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Abstract. Whena persontapsa foot in time with a pieceof mu-
sic, they areperformingbeattracking.Beattrackingis fundamental
to the understandingf musicalstructure andthereforean essential
ability for ary systemwhich purportsto exhibit musicalintelligence
or understandingWe presentan off-line multiple agentbeattrack-
ing systemwhich estimateghe locationsof musicalbeatsin MIDI
performancelata.Thisapproacho beattrackingrequiresnopriorin-
formationaboutthe input data,suchasthe tempoor time signature;
all requiredinformationis derived from the performancedata.For
constanttempo performancesprevious beattracking systemshave
proved successfulhowever, thesesystemdail whentherearelarge
variationsin tempo.We examinethe role of musicalknowledgein
guiding the beattrackingprocessandshav thata systemequipped
with knowledgeof musicalsaliences ableto trackthe beatof music
evenin the presencef largetempovariations.Resultsarepresented
for a large corpusof expressiely performedclassicalpiano music
(13 completesonatas)containinga full rangeof temposand much
variability in tempowithin sectionsWith themusicalknowledgedis-
abled,the beatsare tracked about 75% correctly; the inclusion of
musicalknowledgeraiseshis figureto over 90%.

1 Intr oduction

The term beatrefersto a regular pulseperceved whenlisteningto
music— thisis usuallythe temporallevel at which listenerstaptheir
feetor claptheir handsTheperceptiorof the beatis fundamentato
theunderstandingf thetiming structureof music,andthereforealso
anecessargomponenbdf “musically intelligent” applicationssuch
asintelligentdigital audioeditors,musicnotationsoftware,content-
basedsearchenginesandinteractive musicalperformancesystems.
Theactionof findinganappropriatdeatrate(tempo)will bereferred
to asbeatinduction whereashe taskof following the beat,thatis,
finding the locationsof beats,will be referredto asbeattracking.
Ordinary humanlistenersare competenin performingthesetasks;
equialentperformanceon a computerhasproved remarkablyhard
to achieve, exceptfor simplestricttempocases.

One reasonthat computersystemsare quite weak in emulating
humancompeteng in rhythm understandings that they often do
not have accesgo sufiicient musicalknowledgeto guidethe track-
ing processvhensignificantlocal variationsin the beatoccur Most
beattrackingandbeatinductionsystemgely solelyon thetiming of
noteonsetr equivalently thetime spandetweersuccessie onsets
[2, 1, 16, 17,5]. However, it hasoften beenproposedn theoretical
work that finding the beatinvolves matchinga regular grid to the
accentstructureof amusicalwork [13]. Musicalaccentsndicatethe
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relative salienceof musicalevents.Musicalsaliencéas determinedy
anumberof factorssuchasnoteduration,dynamicspitch, harmory,
andcadencesdor instancejongernotesandharmonicallymoresta-
ble notesare more salient. The assumptionborneout in traditional
Westernmusic, is that beatstend to fall on more accented/salient
events.In this paperwe shav thatthe useof suchmusicalknowl-
edgecanenhancéeat-processingpplicationssignificantly

Firstly, we describea multi-agentbeattracking systemthat in-
ducesandtracksthe beatusinga multiple competingagentmethod-
ology. This systemwaspreviously usedsuccessfullyon musicwith
a steadytempo(e.g. pop music)[5, 6], but it wasfoundthatit was
notableto trackthetempovariationsthatoccurin expressie perfor
mancef classicaimusic.By expressiveperformancewe meanthat
the performersntentionallyvary the tempoof the musicin orderto
communicatemotive andstructuralaspect®f themusic.

We thendescribetheincorporationof musicalknowledgeinto the
beattrackingsystem,andshav thatwhenmusicalsaliences taken
into accounttheability of the systemto trackthe beatof anexpres-
sive performanceémprovessignificantly Musicalknowledgeis used
to enhancehe systemin two ways: firstly by detectingandfilter-
ing out non-salientevents,and secondlyby attachingto eachevent
a saliencevaluethatdependn note duration,pitch anddynamics,
andguidesthe evaluationof the beattrackingagents.

