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Abstract. Whena persontapsa foot in time with a pieceof mu-
sic, they areperformingbeattracking.Beattrackingis fundamental
to theunderstandingof musicalstructure,andthereforeanessential
ability for any systemwhich purportsto exhibit musicalintelligence
or understanding.We presentan off-line multiple agentbeattrack-
ing systemwhich estimatesthe locationsof musicalbeatsin MIDI
performancedata.Thisapproachtobeattrackingrequiresnoprior in-
formationabouttheinput data,suchasthetempoor time signature;
all requiredinformation is derived from the performancedata.For
constanttempoperformances,previous beattrackingsystemshave
proved successful;however, thesesystemsfail whentherearelarge
variationsin tempo.We examinethe role of musicalknowledgein
guiding thebeattrackingprocess,andshow thata systemequipped
with knowledgeof musicalsalienceis ableto trackthebeatof music
evenin thepresenceof largetempovariations.Resultsarepresented
for a large corpusof expressively performedclassicalpianomusic
(13 completesonatas),containinga full rangeof temposandmuch
variability in tempowithin sections.With themusicalknowledgedis-
abled,the beatsare tracked about75% correctly; the inclusion of
musicalknowledgeraisesthisfigureto over 90%.

1 Intr oduction

The term beat refersto a regular pulseperceived whenlisteningto
music– this is usuallythetemporallevel at which listenerstaptheir
feetor claptheir hands.Theperceptionof thebeatis fundamentalto
theunderstandingof thetiming structureof music,andthereforealso
a necessarycomponentof “musically intelligent” applications,such
asintelligentdigital audioeditors,musicnotationsoftware,content-
basedsearchenginesandinteractive musicalperformancesystems.
Theactionof findinganappropriatebeatrate(tempo)will bereferred
to asbeatinduction, whereasthe taskof following thebeat,that is,
finding the locationsof beats,will be referredto asbeat tracking.
Ordinaryhumanlistenersarecompetentin performingthesetasks;
equivalentperformanceon a computerhasproved remarkablyhard
to achieve,exceptfor simplestrict tempocases.

One reasonthat computersystemsare quite weak in emulating
humancompetency in rhythm understandingis that they often do
not have accessto sufficient musicalknowledgeto guidethe track-
ing processwhensignificantlocal variationsin thebeatoccur. Most
beattrackingandbeatinductionsystemsrely solelyon thetiming of
noteonsetsor equivalentlythetimespansbetweensuccessive onsets
[2, 1, 16, 17, 5]. However, it hasoftenbeenproposedin theoretical
work that finding the beat involves matchinga regular grid to the
accentstructureof amusicalwork [13]. Musicalaccentsindicatethe�
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relativesalienceof musicalevents.Musicalsalienceisdeterminedby
anumberof factorssuchasnoteduration,dynamics,pitch,harmony,
andcadences.For instance,longernotesandharmonicallymoresta-
ble notesaremoresalient.Theassumption,borneout in traditional
Westernmusic, is that beatstend to fall on more accented/salient
events.In this paperwe show that the useof suchmusicalknowl-
edgecanenhancebeat-processingapplicationssignificantly.

Firstly, we describea multi-agentbeat tracking systemthat in-
ducesandtracksthebeatusinga multiple competingagentmethod-
ology. This systemwaspreviously usedsuccessfullyon musicwith
a steadytempo(e.g.popmusic)[5, 6], but it wasfound that it was
notableto trackthetempovariationsthatoccurin expressiveperfor-
mancesof classicalmusic.By expressiveperformance,wemeanthat
theperformersintentionallyvary the tempoof themusicin orderto
communicateemotive andstructuralaspectsof themusic.

