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Abstract

Oneof thedifficultieswith assessingempoor beattrackingsystemss thatthereis no
standardcorpusof dataon which they canbe tested. This situationis partly becausehe
choiceof datasetoftendependon the goalsof the systemwhich might be, for example,
automatictranscription,computeraccompanimentf a humanperformer or the analysis
of expressie timing in musicalperformance Without standardestdata,thereis the risk
of overfitting a systemto the dataon which it is tested,and developing a systemwhich
is not suitablefor use outsidea very limited musicaldomain. In this paper we usea
large, publicly available setof performance®f two Beatlessongsrecordedon a Yamaha
Disklavier in orderto comparewo modelsof tempotracking: a probabilisticmodelwhich
usesaKalmanfilter to estimateempoandbeattimes,andatempotrackerbasecnamulti-
agentsearclstratgyy. Both modelsperformextremelywell onthetestdata,with the multi-
agentsearchachieving mamginally betterresults.We proposdwo simplemeasuresf tempo
trackingdifficulty, andamguethat a broadersetof testdatais requiredfor comprehensie
testingof tempotrackingsystems.

1 Introduction

Much musichasasits rhythmic basisa seriesof pulses spacedpproximatelyequallyin time,
relative to which thetiming of all musicaleventscanbe described.This phenomenoits called
the beat andthe individual pulsesarealsocalled beats. Humansubjectsare capableof find-
ing the beatwith minimal musicaltraining; clappingor foot-tappingin time with a piece of
musicis not considereda remarkableskill. However, aswith mary primitive tasksof which
humansarecapablewith apparenthfittle cognitive effort, attemptdo modelhumanbehaiour
algorithmicallyandreproducet in computersoftwarehave metwith limited success.
Variousmodelsfor extractingthe beatfrom performancelatahave beenproposed.Some
aremodelsof humanperceptionandthustry to mimic humanbehaiour; othersaremoregoal-
oriented,suchasthosedesignedor automaticaccompanimentcoreextractionor automatic
transcription. Thereare alsodistinctionsbetweenon-line and off-line algorithms. Automatic
accompanimensystemsnecessarilyuse on-line algorithms,as do perceptuaimodels,which
might alsomodelthe influenceof listeners’expectations.Transcriptionandanalysissoftware
tendsto processdataoff-line, asthereis the computationakdwantagethat rhythmically am-
biguoussectionscanoftenberesohedby the contet provided by subsequennusicalevents.
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 Bayesiarframavork in which
the tempois estimatedoy a Kalmanfilter. This allows themto formulateon-line andoff-line
implementationsandthey presentin their resultsthat the implementationsorrectlyfind ap-
proximately 90% of the beatson the Beatlesdata, with the on-line versionperformingonly
mauginally worsethanthe off-line. Thebeattracker of Dixon usesa two-stageoff-line process:
the first finds the tempoof the music (tempoinduction, andthe secondsynchronises pulse
sequencavith the music(beattracking). In eachof thesestagesheremay exist multiple hy-
pothesesthesearemodelledby a multiple agentarchitecturen which agentgepresentingach
hypothesisompeteandcooperaten orderto find thebestfitting beatsequenceThiswork also
reportsresultsof approximately90%correctnespn two entirelydifferentdatasets,asmallset
of audiodataconsistingof jazzandpopularsongsandalargesetof MIDI formatperformances
of MozartpianosonatasThecurrentpaperteststhis lattersystenmwith thedatausedby Cemaqil,
Kappen,Desain& Honing (2001),in orderto comparethe tempotrackingof thetwo systems,
providing thefirst publishedcross-alidationof tempotrackingsystemsNeitherof thesystems
arenamed;for corveniencewe will referto thetwo systemsasthe probabilistictempotraclker
(Cemqil, Kappen,Desain& Honing 2001)andthe multi-agenttempotracker (Dixon 2001)
respectrely.

The contentof the paperis asfollows: aftera brief review of thetempotrackingliterature,
we describeghearchitectureandalgorithmsof thetwo tempotrackingsystemsevaluatedn this
paper We thenpresentheresultsof thetests,andconcludewith adiscussiorof theresultsand
the scopeof the experiments.

2 Review of Tempo Tracking Research

Early modelsof rhythmic perception(Steedmanl977;Longuet-Higgins& Lee 1982;Lerdahl
& Jaclendof 1983;Povel & Essens1985), asreviewed and comparedby Lee (1991), use
musicalscoredataas input, ratherthan performancedata,and take advantageof the simple
integer ratiosrelating the time intenals betweennote onsets. Thesemethodsdo not specify
how to dealwith non-metricatime, thatis theexpressve andrandomvariationswhich occurin
musicalperformancealata,sowe will notconsiderthemfurtherhere.

