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ABSTRACT

We presenta new methodfor establishingan alignment
betweera polyphonicmusicalscoreanda corresponding
sampledaudio performance.The methodusesa graphi-
cal modelcontainingboth discretevariablescorrespond-
ing to scoreposition,aswell asa continuoudatenttempo
process.We usea simple datamodelbasedonly on the
pitch contentof the audiosignal. The datainterpretation
is de nedto bethemostlikely con gurationof thehidden
variables,given the data,and we develop computational
methodologyfor this taskusinga variantof dynamicpro-
gramminginvolving parametricallyrepresentedontinu-
ousvariables.Experimentsarepresentedn a 55-minute
hand-markdorchestratestset.
Keywords: PolyphonicScoreAlignment

1. INTRODUCTION

We addressin audiorecognitionproblemin which a cor-
respondences establishedetweera polyphonicmusical
scoreandan audioperformanceof thatscore. Thereare
two versionsof this problem,often called “on-line” and
“off-line” recognitionor parsing.

Off-line parsingusesthe completeperformanceo es-
timatethe onsettime for eachscorenote,thusthe off-line
problemallows oneto “look into the future” while estab-
lishing the match. Part of our interestin off-line parsing
problemstemsfrom a collaborationwith the Variations2
Digital Music Library Projectat IndianaUniversity. One
of the mary aims of this projectis to allow listeners,in
particularstudentsn their Schoolof Music, new toolsfor
learningandstudyingmusic,interleasing sound text, mu-
sic notation,andgraphics.Onespeci c goalis to give the
user‘randomaccess'to arecordingallowing playbackto
begin atary time, expressedn musicalunits,e.g.thethird
beatof measurel7. Clearlythisapplicatiorrequireseither
handmarkingof audio or off-line parsing. Another off-
line applicationis the editing and post-processingf dig-
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ital audio,in which mary tasksrequirethe userto locate
andmodify a speci c placein avery large audiodata le.
Our personalinterestin off-line parsingis motivatedby
yet anotherapplication: our work in musicalaccompani-
mentsystemsiIn this effort we resynthesize prerecorded
audio performanceat variablerate to accompaw a live
soloist. Thesynchronizatiomequireshatwe begin with a
correspondencletweerthe prerecordedudioanda mu-
sicalscore.

On-lineparsingsometimegalledscoe-following pro-
cesseshedatain real-timeasthesignalis acquired.Thus,
no “look ahead”is possible,aswell asimposingspeed
constraintson the real-timealgorithm. The goal of on-
line parsingis to identify the musicaleventsdepictedin
the scorewith little lateng and high accurag. Musical
accompanimensystemsmustperformthis taskwith the
live soloist's input. Otherapplicationsinclude the auto-
matic coordinationof audio-visualequipmenwith musi-
cal performancesuchas operasupertitlesand real-time
score-basedudioenhancemerd.g.pitch correction.We
will treatthe off-line problemin this work, however ex-
tensionsf our approactio on-lineparsingarepossible.

Many researcherbBave treatedon-lineandoff-line mu-
sical parsingincluding [2], [12], [1], [6], [3], [7], [4],
[5], [9], [11], to namesereral. See[10] for a thorough
bibliographyof the subject.While mary variationsexist,
the predominantpproachseeksa bestpossiblematchby
“warping”thescoreto t thedatausingsomeform of dy-
namicprogramming.The measure®f matchquality are
quite varied,including edit-like distancesand probabilis-
tic measuresasin the popularhiddenMarkov modelap-
proaches Without doubt,theseefforts containmary no-
tablesuccessed)owever, the problemstill remainsopen.
In our personakxperiencewith theHMM approacttited
above, resultsdegrade sometimeslramatically aswe en-
counterincreasinglydif cult domainssuch as comple
polyphory, variedinstrumentatexture,fastnotes reartic-
ulationsandoctave slurs,largetempochangesunpitched
soundsetc. While theliteraturecontainsvery little in the
way of formal evaluations,otherresearcherseemto ex-
periencesimilar problems. The needfor a more robust
andwidely applicableapproachs the motivation for the
currentwork.

