a goodfunctionalapproximationof humanperception.
Similarly, Allen & Dannenberg (1990)describea systemthat examinesmultiple hypotheses
usingbeamsearchwith aheuristicthatpreferssimplemusicalstructures,althoughtheirmeasure
of simplicity is notdefined.

Desain& Honing (1989) and Longuet-Higgins(1987) presenttwo different methodsof
quantisation,aconnectionistandasymbolicmethodrespectively, whicharecomparedin Desain
(1993). Theoutcomeof thepaperis theclaim thata rhythmic patterninducesanexpectation
of particulartimesat which future eventsshouldoccur, andthereforethat a rhythmic parsing
systemshouldmodeltheseexpectationsexplicitly, in orderto provide a contextual framework
in which futureeventscanbeinterpretedwith greatercertainty.

An alternative approachis to model the expectationsimplicitly usinga nonlinearoscilla-
tor (Large& Kolen 1994;Large 1995;1996).In this work, theinitial tempoandbeattime are
assumedto beknown, andthesystemthentracksthetempovariationsusinga feedbackloop to
adjusttheoscillatorfrequency.

2.2 Tempo Tracking of Audio Performance Data

Goto & Muraoka(1995;1999)describetwo systemsfor beattrackingof audio in real time,
the first basedon detectingdrum soundsandmatchingto pre-storedpatterns,andthe second
systembasedontherecognitionof harmonicchanges,whichareassumedto occuratmetrically
stronglocationsin time. Thesystemshave a multiple agentarchitecturewith a fixednumber
of agentsimplementingvariousbeattrackingstrategiesvia differentparametersettings.These
systemsperformwell in the domainsfor which they weredesigned,that is, popularmusicin
4/4 time,with a temporangeof 61–120beatsperminute,andeitherdrumor harmonicrhythms
matchingtheassumedpatterns.

A more generalapproachis taken by Scheirer(1998), who usesa bank of comb filters
representinga discretescaleof 150 possibletempos,and passesa heavily processedaudio
signalthroughthefilterbank,choosingthefilter with greatestresonanceasthecurrenttempo.
This approachis not limited to any particularmusicalstyle,however it doesnot work well for
continuouschangesof tempo,sincethesystemmustrepeatedlyswitchbetweendiscretefilters.

2.3 The Probabilistic System

A moreprincipledapproachis put forwardby Cemgil,Kappen,Desain& Honing(2000;2001),
who modeltempotrackingin a probabilistic(Bayesian)framework. Thebeattimesaremod-
elled as a dynamicalsystemwith variablesrepresentingthe rate and phaseof the beat,and
correspondingto a perfectmetronomecorruptedby Gaussiannoise. A Kalmanfilter is then



usedto estimatetheunknown variables.To ensurethebeatrateis positive,a logarithmicspace
is usedfor this variable,whichalsocorrespondsbetterto humanperceptionof time.

In a performancewherethesystemdoesnot have accessto themusicalscore,thebeatsare
not directly observable. Thereforethebeatsmustbe inducedfrom thedata,which is doneby
calculatinga probabilitydistribution for possibleinterpretationsof performances,basedon the
infinite impulseresponsecombfilters usedby Scheirer(1998).

Theparametersfor this systemareestimatedby trainingon a datasetfor which thecorrect
beattimesareknown. Fromthesetof performancesof thetwo Beatlessongs,theperformances
of Michellewereusedfor trainingthesystem,andtheperformancesof Yesterdaywereusedfor
testing.

2.4 The Multi-Agent System

Dixon (2000)describesanaudiobeattrackingsystemusingmultiple identicalagents,eachof
whichrepresentsahypothesisof thecurrenttempoandsynchronisation(phase)of thebeat.The
systemworkswell for popularmusic,wheretempovariationsareminimal,but doesnotperform
well with largertempochanges.Dixon & Cambouropoulos(2000)extendthiswork to caterfor
significanttempovariationsasfound in expressive performancesof classicalmusic. They use
the duration,amplitudeandpitch informationavailable in MIDI datato estimatethe relative
rhythmicsalience(importance)of notes,andpreferthatbeatscoincidewith theonsetsof strong
notes.In this paper, thesaliencecalculationis modifiedto ignorenotedurationsbecausethey
arenot correctlyrecordedin thedata.