Wethendescribetheincorporationof musicalknowledgeinto the
beattrackingsystem,andshow thatwhenmusicalsalienceis taken
into account,theability of thesystemto trackthebeatof anexpres-
sive performanceimprovessignificantly. Musicalknowledgeis used
to enhancethe systemin two ways: firstly by detectingand filter-
ing out non-salientevents,andsecondlyby attachingto eachevent
a saliencevaluethatdependson noteduration,pitch anddynamics,
andguidestheevaluationof thebeattrackingagents.

Next weoutlineaseriesof experimentsapplyingthebeattracking
systemto expressive performancedatastoredin MIDI files, a for-
mat which containsexplicit detailsof the onsets,offsets,pitch and
dynamicsof all theperformednotes.An evaluationmethodologyis
thendescribed,wherebythe correctbeatsindicatedin the musical
scoreareautomaticallyalignedwith the beatstracked by the algo-
rithm anda ‘goodnessof fit’ value is calculated.The final section
containsthepresentationanddiscussionof resultsfor a largedataset
of Mozartpianosonatasperformedby a professionalpianist.

2 The Multi-Agent BeatTracking System

In previous work [6], we describeda multiple agentbeattracking
systemwhich processedaudiodataandfoundthelocationsof musi-
cal beats,undertheassumptionof constanttempo.This systemwas
ableto trackmusicwith minor tempodeviations,suchasmostpop-
ular anddancemusic.In this sectionwe describethe beattracking
systemasit hasbeenadaptedfor expressively performedmusic,and
thenin thefollowing sectionwe describetheincorporationof musi-
cal knowledgeinto thesystem.

The beattrackingsystemhastwo stagesof processing.The first
stageis beatinduction,in which thedatais processedto extract the
locationsof musicalevents,andthentheintervalsbetweenevent lo-
cationsare clusteredto form initial hypothesesof the tempo.The
secondstageof processingis beattracking,in which thelocationof
eachbeatis determined,andthustempofluctuationsaretracked.



2.1 Beat
�

Induction

The beat induction algorithm is basedon the clusteringof inter-
onset intervals (IOI’s). In the literature,an IOI is definedas the
time betweentheonsetsof two successive events,but we extendthe
definitionto includetimesbetweenonsetsof pairsof eventsthatare
separatedby interveningevent onsets.An IOI object is createdfor
eachpair of onsetsthatareseparatedin time by between0.025and
2.5 seconds,andeachIOI object is thenassignedto preciselyone
cluster, accordingto theclusteringalgorithmshown below. Whenan
IOI object is created,the clusterwith an averageIOI closestto the
sizeof the new IOI is found,andif it is sufficiently close,the new
IOI is addedto the cluster. The IOI is consideredsufficiently close
if its valueis within ���	��

� of theaverageIOI in thecluster, where���	��
�� is a constant,setto 25msin this work. If no sufficiently close
clusterexists,a new clusteris createdandthe new IOI placedin it.
After all IOIs have beenassignedto a cluster, any pair of clusters
whoseaverageIOI value differs by less than ���	��
�� is merged to
form a singleclustercontainingtheIOIs from bothclusters.
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For example,Figure1 shows clusteringfor five events(A, B, C,
D, E) into intervalsof similar size.ClusterC1 containstheintervals
AB, BC andDE, while clusterC2containsAC andCD. Eachcluster
is identifiedby its averageinterval size.

After clusteringis completed,ascoreis calculatedfor eachcluster,
basedonthenumberof IOIs in thecluster. Thehighly rankedclusters
usuallycorrespondto eitherthe inter-beatinterval (IBI), that is, the
timebetweensuccessivebeats,or smallintegermultiplesor fractions
of theIBI. For example,supposethatC2 representstheIBI; thenC1
representshalf the IBI andC4 representsdoublethe IBI. Clusters
relatedin this way areawardedextra points,andtheIOI hypotheses
aresortedinto their final rankedorder.