Modelsof tempotrackingof performancelatacanbe separatednto thosethat useaudio
dataandthosethat usehigherlevel symbolicdescriptionsof the performancgsuchasMIDI,
which explicitly representsioteonsettimes,pitchesandrelatve amplitudes).Theaudio-based
systemgendto have a preprocessingtepwhich extractssymbolicMIDI-lik e information, or
atleastthe onsettimesof notes,from the audiodata. Subsequenprocessings thensimilar to
the MIDI-basedsystems.The extraction of symbolicinformationfrom audiodatacannotbe
performedreliably; thatis, thereis no known algorithmwhich canaccuratelyextractthe onset
times,pitchesandamplitudesof notesin anaudiosignalcontainingpolyphonicmusic. In fact,
it is easilyshavn thatthetaskis in the generalcaseimpossible.However, the tempotracking
performanceof humansandrecentcomputersystemsn theabsencef suchaccuratesymbolic
data,demonstratethatsucha highlevel of detailis not necessaryor tempotrackingpurposes
(Dixon 2000). We first describethe systemshasedon symbolicdata,thenthoseusingaudio
input, andfinally the probabilisticandmulti-agentsystemswvhich arecomparedn this paper



2.1 Tempo Tracking of Symbolic Performance Data

Systemsusing symbolic input datausually have accesdo high level information apartfrom
noteonsettimes(for examplepitch andamplitudeinformation),but mosttempotrackingalgo-
rithmsdo notusethis information. Rosentha{1992)present& methodfor rhythmic parsingof
performedmelodiesattemptingto assigna metricalhierarcly thatbestmatchegheinput data.
Thesystemis usuallyableto find a correctparsewhenthe performancéulfills theassumptions
thatthereis very little syncopatiorandno long notesor pausesn the performance.

Tanguiang(1993) presentsan information-theoreti@pproachto rhythmic parsing,which
choosedrom the possiblerhythmicinterpretationshe onewith lowestcompl«ity, in thesense
of Kolmogorw. He amguesthatthis is a goodfunctionalapproximationof humanperception.
Similarly, Allen & Dannenbeg (1990) describea systemthat examinesmultiple hypotheses
usingbeamsearctwith aheuristicthatpreferssimplemusicalstructuresalthoughtheirmeasure
of simplicity is notdefined.

Desain& Honing (1989) and Longuet-Higgins(1987) presenttwo different methodsof
guantisationaconnectionisandasymbolicmethodrespectrely, whicharecomparedn Desain
(1993). The outcomeof the paperis the claim thata rhythmic patterninducesan expectation
of particulartimesat which future eventsshouldoccut andthereforethat a rhythmic parsing
systemshouldmodeltheseexpectationsxplicitly, in orderto provide a contectual framewvork
in which future eventscanbeinterpretedwith greatercertainty

An alternatve approachs to modelthe expectationamplicitly usinga nonlinearoscilla-
tor (Large & Kolen 1994;Large 1995;1996).In thiswork, theinitial tempoandbeattime are
assumedo beknown, andthe systemhentracksthetempovariationsusingafeedbacKoopto
adjustthe oscillatorfrequeng.

2.2 Tempo Tracking of Audio Performance Data

Goto & Muraoka(1995;1999)describetwo systemdor beattracking of audioin real time,
the first basedon detectingdrum soundsand matchingto pre-storedbatterns,andthe second
systembasedntherecognitionof harmonicchangeswhichareassumedo occurat metrically
stronglocationsin time. The systemshave a multiple agentarchitecturewith a fixed number
of agentamplementingvariousbeattrackingstratgjiesvia differentparametesettings.These
systemgperformwell in the domainsfor which they weredesignedthatis, popularmusicin
4/4time, with atemporangeof 61-120beatsperminute,andeitherdrumor harmonicrhythms
matchingtheassumegbatterns.

A more generalapproachis taken by Scheirer(1998), who usesa bank of comb filters
representinga discretescaleof 150 possibletempos,and passesa heavily processedaudio
signalthroughthe filterbank,choosingthe filter with greatestesonancesthe currenttempo.
This approachs not limited to ary particularmusicalstyle, however it doesnot work well for
continuouschange®f tempo,sincethe systemmustrepeatedlyswitch betweerdiscretefilters.

2.3 TheProbabilistic System

A moreprincipledapproachs putforwardby Cemgil,Kappen Desain& Honing(2000;2001),
who modeltempotrackingin a probabilistic(Bayesian)ramewvork. The beattimesaremod-
elled as a dynamicalsystemwith variablesrepresentinghe rate and phaseof the beat,and
correspondingo a perfectmetronomecorruptedby Gaussiamoise. A Kalmanfilter is then



usedto estimatethe unknowvn variables.To ensurehe beatrateis positive, alogarithmic space
is usedfor this variable which alsocorrespondsetterto humanperceptiorof time.