We believe the “Achilles' heel” of all pastapproaches
we know, including our own, is the modelingof length



for theindividual notes. If theissueis treatedat all, note
lengthsare either constrainedo somerangeor modeled
asrandom,with the rangeor distribution dependingn a

global tempoor learnedfrom pastexamples. Eitherim-

plicitly or explicitly, thenotelengthsareregardedasinde-
pendentariables However, notelengthsareanything but

independentOur belief, bolsteredby cornventionalmusi-

calwisdom,is thatthelion's shareof notelengthvariation
canbe explainedin termsof a time-varying tempopro-

cess.Thefailureto modeltime-varyingtemposhiftsmore
burdento the audiodatamodeling,requiringthe method
to follow the scorealmostexclusively usingsound with-

out regardfor one of the most basicaspectf musical
timing. Thiswork explicitly modelsempoasareal-valued
processhopingthatthemorepowerful modelwill beable
explain whatthe datamodelcannot. Our datamodel,in-

troducedin Section2, is indeedsimple-mindedfocusing
exclusively on pitch content. While we expectthat im-

provementsto our systemwill be achieved by strength-
eningthis model,theresultspresentedn Section4 argue
thatour focuson thetempomodelis well-placed.

The most straightforvard approachto tempomodel-
ing would representhe “state” of the performanceasa
scorepositionandtempopair — both discretevariables.
Fromframeto framethe positionwould be updatediusing
the currenttempowhile the tempowould be allowed to
graduallyvary. We have attemptedsuchan approachus-
ing a HMM framework, but found that the discretization
of positionandtemponeededo be extremely ne before
usefulresultswereachieved. This earliereffort is, by no
means,a “straw man” createdonly to motivate the cur
rentapproachRather our currentapproactstemsfrom a
deepeunderstandingf the computationalssuedearned
from this previouseffort.

We rst presentin Section2 a mathematicaimodel
that combinesa note-level model for rhythmic interpre-
tationwith a frame-by-framedatamodel. The note-lesel
modelexplicitly represent$empovariationand note-by-
note deviations. The datamodelis basedcompletelyon
the pitch contentof the audio. The mostlikely parseis
not computableby corventionalmeanshowever Section
3introducesa methodby which excellentapproximations
to themostlik ely parsecanbe computed We attributethe
succesof the approachto the nearglobal optimization
performedin this section. Section4 presentsesultson a
55 minutewidely variedtestsetof shortorchestramove-
mentscontainingexamplesrom Mozartto Shostakvich.
The resultsdemonstrate¢hat the note onsetestimatesre
generallyquite accurateandonly veryrarelydoesthe al-
gorithmbecomerrecoverablylost. Our datasetasbeen
madepublicly availableto facilitatecomparisons.

2. THE MODEL

In the caseof monophonianusic,a musicalscorecanbe
representedsa sequencef scorepositionsexpressedn
beats,with associategitches. Polyphonicmusiccanbe
viewed, similarly, asa sequencef scorepositionswith

associateahords In the polyphoniccase the scorepo-
sitions would be createdby sorting the collection of all

musicaleventlocations(in beats)over all parts,anddis-
cardingduplicatepositions.Eachscoreposition,in beats,
would then be associatedvith the collection of pitches
that sounduntil the next musicalevent. Thus our sim-
pli ed scoredoesnot represenwhich notescomefrom

whichinstrumentsor distinguishbetweer‘attacking” and
“sustaining”notesin achord,althoughtheseaspectgould
beincludedin a moresophisticatecudiomodelthanwe
useat presentWe notatethis scoreby

@)

wherethe th eventbeginsat  beatsand is thecol-
lectionof currently-soundingitches.By corvention,

and isa0-note“chord” correspondingo the silence
attheendof theaudio.

Let be the sequenc®f times,in secondsat
which the chord onsetsoccur Typically the onsettimes
arethe productof numerousnterpretatve issuesaswell
astheinevitableinaccuracie®f humanperformanceWe
modelherewhatwe believe to bethe mostimportantfac-
torsgoverningmusicaltiming: time-varyingtempoaswell
as note-by-notedeviations. More precisely we modela
randomprocesn and through

)
®3)

for where
th chord:

is the length, in beats,of the

describedby Eqn. 2 is our tempoprocess
where s the local beatlength (secs.per beat) at the
th chord. The  variablesareassumedo have 0 mean
so the model givesthe local tempoat eachnewv musical
eventasthe previoustempoplus a small error. In other
words,tempois modeledasa “randomwalk.