In previouswork [4, 5], it wasfoundthatfor popmusic,thecorrect
tempocanbeinducedfrom a 5-10secondexcerptof themusicwith
90%reliability, andby usingmultiple (or longer)excerpts,therelia-
bility quickly approaches100%.In thiswork,werely onthemultiple
agentarchitecturedescribedin the following subsectionto examine
the multiple hypothesesgeneratedby the clusteringalgorithm and
choosethemostlikely candidateat thattime.In otherwords,it is not
necessaryto committo a particulartempohypothesisat this stageof
processing.
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Figure1. Clusteringof inter-onsetintervals

2.2 Beat Tracking

The beatinductionalgorithmcomputeshypothesesconcerningthe
inter-beatinterval, but doesnot calculatethelocationof thebeatfor
thesehypotheses.In Figure1, onehypothesismight bethatC2 rep-
resentsthe inter-beatinterval, but this doesnot determinewhether
eventsA, C andD arebeatlocationsor whetherB andE arebeatlo-
cations.By analogywith wave theory, wesaythatthebeatinduction
hypothesesconcernthefrequencybut not thephaseof thebeat.

Thebeatlocationsaredeterminedby anagent-basedarchitecture
which simultaneouslyexaminesmultiple hypothesesaboutthe fre-
quency andphaseof the beatthroughoutthemusic.The agentsare
characterizedby their stateandhistory. Thestateis theagent’s cur-
renthypothesisof thebeatfrequency andphase,andthehistoryis the
sequenceof beatlocationsselectedsofarby theagent.Eachagentis
evaluatedonthebasisof itshistory, with higherscoresbeingawarded
for greaterregularity in thespacingbetweenevents,greatersalience
of chosenevents,andfewer gapsin thesequence.

Initially, anumberof agentsarecreatedfor eachof thehypotheses
from the beatinductionstage;for eachtempo,oneagentis created
for eachof the first few eventsin the piece,with its phaseset to 0
at thetime of theeventonset.A simpleexampleis shown in Figure
2, wheretherearetwo tempohypotheses,andtwo startinglocations,
eventsA andB. Agents1 and2 startwith the samephase,but dif-
ferenttempo,while Agent 3 startswith a differentphase,but same
tempoasAgent2.Notethatthereis noneedto startanagentwith the
tempoof Agent1 andphaseof Agent3, sinceAgent1 coversevent
B itself.

Time
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Figure 2. Beattrackingagents(seetext for details)



The main loop of the beattrackingsectionpasseseachevent to
eachagent,whichcomparestheevent’sonsettimewith thepredicted
beatlocation.Theagentshave two windows of tolerance(shown in
Figure3): an inner window, within which theagentis surethat the
event correspondsto the predictedbeatlocation,andan outerwin-
dow, within whichtheagentis unsureif theeventshouldbeaccepted
asa beatlocation.Theinnerwindow is symmetricalandhasa fixed
sizeof 70ms,the outerwindow is asymmetricalandits sizevaries
with the IBI. If the event falls in the inner window, it is addedto
theagent’s history, andtheagent’s tempoandphasehypothesesare
updated.If theevent falls in theouterwindow aroundthepredicted
location,theagentcreatesa clonewhich acceptstheeventasa beat
location,while thecurrentagentrejectstheevent.In Figure2, Agent
2 createsAgent 2a when event E falls in its outer window of ex-
pectedbeatlocations.This guardsagainstthe currentbeatlocation
being lost due to a rogueevent, whilst alsoallowing for moderate
deviationsin tempoandphaseto occur. Whenan acceptedevent is
morethanonebeatfrom the previous beatlocationdeterminedby
theagent,themissingbeatsarefilled in by interpolation(shown by
hollow circlesin Figure2).
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Figure3. Beatpredictionwindows for asingleagent:A andB arereported
beatpositions;C andD arethenext two predictedbeatlocations

As theagentstrackthebeats,aconfidencevalueis maintainedfor
eachagent.This valueis increasedeachtime anevent is acceptedas
a beatlocation.The amountof increasedependson the salienceof
theevent (describedin section3) andits proximity to thepredicted
beat location. The event saliencevalue is multiplied by a number
between0 and1 representingthedistancebetweenthepredictedand
actualbeatlocationsrelativeto thepredictionwindow, andthisvalue
is addedto theagent’s confidencevalue.