Next we outlineaseriesof experimentsapplyingthebeattracking
systemto expressie performancelatastoredin MIDI files, a for-
mat which containsexplicit detailsof the onsets pffsets,pitch and
dynamicsof all the performednotes.An evaluationmethodologyis
then describedwherebythe correctbeatsindicatedin the musical
scoreare automaticallyalignedwith the beatstracked by the algo-
rithm and a ‘goodnessof fit' valueis calculated.The final section
containghepresentatiomnddiscussiorof resultsfor alargedataset
of Mozartpianosonataperformedby a professionapianist.

2 The Multi-Agent Beat Tracking System

In previous work [6], we describeda multiple agentbeattracking
systemwhich processe@udiodataandfoundthe locationsof musi-
cal beats,underthe assumptiorof constantempo.This systemwas
ableto track musicwith minor tempodeviations,suchasmostpop-
ular anddancemusic.In this sectionwe describethe beattracking
systemasit hasheenadaptedor expressiely performedmusic,and
thenin thefollowing sectionwe describethe incorporationof musi-
calknowledgeinto the system.

The beattracking systemhastwo stagesof processingThe first
stageis beatinduction,in which the datais processedo extractthe
locationsof musicalevents,andthentheintervals betweereventlo-
cationsare clusteredto form initial hypothese®f the tempo.The
secondstageof processings beattracking,in which thelocationof
eachbeatis determinedandthustempofluctuationsaretraclked.



2.1 BeatInduction

The beatinduction algorithm is basedon the clusteringof inter-

onsetintervals (I0I's). In the literature,an 10l is definedas the
time betweerthe onsetsf two successie events,but we extendthe
definitionto includetimesbetweeronsetsf pairsof eventsthatare
separatedy intervening event onsets An 101 objectis createdfor

eachpair of onsetsthatareseparatedn time by between0.025and
2.5 secondsand eachlOl objectis thenassignedo preciselyone
cluster accordingo the clusteringalgorithmshavn belav. Whenan
IOl objectis createdthe clusterwith an averagelOl closestto the
sizeof the new 10l is found, andif it is sufficiently close,the new

101 is addedto the cluster The IOl is consideredsufiiciently close
if its valueis within Delta of the averagelOl in the cluster where
Delta is aconstantsetto 25msin thiswork. If no sufficiently close
clusterexists, a new clusteris createdandthe new IOl placedin it.

After all IOIs have beenassignedo a cluster ary pair of clusters
whoseaveragelOl value differs by lessthan Delta is memged to

form asingleclustercontainingthe1Ols from bothclusters.

101 Clustering Algorithm
For eachpair of onsettimest;, t; (with ¢; < t;)
If 0.025 < t; —t; < 2.5
Letl =t; —t;
Find clusterC}, suchthat|Average(Cy) — I| is minimum
If k existsand|Average(Cr) — I| < Delta then

Cr:=CrU {I}
Else
Createnew clusterCy, := {I}
EndIf
EndIf
EndFor

For eachpair of clustersCs, Ct
If |Average(Cs) — Average(C})| < Delta

Cs =CsUCh
DeleteclusterC;
EndIf
EndFor

For example,Figure 1 shaws clusteringfor five events(A, B, C,
D, E) into intenvals of similar size.ClusterC1 containstheintervals
AB, BC andDE, while clusterC2 containsAC andCD. Eachcluster
is identifiedby its averageintenal size.