In a performancevherethe systemdoesnot have accesgo the musicalscore the beatsare
not directly obsenable. Thereforethe beatsmustbe inducedfrom the data,which is doneby
calculatinga probability distribution for possibleinterpretation®f performancesyasedon the
infinite impulseresponseombfilters usedby Scheirer(1998).

Theparameter$or this systemareestimatedy trainingon a datasetfor which the correct
beattimesareknown. Fromthesetof performancesf thetwo Beatlessongstheperformances
of Michelle wereusedfor trainingthe systemandthe performancesf Yesterdaywereusedfor
testing.

24 TheMulti-Agent System

Dixon (2000)describesan audiobeattracking systemusing multiple identicalagents gachof
whichrepresenta hypothesiof thecurrenttempoandsynchronisatioffphasepf thebeat. The
systemworkswell for popularmusic,wheretempovariationsareminimal, but doesnotperform
well with largertempochangesDixon & Cambouropoulog2000)extendthis work to caterfor
significanttempovariationsasfoundin expressve performance®f classicalmusic. They use
the duration,amplitudeand pitch information availablein MIDI datato estimatethe relatve
rhythmic saliencgimportancepf notesandpreferthatbeatscoincidewith theonsetof strong
notes.In this paper the saliencecalculationis modifiedto ignorennotedurationsbecausehey
arenot correctlyrecordedn thedata.

Processings performedin two stages:tempoinductionis performedby clusteringof the
timeintervalsbetweemearnoteonsetsio generateheinitial tempohypotheseswhich arefed
into the secondstage beattracking,which searche$or sequencesf eventswhich supportthe
giventempohypothesisThesearchs performedoy agentavhicheachrepresena hypothesised
tempoandbeatphase andtry to matchtheir predictionsto the incomingdata. The nearness
of the matchis usedto evaluatethe quality of the agents’beattracking,andthe discrepancies
are usedto updatethe agents’hypotheses.Multiple reasonablgathsof actionresultin new
agentsbeing created,and agentsare destryed whenthey duplicateeachothers’work or are
continuouslyunableto matchtheir predictionsto the data. The agentwith the highestfinal
scoreis selectedandits sequencef beattimesbecomeghe solution.

3 Data, Evaluation and Results

The datausedin this experimentconsistsof arrangementsf two Beatlessongs(Michelle and
Yesteday) performedby 12 pianists(4 professionajazz,4 professionatlassicalind4 amateur
classicalateachof 3 tempoconditions(slow, normal,fast;asjudgedby theperformer) 3times
for eachcondition. This givesatotalof 2 * 12* 3* 3 = 216 performancesplusanadditional
renditionof Yesterdayrom memoryby 3 of the pianistsmalkesatotal of 219 performances.
The evaluationprocedureof Cemgil, Kappen,Desain& Honing (2001), which ratesthe
similarity of two sequencesf beattimesasa percentages usedto comparethe outputof the
tempotrackerswith the beatsannotatedn the score.If thetwo sequencearesS; = sy, s, ..., St
andT; = ty, 1, ..., t;, thenthe scorefor the closenes®f two beattimess,,, andt, is given by
the Gaussiawindow functionW (d) = exp(—d?/20?), whered = s,, — t, ando. = 0.040 sec



Table 1. Averagetempo tracking performancep, by subjectgroup, tempo condition, and
averageover all performances.

YesterdayDataSet Michelle DataSet
Probabilistic| Multi-agent Multi-agent

By subjectgroup

Professionajazz 95+ 3 95+7 95+ 2
Amateurclassical 92+ 8 93+ 13 94+ 4
Professionatlassical 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

Table 2: Averagetempotracking performancep for the multi-agentbeattracker performing
tempoinduction. The low valuefor the Yesterdaydatasetis dueto trackingbeingperformed
attheeighthnotelevel in 94 outof 111cases.

Multi-agentSystem:
Dataset | Tempoinduction& tracking

Michelle 92+5
Yesterday 66+ 9
Average 794+ 15

is thewidth of thewindow. Thenthesimilarity functionis givenby:

Zi max; VV(Sz — tj)
(I+J)/2

p(S,T) = * 100 (1)

Theresultscomparinghetwo tempotrackersareshavnin Tablel. To provideanequvalent
comparisonof the two systems,the multi-agentsystemwas initialised with the initial beat
time and tempo, replacingthe normal beatinduction stageperformedby this system. The
probabilisticsystemusedthe Michelle datasetfor training, soit hastestresultsfor only one
dataset.