It oftenoccursthat two or moreagentscometo thesameconclu-
sionaboutthecurrenttempoandbeatphase.Sincethesearetheonly
variablesthatdeterminetheagent’sstate(andthereforeits futurebe-
havior), it is computationallyadvantageousto remove all but oneof
theseagreeingagents,retainingonly theagentwith thehighestcon-
fidence(that is, with thebestscoringhistory). In Figure2, Agent3
is terminatedwhenits statecoincideswith thatof Agent2a,asindi-
catedby thearrow ateventE.

After thelasteventis processed,thehighestscoringcurrentagent
is selected,andits historyis outputasthebeattracking“solution”. It
is alsopossibleto view a traceof theagentsandtheir scoresat each
eventduringprocessing.For auraltestinganddemonstrationsof the
system,themusiccanalsobeplayedbackor savedto file with aclick
trackaddedto it, that is, a percussiontrack indicatingthepositions
of beatsasreportedby thebeattrackingagent.

3 Musical Knowledge:SalienceCalculation

In theprevious system,undertheassumptionof analmostconstant
tempo,it wassufficient to evaluatethe beattrackingagentson the
basisof their ability to find a sequenceof regularly spacedevents
with few gapsandlittle variationin thespacing.Thelevel of musical
knowledgepossessedby theagentsin thissystemwasextremelylim-
ited,but it wassufficient for relatively constanttempoperformances.

Oneof thekeys to the successof thesystemwasthat it usedaudio
input,for whichtheonsetdetectionalgorithmwasonly ableto detect
someof themusicalevents,whichtendedto bethemoresalientones,
in thesenseof having asharpincreasein amplitudeat thenoteonset.
In otherwords,theonsetdetectionalgorithmeffectively filtered the
events,implicitly selectingonly thosewhich weremoresalient.Ac-
cordingto musictheory, themoresalienteventsarealsomorelikely
to occurin rhythmicallystrongpositions,suchason beatlocations.
It wasfoundthattheinclusionof lesssalienteventsactuallyhinders
the performanceof the beattrackingsystem,as it greatlyenlarges
thesearchspacewithoutaddingmorecorrectsolutions.In thiswork,
we useMIDI input,which representsall eventsexplicitly, including
many non-salientevents,so the systemmust chooseexplicitly be-
tweenthemany extra possiblesolutions.

We claim that the systemrequiressomeform of musicalknowl-
edgeto guideits selectionof alternative possiblesolutions.It is ex-
pectedthatamongthemany beattrackingagentstheonethatdetects
the largestnumberof salienteventsis mostlikely to becorrect.We
now definemusicaleventsanddescribehow musicalknowledgecan
beusedto generatea saliencevaluefor eachmusicalevent.

In thecontext of theseexperiments,musicaleventsaretakento be
eitherindividual notesor chords(synchronouscollectionsof notes).
Empiricalresearchhasshown thattwo tonesareheardasbeingsyn-
chronousif their onsettimesdiffer by lessthanroughly 40ms;for
morethantwo tonesthis thresholdis up to 70ms[11]. We have used
the thresholdof 70msto convert theMIDI datainto musicalevents
(notesandchords).

At thenext stage,a saliencestrengthis calculatedfor eachmusi-
cal event. In theseexperimentsthe following threesaliencefactors
havebeentakeninto account:thedurationof notesin eachevent,the
dynamicvalue(MIDI velocity)andthepitchvalue(MIDI notenum-
ber).Accordingto musictheory, noteswith longerdurations,higher
dynamicvaluesor lower pitchesareconsideredto be moresalient
for communicatingtherhythmicstructureof themusic.Thesalience
valuefor a chordis calculatedusingthelongestduration,thesumof
thedynamicvaluesandthelowestpitchof all thenotesin thechord.