After clusteringis completedascores calculatedor eachcluster
basednthenumberf IOIsin thecluster Thehighly rankedclusters
usuallycorrespondo eithertheinter-beatinterval (IBl), thatis, the
time betweersuccessie beatspr smallintegermultiplesor fractions
of thelBI. For example,supposeéhatC2 representsheBI; thenC1
representdalf the IBI and C4 representsioublethe IBI. Clusters
relatedin this way areawardedextra points,andthe IOl hypotheses
aresortedinto theirfinal ranked order

In previouswork [4, 5], it wasfoundthatfor popmusic,thecorrect
tempocanbeinducedfrom a 5-10secondexcerptof the musicwith
90%reliability, andby usingmultiple (or longer)excerpts therelia-
bility quickly approache&00%.In thiswork, werely onthemultiple
agentarchitecturedescribedn thefollowing subsectiorto examine
the multiple hypothesegeneratedy the clusteringalgorithm and
choosehemostlikely candidateatthattime. In otherwords, it is not
necessaryo committo a particulartempohypothesisat this stageof
processing.
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Figurel. Clusteringof interonsetintenals

2.2 BeatTracking

The beatinduction algorithm computeshypothesegoncerningthe
inter-beatinterval, but doesnot calculatethe locationof the beatfor

thesehypothesesin Figurel, onehypothesisnight be thatC2 rep-
resentsthe inter-beatinterval, but this doesnot determinewhether
eventsA, C andD arebeatlocationsor whetherB andE arebeatlo-

cations By analogywith wave theory we saythatthebeatinduction
hypothesesoncerrthe frequencybut not the phaseof thebeat.

Thebeatlocationsare determinecby an agent-basedrchitecture
which simultaneouslyexaminesmultiple hypothesesboutthe fre-
gueng andphaseof the beatthroughoutthe music. The agentsare
characterizedby their stateandhistory. The stateis the agents cur
renthypothesiof thebeatfrequeng andphaseandthehistoryis the
sequencef beatlocationsselectedsofar by theagent Eachagentis
evaluatedonthebasisof its history, with higherscoresdeingawarded
for greatemregularity in the spacingbetweerevents,greatersalience
of choserevents,andfewer gapsin thesequence.

Initially, anumberof agentsarecreatedor eachof thehypotheses
from the beatinductionstage;for eachtempo,oneagentis created
for eachof the first few eventsin the piece,with its phasesetto 0
atthetime of the eventonset.A simpleexampleis shavn in Figure
2, wheretherearetwo tempohypothesesandtwo startinglocations,
eventsA andB. Agentsl and?2 startwith the samephase put dif-
ferenttempo,while Agent 3 startswith a differentphase but same
tempoasAgent2. Notethatthereis no needto startanagentwith the
tempoof Agent1 andphaseof Agent3, sinceAgent1 coversevent
B itself.
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Figure2. Beattrackingagentqseetext for details)



The main loop of the beattracking sectionpassesachevent to
eachagentwhich comparesheevent’s onsetime with thepredicted
beatlocation. The agentshave two windows of tolerance(showvn in
Figure 3): aninnerwindow, within which the agentis surethatthe
event correspondso the predictedbeatlocation,and an outerwin-
dow, within whichtheagents unsurdf theeventshouldbeaccepted
asabeatlocation.Theinnerwindow is symmetricalandhasa fixed
size of 70ms,the outerwindow is asymmetricabndits size varies
with the IBI. If the event falls in the inner window, it is addedto
the agents history, andthe agents tempoandphasehypothesesire
updated!f the eventfallsin the outerwindow aroundthe predicted
location,the agentcreatesa clonewhich acceptghe eventasa beat
location,while the currentagentrejectsthe event.In Figure2, Agent
2 createsAgent 2a when event E falls in its outer window of ex-
pectedbeatlocations.This guardsagainstthe currentbeatlocation
beinglost dueto a rogueevent, whilst also allowing for moderate
deviationsin tempoandphaseto occur Whenan acceptedeventis
more than one beatfrom the previous beatlocation determinedby
the agent,the missingbeatsarefilled in by interpolation(shovn by
hollow circlesin Figure?2).
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Figure3. Beatpredictionwindows for asingleagent:A andB arereported
beatpositions;C andD arethenext two predictedbeatlocations

Astheagentdrackthebeatsa confidencevalueis maintainedor
eachagent.This valueis increasedachtime aneventis accepteds
a beatlocation. The amountof increasedependsn the salienceof
the event (describedn section3) andits proximity to the predicted
beatlocation. The event saliencevalue is multiplied by a number
betweerD and1 representinghe distancebetweerthe predictedand
actualbeatlocationsrelative to the predictionwindow, andthisvalue
is addedto theagents confidencevalue.