Accordingto the model,eachonsettime, , is given
asthe previous onsettime, , plus the currentchord
length as predictedby the currenttempo( ), plusa
randomincrement( ). Theselast randomincrements,
the , arealsoassumedo be 0 meanvariablesso they
tendto be small. One possibleview of the  variables
is as agogic accents— at leastwhenthey are positive
andhencecorrespondo notelengtheningsHowever, in-
dependenbf any musicalmodelingconsiderationghese
variableggivethemodelameanof explainingnotelength
variationsassomethingtherthantempochangethussta-
bilizing themodel.

Thedependengstructureof the and variabless ex-
pressedisa directedagyclic graphin thetop of Figurel.
In interpretingthis picture,the behavior of eachvariable
(nodein thegraph)canbedescribedjivenonly its parents
in thegraph,e.g. depend®n and

Letting and , this
modelleadsto a simplefactorizatiorof thejoint probabil-



O
—C
O

Figure 1. The dependeng structureof the model vari-
ablesexpressedisadirectedagyclic graph(DAG). Circles
denotecontinuousrariableswhile squaresienotediscrete

variables.The darkenedsquaresepresenbbsenredvari-
ables— thespectrogranframes.
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ity density ,as

Thefactorsin this equationare,moreexplicitly,

(4)
(5)

denotesthe univariate
and variance

, Where
normal density function with mean
Themodelparameters and
areassumednown. In practice, and would be
chosento re ect our knowledgeaboutthe initial tempo.
The varianceshouldre ect thatbothtempo
changesndnote-by-notechangesn notelengthincrease
with longernotevalue. The  varianceshouldbe es-
sentiallyin nite, correspondingo our lack of knowledge
aboutwherethe rst noteof the piecewill begin, thereby
renderingthe choiceof irrelevant.

Ouraudiodatacomefrom asampledaudiosignalwhich
we partitioninto asequencef overlappingrames,
eachcorrespondingo  secondof sound( ms.
in our experiments).For eachframe,
welet  denotethe index of the chordthatis soundmg
for theframe.For example thesequencef values:

(6)

wouldsignify thatthe rst notebeginsat secondsind
lastsfor secondstheseconchotebeginsat
secondsndlastsfor secondsetc. In ourmodeleach
frame of audio datadependsonly on the currentchord
which is sounding,thus if and

, we have
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Figure 2. Left: An idealized spectrumfor a single
note. Right: An analogousspectrumfor two simulta-
neousnotescreatedasa superpositiorof two single-note
spectra.

Theconditionaldistributionof given isdepictedn the
bottomof Figurel.

Our actualdatamodelis givenby

()

In Eqn.7, is anidealizedpower spectrumassociated
with chordindexedby  andis obtainedasa superpo-
sition of the idealizedindividual note spectraand then
normalizedto sumto 1 over the frequeng variable,
The left panelof Figure2 shavs an exampleof anideal-
ized single-notespectrumwhile theright panelgivesthe
idealizedspectrumfor a two-notechord. Thus,the right
spectrumnormalizedto sumto onewould play the role
of in Eqgn. 7 for the correspondingwo-note chord.
in Eqn.7, isthe obsenedspectrumfor the th audio
frame,and is ascalingconstanthatweightsthe contri-
bution of the dataterm to the overall model. The factor

canbedisrggardedsincethe  variablesare x ed,
thusthe 's areconstant.This datamodelwould re-
sult if we wereto assumehatthe obsened spectrogram
wasthe histogramof arandomsamplefrom the probabil-
ity distributiongivenby . However, evenwithoutsuch
justi cation, the modelis intuitively plausible.

We areinterestedin specifyinga joint model on the
variables . Thekey obsenationhereis that,upto
a discretizationerror, and containidentical informa-
tion: thepartitioningof theaudiosignalinto chords.Thus
we losenothingby eliminating andmodeling
To do this, notethatarny sequence im-
plicitly x esthetheactualonsettimesthrough

(8)

so we have wherethe later proba-
bility is given by the modelof Eqns.2 and 3. We have



Figure 3. The searchtree associatedvith optimization.
Thelabel of atreenodeis the scoreindex describingthe
currentchord.

alreadydescribedhe conditionaldistribution , SO

(9)

(10)

While theright handsideof Eqn.10appearso depenchn
, werecallthat , asin Eqn.8.

We cannotwrite ary simpleDAG representatioof the
probability distribution on . TheactualDAG would
becompletelyconnectedbetweerthe and layers.How-
ever, the modelis still computationallytractable,aswe
shaw in thefollowing section.