Althoughthequalitativeeffectof eachof theseparametersonmu-
sical salienceis known, no quantitative measurehasbeenproposed
by which the threefactorscan be combinedinto a single salience
valuefor eachevent.Two typesof saliencefunctionsweretested,an
additive function IFJFKDK�3MLN�POQ��-�5 , which usesa linear combinationof
theparameters,anda multiplicative function I ASR8T 3MLN�UOQ��-�5 which is
non-linear. A thresholdfunction is usedto restrict the rangeof the
pitch parameter, and constantsare usedto set the relative weights
of the threeparameters,with the sign of the constantsdetermining
whethertherelationshipis director inverse.

IFJFKDK"3MLN�MOQ��-�5H$!V � � LXW�V � � OZY O AB�\[ �MO A J0]1^ W_VF`�� -
I ABR1T 3MLN�MOQ��-�5a$!LN�\3MVFb � OZY O AB�\[ �MO A J0]8^ 5c� �Pd	263M-�5

where:

V � ��V � ��Ve` and VFb areconstants,

L is durationin seconds,

O is pitch (MIDI number),

- is dynamicvalue(MIDI velocity),and
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After a little experimentation,we chosethe following values:V � $qp��8��rDV � $ �ts ruVF`v$xw�ruVebv$qy s r�O AS��[ $ s y�r�O A JF] $qz�� . The
parametersweresetto make thedurationof notesthe mostsignifi-
cantfactor in the saliencecalculation,with the dynamicsandpitch
factorsbecomingmoreinfluentialwhennoteshave relatively similar
durations.Theprecisevaluesof parametersdonotmakealargeover-
all differenceto theresultsacrosstheentiredataset,but canhave a
significanteffectonparticularexamples.A morethoroughinvestiga-
tion of parametervaluesis a subjectfor furtherresearch.

4 Beat Tracking Experiments

We now describethe variousbeattrackingexperimentsperformed.
Theresultsarepresentedin section6.

4.1 Experiment 1: ConstantSalience

Thebeat-trackingalgorithmwasappliedon theuntreatedMIDI files
taking into accountonly the event onsettimes.Eachevent wasas-
signeda constantsaliencevalue for use in the agents’evaluation
function.As expected,this experimentdid not produceparticularly
goodresults,asthe agentshave many equal-strengthevent options
from which to choosepossiblebeatlocations.This experimentset
thebaselevel from which we wereableto measuretheperformance
gain obtainedby the applicationof musicalknowledgein the beat
trackingsystem,asdescribedin thefollowing two experiments.

4.2 Experiment 2: Filtered MIDI files

In this secondexperiment,MIDI files werepre-processedto discard
non-salientevents.Thiswasachievedby keepingonly eventswith an
additivesalienceexceedingacertainthreshold,andapplyingthebeat
trackingalgorithmto theremainingevents,usingaconstantsalience
valueasin experiment1.For thisexperiment,thethresholdwassetto
anintuitively meaningfulvalue,thatis, theadditivesaliencevalueof
a noteof averagepitch,averagevelocity andduration200ms,which
is just below half of themodalinter-beatinterval.

4.3 Experiment 3: Agentswith SalienceFunctions

In theprevious experiment,we useda binarynotionof salience:an
event is eithersalientandis thuspreserved,or non-salientandthus
omitted.In thefinal experiments,we allowed multi-valuedsalience
strengthsto beincorporatedin thebeat-trackingprocessfor theselec-
tion of thebestagent.Insteadof countingthenumberof eventsthat
anagenthastraced,whichis approximatelywhatoccurswhenacon-
stantsaliencefunction is used,a progressive confidencescore(sum
of adjustedsaliencevaluesfor all theeventstracedby anagent)was
computedfor eachagentandusedto selectthe final solution.Two
experimentswereperformed:experiment3ausedthemultiplicative
saliencefunction I ABR1T 3MLN�UO{��-�5 andexperiment3b usedtheadditive
saliencefunction IFJFKcK"3MLN�UOQ��-�5 , definedin section3. Beforepresent-
ing the resultsof the experimentsin section6, we briefly describe
ourapproachto evaluation.