It often occursthattwo or moreagentscometo the sameconclu-
sionaboutthecurrenttempoandbeatphase Sincethesearetheonly
variableghatdeterminegheagents state(andtherefordts future be-
havior), it is computationallyadvantageouso remove all but oneof
theseagreeingagentsretainingonly the agentwith the highestcon-
fidence(thatis, with the bestscoringhistory).In Figure2, Agent3
is terminatedvhenits statecoincideswith thatof Agent2a,asindi-
catedby thearrav ateventE.

After thelasteventis processedhehighestscoringcurrentagent
is selectedandits historyis outputasthe beattracking“solution”. It
is alsopossibleto view atraceof the agentsandtheir scoresat each
eventduring processingFor auraltestinganddemonstrationsf the
systemthemusiccanalsobeplayedbackor savedto file with aclick
track addedto it, thatis, a percussiortrack indicatingthe positions
of beatsasreportedby the beattrackingagent.

3 Musical Knowledge: SalienceCalculation

In the previous system,underthe assumptiorof an almostconstant
tempo,it was suficient to evaluatethe beattracking agentson the
basisof their ability to find a sequencef regularly spacedevents
with few gapsandlittle variationin the spacing Thelevel of musical
knowledgepossessebly theagentsn this systemwasextremelylim-

ited, but it wassuficient for relatively constantempoperformances.

Oneof the keys to the succes®f the systemwasthatit usedaudio
input, for which theonsetdetectioralgorithmwasonly ableto detect
someof themusicalevents whichtendedo bethemoresalientones,
in thesensef having asharpincreasen amplitudeatthenoteonset.
In otherwords,the onsetdetectionalgorithmeffectively filtered the
events,implicitly selectingonly thosewhich weremoresalient.Ac-

cordingto musictheory the moresalienteventsarealsomorelik ely

to occurin rhythmically strongpositions,suchason beatlocations.
It wasfoundthattheinclusionof lesssalienteventsactuallyhinders
the performanceof the beattracking system,asit greatly enlages
thesearchspacewithoutaddingmorecorrectsolutions.In this work,

we useMIDI input, which representsill eventsexplicitly, including
mary non-salientevents, so the systemmust chooseexplicitly be-
tweenthe mary extra possiblesolutions.

We claim that the systemrequiressomeform of musicalknowl-
edgeto guideits selectionof alternatve possiblesolutions.It is ex-
pectedhatamongthe mary beattrackingagentshe onethatdetects
the largestnumberof salienteventsis mostlikely to be correct.We
now definemusicaleventsanddescribenow musicalknovledgecan
beusedto generata saliencevaluefor eachmusicalevent.

In the contet of theseexperimentsmusicaleventsaretakento be
eitherindividual notesor chords(synchronougollectionsof notes).
Empiricalresearcthasshavn thattwo tonesareheardasbeingsyn-
chronousif their onsettimesdiffer by lessthanroughly 40ms;for
morethantwo tonesthis thresholds up to 70ms[11]. We have used
the thresholdof 70msto corvert the MIDI datainto musicalevents
(notesandchords).

At the next stage a saliencestrengthis calculatedfor eachmusi-
cal event. In theseexperimentsthe following threesaliencefactors
have beentakeninto accountthedurationof notesin eachevent,the
dynamicvalue(MIDI velocity) andthepitch value(MIDI notenum-
ber).Accordingto musictheory noteswith longerdurationshigher
dynamicvaluesor lower pitchesare consideredo be more salient
for communicatingherhythmicstructureof the music.Thesalience
valuefor a chordis calculatedusingthelongestduration,the sumof
thedynamicvaluesandthelowestpitch of all the notesin thechord.