Processingis performedin two stages:tempoinductionis performedby clusteringof the
time intervalsbetweennearnoteonsets,to generatetheinitial tempohypotheses,whicharefed
into thesecondstage,beattracking,which searchesfor sequencesof eventswhich supportthe
giventempohypothesis.Thesearchisperformedbyagentswhicheachrepresentahypothesised
tempoandbeatphase,andtry to matchtheir predictionsto the incomingdata. The nearness
of thematchis usedto evaluatethequality of theagents’beattracking,andthediscrepancies
areusedto updatethe agents’hypotheses.Multiple reasonablepathsof actionresult in new
agentsbeingcreated,andagentsaredestroyed whenthey duplicateeachothers’work or are
continuouslyunableto matchtheir predictionsto the data. The agentwith the highestfinal
scoreis selected,andits sequenceof beattimesbecomesthesolution.

3 Data, Evaluation and Results

Thedatausedin this experimentconsistsof arrangementsof two Beatlessongs(Michelleand
Yesterday) performedby 12pianists(4 professionaljazz,4 professionalclassicaland4 amateur
classical)ateachof 3 tempoconditions(slow, normal,fast;asjudgedby theperformer),3 times
for eachcondition.This givesa total of 2 * 12 * 3 * 3 = 216performances,plusanadditional
renditionof Yesterdayfrom memoryby 3 of thepianistsmakesa total of 219performances.

The evaluationprocedureof Cemgil, Kappen,Desain& Honing (2001),which ratesthe
similarity of two sequencesof beattimesasa percentage,is usedto comparetheoutputof the
tempotrackerswith thebeatsannotatedin thescore.If thetwo sequencesare
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Table 1: Averagetempo tracking performance< , by subjectgroup, tempo condition, and
averageoverall performances.

YesterdayDataSet Michelle DataSet
Probabilistic Multi-agent Multi-agent

Bysubjectgroup
Professionaljazz 95 = 3 95 = 7 95 = 2
Amateurclassical 92 = 8 93 = 13 94 = 4
Professionalclassical 89 = 7 95 = 4 88 = 12
By tempocondition
Fast 94 = 5 96 = 3 94 = 8
Normal 92 = 8 95 = 9 93 = 6
Slow 90 = 7 92 = 12 91 = 9
Average 91 = 7 94 = 9 93 = 8

Table2: Averagetempotrackingperformance< for the multi-agentbeattracker performing
tempoinduction. The low valuefor theYesterdaydatasetis dueto trackingbeingperformed
at theeighthnotelevel in 94outof 111cases.

Multi-agentSystem:
Dataset Tempoinduction& tracking
Michelle 92 = 5
Yesterday 66 = 9
Average 79 = 15

is thewidth of thewindow. Thenthesimilarity functionis givenby:

<># �?	 �0' �A@ �CBED
F �G"$# ��� . � ��'
#IHKJMLN' 143 OQP 848 (1)

Theresultscomparingthetwo tempotrackersareshown in Table1. Toprovideanequivalent
comparisonof the two systems,the multi-agentsystemwas initialised with the initial beat
time and tempo, replacingthe normal beat induction stageperformedby this system. The
probabilisticsystemusedthe Michelle datasetfor training, so it hastestresultsfor only one
dataset.

To testthetempoinductionof themulti-agentbeattracker, thesystemwasalsorunnormally
(with no initialisationof tempoor beattime). Thequarternotelevel andtheeighthnotelevel
werethetwo metricallevelsat whichbeattrackingwasmostsuccessful.On theMichelledata,
thequarternotelevel waschosenin 107of 108cases,theeighthnotelevel beingchosenin the
remainingcase.With the Yesterdaydata,the quarternote level waschosenin 15 of the 111
cases,with 94 caseschoosingthe eighthnotelevel. The remaining2 caseswerecloseto the
quarternotelevel, but outsidethetoleranceof 10%. Without adjustingfor theuseof different
metricallevels,thebeattrackingevaluationresultsarelower, asonly every secondeighthnote
beatmatchesaquarternotebeat(seeTable2).



4 Discussion

On thegiventestdata,we have shown that thesystemof Dixon hasbetteraveragecasetempo
trackingperformancethanthesystemof Cemgil,Kappen,Desain& Honing,althoughthedif-
ferencesarenot generallysignificant. However, despitethe sizeof the testset, it is not clear
that it adequatelyteststempotrackingin general,asbothpiecesarequitesimplearrangements
with averyclearbeat.