5 Evaluation

Much work on beattrackinghasworked from notatedmusicrather
thanperformancedata[14, 15,3], andthoseusingperformancedata
have oftenusedsimplepiecessuchasnurseryrhymes[12] or short
excerptsof the melody lines of pieces[16], with the exceptionof

Goto[7, 9,8,10],whousedaudioCD’sof popularmusic.Apartfrom
thedifficulty of beattrackingthetempovariationsin performedmu-
sic,a furtherproblemwith usingperformancedatais thattheresults
mustbeevaluatedby thesubjective locationof beatpositions[8, 6].

A greatadvantagewith thecurrentwork is that theevaluationof
resultsis not basedon a subjective measureof beatlocations,since
a largecorpusof performancedatatogetherwith thecorresponding
musicalnotationis available.Thisenablesthedirectevaluationof the
systemby comparingthe beattracking results(the reportedbeats)
with thebeatspecifiedin themusicalscore(thenotatedbeats).The
testingis in fact performedautomatically, sincethe musicalscores
areavailablein a symbolicformat.

To evaluatethebeattrackingof a sectionof music,we first match
the reportedbeat locationswith the musical scoredata.Each re-
portedbeatis matchedwith thenearestnotatedbeat,unlessthegap
is greaterthanafixedtolerancevalue,in whichcasethebeatsareleft
unmatched.This createsthreeresultcategories:matchedpairsof re-
portedandnotatedbeats,unmatchedreportedbeats(falsepositives)
andunmatchednotatedbeats(falsenegatives).Thesearecombined
usingthefollowing formula:

| -"�@��}N�"
�~�d8��$ ���W��:��W_���
where � is thenumberof matchedpairs, � � is thenumberof false
positives,and � � is thenumberof falsenegatives.In this work, the
tolerancewindow for matchingbeatswaschosento matchthewin-
dow for determiningwhennotesaresimultaneous,that is, 70ms.A
lessstrictcorrectnessrequirementwouldallow thematchingof pairs
overalargertimewindow, with partialscoresbeingawardedto “near
misses”,andthenumeratorof theequationbeingreplacedby thesum
of thesepartialscores.

Theevaluationfunctionyieldsavaluebetween0 and1, whichwe
expressasa percentage.Thevaluesareintuitively meaningful:if the
only errorsarefalsepositives,thevalueis thepercentageof reported
beatswhich are matchedwith notatedbeats;if the only errorsare
falsenegatives, the value is the percentageof notatedbeatswhich
werereported.

One aspectof evaluationwhich hasyet to be addressedin this
work is theproblemthatit is possibleto trackbeatsatmorethanone
level. For example,in apiecethathasaveryslow tempo,it mightbe
naturalto track thebeatat doubletherateindicatedby thenotation
[3]. Theperceivedbeatandnotatedbeatarenotnecessarilythesame.
The formula shown above gives meaningfulresultsonly when the
rhythmiclevel of beattrackingcoincideswith thenotatedbeat.

6 Resultsand Discussion

The beattrackingsystemwastestedon 13 completepianosonatas
by Mozart (KV279-KV284, KV330-KV333, KV457, KV475 and
KV533), playedby a professionalpianist.This totalsseveral hours
of music,andover100000notes.Thefilesweredividedinto sections
asnotatedin themusic,andbeattrackingwasperformedseparately
oneachfile (222files in all). Thesoftwareis writtenin C++andruns
ona Linux system,takingunder5 minutesto processall 13sonatas.