Althoughthequalitative effect of eachof theseparametersn mu-
sical salienceis known, no quantitatve measurenasbeenproposed
by which the threefactorscan be combinedinto a single salience
valuefor eachevent. Two typesof saliencdunctionsweretested an
additive function s, 44(d, p, v), which usesa linear combinationof
the parametersanda multiplicative function s, (d, p, v) whichis
non-linear A thresholdfunction is usedto restrictthe rangeof the
pitch parameterand constantsare usedto setthe relative weights
of the threeparameterswith the sign of the constantgletermining
whethertherelationshipis director inverse.

Sadd (dvp) U) =c1.d +c2 -p[pmin,pmaw] +c3.v
smul(d,p, U) = d-(C4 - p[pmin,pmax])-lo.g(v)
where:

c1,c2, c3 andey areconstants,

d is durationin seconds,

pis pitch (MIDI number),

v is dynamicvalue(MIDI velocity),and

Pmins P < Pmin
p[pmin,pmam] =43\D Pmin <P < Pmaxz
pmal'7 pmam S p



After a little experimentation,we chosethe following values:
c1 = 300;¢c0 = —45¢3 = 1;¢4 = 84; pmin = 48; Pmaz = 72. The
parametersvere setto make the durationof notesthe mostsignifi-
cantfactorin the saliencecalculation,with the dynamicsand pitch
factorshecomingmoreinfluentialwhennoteshave relatively similar
durationsTheprecisevaluesof parametergonotmake alargeover-
all differenceto the resultsacrosshe entiredataset,but canhave a
significanteffect on particularexamples A morethoroughinvestiga-
tion of parametewvaluesis a subjectfor furtherresearch.

4 BeatTracking Experiments

We now describethe variousbeattracking experimentsperformed.
Theresultsarepresentedn section6.

4.1 Experiment 1: Constant Salience

Thebeat-trackinglgorithmwasappliedon the untreatedMIDI files

taking into accountonly the event onsettimes. Eachevent was as-

signeda constantsaliencevalue for usein the agents’evaluation

function. As expected this experimentdid not produceparticularly

goodresults,asthe agentshave mary equal-strengttevent options
from which to choosepossiblebeatlocations. This experimentset

thebaselevel from which we wereableto measurehe performance
gain obtainedby the applicationof musicalknowledgein the beat
trackingsystemasdescribedn thefollowing two experiments.

4.2 Experiment 2: Filtered MIDI files

In this secondexperiment,MIDI files werepre-processetb discard
non-salienevents.Thiswasachieved by keepingonly eventswith an

additive salienceexceedinga certainthresholdandapplyingthebeat
trackingalgorithmto the remainingevents,usinga constansalience
valueasin experimentl. For thisexperimentthethresholdvassetto

anintuitively meaningfulvalue thatis, theadditive saliencevalueof

anoteof averagepitch, averagevelocity andduration200ms,which

is just belav half of the modalinter-beatintenal.

4.3 Experiment 3: Agentswith SalienceFunctions

In the previous experiment,we useda binary notion of salience:an

eventis eithersalientandis thuspresered, or non-salientandthus
omitted. In the final experimentswe allowed multi-valuedsalience
strengthdo beincorporatedn thebeat-trackingrrocesdor theselec-
tion of the bestagent.Insteadof countingthe numberof eventsthat
anagenthastracedwhichis approximatelywvhatoccurswhenacon-

stantsaliencefunctionis used,a progressie confidencescore(sum
of adjustedsaliencevaluesfor all the eventstracedby anagent)was
computedfor eachagentand usedto selectthe final solution. Two

experimentswvere performed:experiment3a usedthe multiplicative

saliencefunction s, (d, p, v) andexperiment3b usedthe additive

saliencefunction s, q4(d, p, v), definedin section3. Beforepresent-
ing the resultsof the experimentsin section6, we briefly describe
ourapproacho evaluation.