3. COMPUTING THE MAP ESTIMATE

Our goalis now phrasedasfollows: Giventhe obsened
data, , weseekthemostlikely con gurationof theunob-
senedvariables, and :

(11)

If all variableswerediscretethis problemwould be solv-
ablethroughtraditionaldynamicprogrammingechniques,
however, notethatthetempoprocess, , is continuousWe
describehereamethodfor approximatingheglobalsolu-
tionto Eqn.11usingatechniquehatis similarto dynamic
programminghut allows usto treatcontinuousvariables.
Considerthetreeof Figure3, which describeganenu-
merationof all possiblerealizationsof the labeling pro-
cess . First, theroot of thetreeis labeled0. Then,ary
nodein thetreewith label will have two children
labeledby and , while anodelabeled will have
asinglechild labeled . Thelabels and correspond
to the silenceat the beginningandendof the audiodata.
Notethatany pathfrom theroot of the treeto a nodeat
depth traversesasequencesf labelscorrespondingo a
possiblerealizationof the , andhenceanalign-
mentof the rst framesof audiodata; clearly all
possiblerealizationsarecontainedn thetree.

Traversingapartialpaththroughthetree( xing
impliesthatthe rst framescontain noteswhere

. Additionally, the rst variables arealso
determinedhroughEqn.8. Forthepartialpath,
theprobabilitydensityfor thevariables

; is
12)
(again ) For eachpartialpath  de ne
(13)
givesthequality of aparticularpath  asafunc-

tion of thecurrenttempo , assuminghe mostfavorable
choiceof pasttempovariables .

While thecalculationsaresomavhatinvolved,
canbeshawn to follow the simpleparametridorm

) (14)

with parameters . In fact, a simplerecursioncan
be developedfor this function as one proceedsdown a
particularpathin the tree of Figure 3, asfollows. Sup-

pose is suchthat and
. Therearetwo cases.First,
if (the th chord persiststhroughthe th
frame),then
Otherwise,
(15)
where

Notethat, ratherthanhaving a single“score” for each
partial path, , we describethe quality of the pathasa
functionofthecurrenttempq

In interpretingthis representatiorthe scalingparameter



Figure 4. Left: Thefunctions beforeRight:
Thereduceccollectionof functionsafterthinning.

, givesanoverall descriptionof the quality of the partial
pathsinceit is the maximalprobabilityattainable Thatis

describeshebestvalueof thecurrenttempo, , for the
path. isameasuref how fastthepathquality decreases
aswe move away from thebesttempo,

Clearlythe numberof treenodesis exponentialin the
tree's depthmakingit impossibleto explorethetreethor-
oughly without additionalinsight. The key obsenation
hereis that somepartial pathscan be eliminatedwithout
sacri cing the searchor the optimal path.

Supposéghattwo partialpaths and
bothbegin the th noteatthe th frame:
and . If we alsohave

for all valuesof the currenttempo , thenno
matterhow the pathscontinuethe  branchwill always
beatthe branch.So,withoutary loss,we caneliminate
thelatterbranch.

Moregenerallysuppos¢hat isthecollectionof paths
thatbeginthe th noteonthe thframe,i.e.

aresuchthat

De ne the set asthe smallestsubsetof such
that
for all  asin Figure4. Thus are the Gaus-

sianghatattainthe maximumvaluefor sometempovalue.
Pathsnotin arenotoptimalfor ary valueof , so,rea-
soningasabove, we caneliminateary suchpathwithout

lossof optimality. Due to the simple parametricform of

the functions thethinningprocedureanbecom-

putedwith a computationakostthatis quadraticin

The thinning algorithm canbe performedon a restricted
setof possibletempovalues,say to achieve

greatereductionof the partialpaths.An algorithmfor the

thinning operationis discussedn [8] aswell adiscussion
of computationatompleity andtheoptimality properties
of therestrictecthinningalgorithm.

In our experimentsthe numberof kernelsthat survive
the thinning processdoesnot increasewith the number
of original kernels. Assumingthatthe numberof surviv-
ing kernelsof eachthinningoperatioris boundedy some

maximum,the thinning procedureeduceghe numberof
partial pathsat eachframeto a numberthatis, at worst,
linearin  — the numberof chordsin the score. The
pathssurviving thinning represent tiny fraction of what
would exist otherwisesince without thinning,thenumber
of partialpathsgrows exponentiallyin , thecurrentanal-
ysisframe.In ourapplications, canbein thethousands,
soanalgorithmthatis linearin s still nottractableand
more pruningmustbe done. We discussfurther pruning
in thefollowing section.