Thefirst setof resultsshowstherhythmiclevel chosenby thehigh-
estscoringagentrelativeto themusicalscore.Foralmostall sections,
amusicallyplausiblerhythmiclevel waschosen,with slightly worse
performancein experiment1 wherenomusicalknowledgewasused.
Table1 shows the numberof sectionswhich were tracked at each
rhythmic level (expressedasa multiple of the tempo).The rows la-
belledotherandfail representthecaseswherea musicallyunrelated



rhythmiclevel waschosen,andwhenbeattrackingfailedto produce
a solutionat all, respectively. Themajority of piecesweretrackedat
thenotatedlevel, with othersbeingtracked at double,four timesor
half thenotatedlevel, aswould oftenbedoneby humanlisteners.

Table 1. Rhythmiclevelsof beattrackingsolutions

Rhythmic Numberof sections
level Exp1 Exp2 Exp3a Exp3b

1 121 143 146 137
2 40 40 41 42
3 4 3 3 4
4 23 23 20 22

0.5 10 9 10 10
1.5 16 0 1 5

other 8 2 1 2
fail 0 2 0 0

Table 2 shows the resultsof evaluatingthe beattracking of the
sectionstracked at the notatedrhythmic level, usingthe evaluation
formula from section5. For eachexperimentwe show the number
of sections(n) andthe percentageof sectionswhich achieved vari-
ousminimum scores.Experiment1 provides the baselevel perfor-
manceof thesystemwithoutmusicalknowledge.Experiment2 gave
mixed results,sincethe removal of eventswhich were deemedto
be non-salientalsoremoved many eventswhich occurredon beats,
makingit impossiblefor thebeattrackingsystemto determinebeat
positions.Nevertheless,the net resultof this experimentwasposi-
tive. The third experimentshows a significantimprovementin per-
formancedueto theuseof saliencein thebeattrackingprocess,with
theadditivesaliencefunction I JeKcK 3MLN�UO{��-�5 performingslightly better
thanthemultiplicative function I ASR8T 3MLN�UOQ��-�5 .

Table 2. Evaluationof beattrackingat rhythmiclevel 1

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���0�	�

46 38.0 50 35.0 71 48.6 82 59.9���0�	�
57 47.1 87 60.8 99 67.8 105 76.6���0�	�
63 52.1 105 73.4 116 79.5 118 86.1���0�	�
68 56.2 115 80.4 130 89.0 127 92.7���F�	�
81 66.9 127 88.8 137 93.8 130 94.9���0�	�

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%

At thebottomof Table2 weshow asasummaryof thebeattrack-
ing experiments,theweightedaverageof thebeattrackingevaluation
results(weightedby thenumberof beatsin eachsection).This gives
a clearmeasureof theperformancegainfrom theinclusionof musi-
cal knowledge(in theform of saliencevalues)into thesystem.

We have endeavouredto keepthe systemasgeneralaspossible,
by not encodingspecificdetailsof themusicalstyleof thetestdata.
The parametervaluesandknowledgeusedin the systemarequite
low-level, derivedmostly from thehumanperceptionliterature.We
expectthesystemto performequallywell with othermusicalstyles,
but wedonothavethetestdataneededto verify thisclaim.A version
of thesystemthatusesaudioinput performsvery well with various
stylesof popmusic[6]. Not agreatdealof effort wasspentin ‘tweak-
ing’ parameters;theoverall performanceof thesystemis stablewith
respectto small changesin parametervalues.Furtherimprovement
in thesystemby adjustmentof parameterswouldprobablyonly tune

thesystemto thetestdataset.
Listeningto theperformanceof thebeattrackingsystemdemon-

stratesthatit trackstempovariationsin awaythatcouldbedescribed
as‘musically intelligent’. The systemis not perfect,but a scoreof
100%is not possible,assomepartsof themusicareplayedin free
time, without any notion of beat.It would be interesting,but is be-
yondthescopeof this project,to performbeattrackingexperiments
with humanlistenerstocomparetheresultsof theseexperimentswith
humanbeattrackingability.
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