The difficulty of tempotrackingof performancedatahastwo components– the difficulty
dueto the rhythmic complexity of the piece,which canbe estimatedfrom the musicalscore,
andthedifficulty dueto expressive andrandomvariationsin tempoandtiming introducedby
the performer. As a roughestimateof the former, the proportionof beatson which no event
occursandtheproportionof eventswhichdonotoccuronbeatsarethesimplestindicators.We
combinethesein equation2 to computea rhythmiccomplexity index (RCI):

RTSVU � WYX[ZE\4]!^
_�`�a
b0`�\4]dc J WYX[Ze\4]!^
_�`�a
fhg4`
Xi]dcj \4]!^
_�`2c J WYX[Ze\4]!^
_�`�a
b0`�\4]dc J WYX[Ze\4]!^
_�`�a
fhg4`
Xi]dc (2)

where
j \4]!^
_�`2c is thenumberof beatsonwhichaneventoccurs, WYX[Ze\4]!^
_�`�a
b0`�\4]dc is thenum-

berof beatson which no eventoccurs,and WYX[ZE\4]!^
_�`�a
fhg4`
Xi]dc is thenumberof eventswhich
do not fall on a beat. The RCI lies between0 (for an isochronoussequence)and1 (for a se-
quencewhereno eventcorrespondsto a beat). This givesa bettermeasureof tempotracking
complexity thantheC-scoreof Povel & Essens(1985),which is aweightedsumof thenumber
of beatswith unaccentedeventsandthenumberof beatswith no event,but is not normalised,
sothatrepetitionsof segmentsincreasetheestimatedcomplexity of a piece.Othercomplexity
measures,suchasthosediscussedby Shmulevich,Yli-Harja, Coyle,Povel & Lemstr̈om(2001),
aremorerelevantto datacompressionthanto beattrackingdifficulty.

Applying therhythmic complexity index to theMichelle score,we notethatthescorecon-
tains105 beats,with only 4 of thesehaving no event occurringuponthem,anda further 22
eventswhichoccurbetweenbeats,giving anRCI of 0.20.(Thesefiguresvary slightly between
performances.)This meansthata naive algorithmwhich decidesthatevery event is a beatand
thattherearenootherbeats,will scoreat least101/ ((105+ 123)/ 2) = 88.6%!

Variationsin timing andtempo,dependingontheirextremity, cancauseproblemsfor tempo
trackingsystems,particularly for thoseusingon-line algorithms. With large changes,it be-
comesimpossiblefor asystemlackingthescoreto distinguishbetweena changein a rhythmic
patternanda changein performancetiming. Thestandarddeviation of the inter beatintervals
canbeusedasa simpleindicatorof thedifficulty of tempotrackingdueto performancetiming
variations.For theBeatlesdataset,theaveragestandarddeviation in beatintervalswas0.058
seconds,or approximately10%of theaveragebeatinterval. Variationincreasedwith beatin-
terval (remainingat approximately10%of thebeatinterval for thevarioustempoconditions),
which explainsthe lower tempotrackingscoresfor slower performances,sincetheevaluation
functionhasa constantwindow width of 0.04seconds.

As acomparison,wetakethefirst movementof Mozart’sPianoSonatain C major(KV279),
playedby a professionalclassicalpianist. The scorecontains400 beats,2 of which have no
eventplayedonthem,but thereare1052eventswhichoccuroff thebeatatdefinedscoretimes,
plusanother113noteswhichhavenodefinedscoretime(for exampletrills, ornaments),giving
an RCI of 0.75. That is, the rhythmic complexity of the Mozart scoreis much higher than
for the Beatlesarrangements,asexpected. On the otherhand,the standarddeviation of the
beat intervals is also very closeto 10% of the beat interval, so the difficulty due to timing
variationsseemsto beequivalent.In orderto furtheradvancetempotrackingresearch,thissort



of comparitive studyshouldbeextendedto includesuchcomplex realworld datasets,asused
by Dixon & Cambouropoulos(2000).

Another interestingstudywould be to comparethe natureof the errorsmadeby the two
systems,to attemptto isolatethe“dif ficult” casesfor tempotracking.A comparisonwith human
tappingwouldalsobeenlighteningin this respect.
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