5 Evaluation

Much work on beattrackinghasworked from notatedmusicrather
thanperformancelata[14, 15, 3], andthoseusingperformancealata
have often usedsimplepiecessuchasnurseryrhymes[12] or short
excerptsof the melody lines of pieces[16], with the exceptionof

Goto[7,9, 8,10], whousedaudioCD’s of populamusic.Apartfrom
thedifficulty of beattrackingthetempovariationsin performedmu-
sic, afurtherproblemwith usingperformancelatais thattheresults
mustbe evaluatedby the subjectve locationof beatpositions[8, 6].

A greatadwantagewith the currentwork is thatthe evaluationof
resultsis not basedon a subjectve measureof beatlocations,since
alarge corpusof performancalatatogetherwith the corresponding
musicalnotationis available.Thisenableshedirectevaluationof the
systemby comparingthe beattracking results(the reportedbeats)
with the beatspecifiedin the musicalscore(the notatedbeats).The
testingis in fact performedautomatically sincethe musicalscores
areavailablein a symbolicformat.

To evaluatethe beattrackingof a sectionof music,we first match
the reportedbeat locationswith the musical scoredata. Eachre-
portedbeatis matchedwith the nearesnotatedbeat,unlessthe gap
is greatetthanafixedtolerancevalue,in which casethe beatsareleft
unmatchedThis createghreeresultcatgories:matchedpairsof re-
portedandnotatedbeats,unmatchedeportedbeats(falsepositives)
andunmatchedotatedbeats(falsenegatives). Theseare combined
usingthefollowing formula:

n

E ion = ——————
valuation P T

wheren is the numberof matchedpairs, F* is the numberof false
positives,and F'~ is the numberof falsenegatives.In this work, the
tolerancewindow for matchingbeatswaschoserto matchthe win-
dow for determiningwhennotesare simultaneousthatis, 70ms.A
lessstrict correctnessequirementvould allow thematchingof pairs
overalargertimewindow, with partialscoreseingawardecdto “near
misses” andthenumeratoof theequatiorbeingreplacedy thesum
of thesepartialscores.

Theevaluationfunctionyieldsavaluebetweer0 and1, whichwe
expressasa percentageT hevaluesareintuitively meaningfulif the
only errorsarefalsepositives,thevalueis the percentagef reported
beatswhich are matchedwith notatedbeats;if the only errorsare
falsenegatives, the valueis the percentagef notatedbeatswhich
werereported.

One aspectof evaluationwhich hasyet to be addressedn this
work is the problemthatit is possibleto trackbeatsat morethanone
level. For example,in apiecethathasavery slow tempo,it might be
naturalto track the beatat doublethe rateindicatedby the notation
[3]. Thepercevedbeatandnotatedbeatarenotnecessarilyhesame.
The formula shavn above gives meaningfulresultsonly whenthe
rhythmiclevel of beattrackingcoincideswith the notatedbeat.

6 Resultsand Discussion

The beattracking systemwastestedon 13 completepiano sonatas
by Mozart (KV279-KV284, KV330-KV333, KV457, KV475 and
KV533), playedby a professionapianist. This totals several hours
of music,andover 100000notes Thefilesweredividedinto sections
asnotatedin the music,andbeattrackingwasperformedseparately
oneachfile (222filesin all). Thesoftwareis writtenin C++andruns
onalinux systemtakingunder5 minutesto processll 13 sonatas.
Thefirst setof resultsshavstherhythmiclevel choserby thehigh-
estscoringagentrelative to themusicalscore For almostall sections,
amusicallyplausiblerhythmiclevel waschosenyith slightly worse
performancen experimentl whereno musicalknowledgewasused.
Table 1 shawvs the numberof sectionswhich were tracked at each
rhythmiclevel (expressedasa multiple of the tempo).The rows la-
belledotherandfail representhe casesvherea musicallyunrelated



rhythmiclevel waschosenandwhenbeattrackingfailedto produce
asolutionatall, respectiely. The majority of piecesweretrackedat

the notatedlevel, with othersbheingtracked at double,four timesor

half the notatedevel, aswould oftenbe doneby humanlisteners.