Totestthetempoinductionof themulti-agentbeattracker, the systemwasalsorun normally
(with noinitialisation of tempoor beattime). The quarternotelevel andthe eighthnotelevel
werethetwo metricallevelsat which beattrackingwasmostsuccessfulOn the Michelle data,
thequartemotelevel waschosenn 107 of 108 casesthe eighthnotelevel beingchosenn the
remainingcase. With the Yesterdaydata,the quarternote level waschosenin 15 of the 111
caseswith 94 caseschoosingthe eighthnotelevel. The remaining2 casesvere closeto the
guarternotelevel, but outsidethe toleranceof 10%. Without adjustingfor the useof different
metricallevels, the beattrackingevaluationresultsarelower, asonly every secondeighthnote
beatmatchesa quartemotebeat(seeTable?2).



4 Discussion

Onthegiventestdata,we have shavn thatthe systemof Dixon hasbetteraveragecasetempo
trackingperformancehanthe systemof Cemgil, Kappen,Desain& Honing, althoughthe dif-
ferencesare not generallysignificant. However, despitethe size of the testset, it is not clear
thatit adequatelyeststempotrackingin generalasbothpiecesarequite simplearrangements
with avery clearbeat.

The difficulty of tempotrackingof performancedatahastwo components- the difficulty
dueto the rhythmic compleity of the piece,which canbe estimatedrom the musicalscore,
andthe difficulty dueto expressve andrandomvariationsin tempoandtiming introducedby
the performer As a roughestimateof the former, the proportionof beatson which no event
occursandthe proportionof eventswhich do notoccuron beatsarethe simplestindicators.We
combinethesen equation? to computea rhythmiccompleity index (RCI):

RCI — UnmatchedBeats + UnmatchedFEvents 2

"~ Matches + UnmatchedBeats + UnmatchedEvents )
whereMatches is the numberof beatson which aneventoccurs,UnmatchedBeats is thenum-
ber of beatson which no eventoccurs,and Unmatched Events is the numberof eventswhich
do not fall on a beat. The RCI lies between0 (for anisochronousequenceandl (for a se-
guencewhereno event correspondso a beat). This givesa bettermeasureof tempotracking
complity thanthe C-scoreof Povel & Esseng1985),whichis aweightedsumof thenumber
of beatswith unaccente@ventsandthe numberof beatswith no event, but is not normalised,
sothatrepetitionsof sggmentsincreasehe estimateccompleity of a piece.Othercompleity
measuressuchasthosediscussedy Shmuleich, Yli-Harja, Coyle, Povel & Lemstidom (2001),
aremorerelevantto datacompressiornhanto beattrackingdifficulty.

Applying therhythmic compleity index to the Michelle score we notethatthe scorecon-
tains 105 beats,with only 4 of thesehaving no event occurringuponthem, anda further 22
eventswhich occurbetweerbeatsgiving anRCI of 0.20. (Thesefiguresvary slightly between
performances.Y his meanghata nawve algorithmwhich decideghatevery eventis a beatand
thatthereareno otherbeatswill scoreatleast101/ ((105+ 123)/ 2) = 88.6%!

Variationsin timing andtempo,dependingdn their extremity, cancauseproblemdor tempo
tracking systems particularly for thoseusing on-line algorithms. With large changesit be-
comesmpossiblefor a systemlackingthe scoreto distinguishbetweera changean arhythmic
patternanda changen performancdiming. The standarddeviation of the inter beatintervals
canbeusedasasimpleindicatorof thedifficulty of tempotrackingdueto performanceaiming
variations. For the Beatlesdataset, the averagestandarddeviation in beatinternvals was0.058
secondspr approximatelyl0% of the averagebeatintenal. Variationincreasedvith beatin-
tenal (remainingat approximatelyl0% of the beatinterval for the varioustempoconditions),
which explainsthe lower tempotrackingscoresor slower performancessincethe evaluation
functionhasa constanwindow width of 0.04seconds.

As acomparisonye take thefirst movementof Mozart's PianoSonatan C major(KV279),
playedby a professionaklassicalpianist. The scorecontains400 beats,2 of which have no
eventplayedonthem,but thereare1052eventswhich occuroff the beatat definedscoretimes,
plusanotherl13noteswhich have no definedscoretime (for exampletrills, ornaments)giving
an RCI of 0.75. Thatis, the rhythmic compl«ity of the Mozart scoreis much higherthan
for the Beatlesarrangementsas expected. On the other hand, the standarddeviation of the
beatintenals is also very closeto 10% of the beatinterval, so the difficulty due to timing
variationsseemgo beequvalent.In orderto furtheradvancetempotrackingresearchthis sort




of comparitve studyshouldbe extendedto includesuchcomple realworld datasets,asused
by Dixon & Cambouropoulo§2000).

Anotherinterestingstudy would be to comparethe natureof the errorsmadeby the two
systemsto attempto isolatethe“dif ficult” casedor tempotracking.A comparisorwith human
tappingwould alsobe enlighteningn thisrespect.
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