Tablel. Rhythmiclevelsof beattrackingsolutions
Rhythmic Numberof sections
level Expl | 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
15 16 0 1 5
other 8 2 1 2
fail 0 2 0 0

Table 2 shaws the resultsof evaluatingthe beattracking of the
sectionstracked at the notatedrhythmic level, usingthe evaluation
formula from section5. For eachexperimentwe shav the number
of sections(n) andthe percentag®f sectionswhich achieved vari-
ous minimum scores Experimentl providesthe baselevel perfor
manceof the systemwithout musicalknowledge.Experiment2 gave
mixed results,sincethe removal of eventswhich were deemedto
be non-salientalsoremoved mary eventswhich occurredon beats,
makingit impossiblefor the beattrackingsystemto determinebeat
positions.Neverthelessthe net resultof this experimentwas posi-
tive. The third experimentshaws a significantimprovementin per
formancedueto theuseof saliencen the beattrackingprocesswith
theadditive saliencedunctions,qq(d, p, v) performingslightly better
thanthe multiplicative function s, (d, p, v).

Table2. Evaluationof beattrackingatrhythmiclevel 1

Result Exp.1 Exp.2 Exp.3a Exp.3b
Range n % n % n % n %
100% || 42| 34.7| 17| 119( 54| 37.0| 59| 431
> 95% 46| 38.0|| 50| 35.0|| 71| 486 82| 59.9
> 90% 57| 47.1|| 87| 60.8| 99| 67.8| 105| 76.6
> 85% 63| 52.1| 105| 734 116| 79.5| 118 | 86.1
> 80% 68 | 56.2|| 115| 80.4 | 130| 89.0| 127 | 92.7
> 70% 81| 66.9| 127 | 88.8| 137| 93.8| 130 | 94.9
>50% || 100 | 82.6( 136 | 95.1| 143| 97.9| 136 | 99.3
>0% || 121 | 100.0|| 143 | 100.0 || 146 | 100.0 || 137 | 100.0
Average 75.4% 85.0% 88.5% 91.1%

At the bottomof Table2 we shav asa summaryof the beattrack-
ing experimentstheweightedaverageof thebeattrackingevaluation
results(weightedby the numberof beatsin eachsection).This gives
aclearmeasuref the performanceyainfrom theinclusionof musi-
calknowledge(in theform of saliencevalues)into the system.

We have endeaouredto keepthe systemasgeneralas possible,
by not encodingspecificdetailsof the musicalstyle of the testdata.
The parametewvaluesand knowledge usedin the systemare quite
low-level, derived mostly from the humanperceptioriterature.We
expectthe systento performequallywell with othermusicalstyles,
but we donothave thetestdataneededo verify thisclaim. A version
of the systemthat usesaudioinput performsvery well with various
stylesof popmusic[6]. Not agreatdealof effort wasspentin ‘tweak-
ing’ parametergtheoverall performancef the systemis stablewith
respecto small changesn parametewvalues.Furtherimprovement
in thesystemby adjustmenbf parametersvould probablyonly tune

thesystemto thetestdataset.

Listeningto the performanceof the beattrackingsystemdemon-
strateghatit trackstempovariationsin away thatcouldbedescribed
as‘musically intelligent’. The systemis not perfect,but a scoreof
100%is not possible assomepartsof the musicareplayedin free
time, without ary notion of beat.It would be interesting,but is be-
yondthe scopeof this project,to performbeattrackingexperiments
with humaniistenergo compareaheresultsof thesesxperimentswith
humanbeattrackingability.
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