The nal parses obtainedby tracingbackthebestsur
viving pathatthe nal frame, . Thatis, our parseesti-
mateis where

andonly pathsthat reachthe nal scoreposition, , in
the th frameareconsidered.It is alsostraightforward
to recoverthehiddentempovariablesalthoughwe do not
dosoin this particularapplication.

3.1. Further Pruning

As obseredabove, we still needto prunepathsto make
theproposedlgorithmfeasible A simpleapproactwould
beto sortthecurrent(surviving) hypothesesnthe® " pa-
rameterandprunethe smallestof these.In experimenting
with this pruningmethodwe have obsenedthatbranches
alreadyexceedinga reasonableamountof time for the
currentchord avoid being prunedby delayingthe chord
changetherebydelayingincurringtheassociatedotelength
factor . This phenomenoris analogougo
the“horizon effect” of computerchessn which hypothe-
sesreceve falsely in ated scoresby postponingan in-
evitableendbeyondthe searcthorizon.

A secondproblemis that, at ary particular analysis
frame, , thevariouspartialpaths, , will
representifferent positionsin the musicalscore. Sup-
posethata particularpathis currentlyin the th notein
thescore.Thenthelikelihoodof this partialpathwill con-
tainafactorfor eachof the asin Eqn.12. Since

variesover the partial pathsthe -scoresarecomposed
of differentnumbersof factorsand direct comparisonis
suspect.

We remedytheseproblemsby sortingthe partial paths
over — —— andpruningthe pathshav-
ing thelowest scoreswhere

In the above equation,
lihood of the partial path.
log likelihoodfor the rst
ableswith

is simply the datalog like-
is the optimal model
tempoandpositionvari-
taking somevaluein the future. Sincea



partial path, , implicitly x esthe rst  position vari-
ables , we only maximize over the remaining
variables. While we omit the calculation,one caneasily
compute recursvely as increases.At ary x ed
iteration,thenwe are sortingover the datalog likelihood
plusaconstantimestheaverage modellik elihood,there-
fore not penalizingthe pathswith morenotes. However,
as and this graduallyreducedo the the
originallog likelihood asin 13.

4. EXPERIMENTS

To evaluateouralgorithmwe constructectestsetof short
orchestralmovements(and one operaselection),repre-
sentinga variety of musicalstyles. Therestrictionto the
orchestraldomaindoesnot re ect a known limitation of

our methods— to the contrary orchestraimusicis quite
heterogeneousndcontainsmary of thedatatypeswe be-

lieve to be mostproblematicfor scorematching,suchas
tempochangesrubato,fastnotes,andvariedinstrumen-
tal texture. Thechoiceof datawasin uenced by personal
taste.

Recall that our musicalscoreis representeds a se-
guenceof (musicaltime, chord) pairsasin Eqn. 1. In
mary casesthis representatiortan be constructedauto-
matically from a MIDI le. To this we collectedaround
20MIDI les from the ClassicalMidi Archives In creat-
ing our scoresve replacedhotesequencewithin asingle
voice that appearedo be trills or tremolosby sustained
notes.In addition,two notesvery nearlysharingthe same
onsetiime arebothassumedo begin atthe“simpler” mu-
sical time (the one with the smallerdenominatorwhen
expressedn beats). Aside from thesespecialcasesthe
processingonsistof a straightforvardextractionof data
from theMIDI les. In particulat our algorithmcreates,
for eachMIDI le, anotelist containingthemusicalonset
timeswith thecorresponding/lIDl notecommandsa list
of tempochangesandlist of meterchanges.

About half of theseles wererejectedfor variousrea-
sons eitherbeforeor afterthis preprocessingtage:some

les werepianoreductions,somehad suspiciouslycom-
plex reconstructeahythm suggestingexpressve timing,
somecontainedtherassortednomaliesThereis norea-
sonto assumehat our matchingalgorithmwould fail on
the MIDI les we rejected. In fact, a previous experi-
mentshoved excellentresultswith a pianotranscription
of the Sacri cial Dancefrom Stravinsky's Le Sace du
Printemps However, our goal herewasto keepthe ex-
perimentakonditionsasconstaneispossibleover thetest
set.Despitethis goal,theacceptedIDI les werenot of
uniform quality. Somecontainmary wrong notes,some
containnumerougempochangesvhile othersonly mark
sudderandsigni cant tempochangesandothersources
of variability probablyexist. Nonethelessye resistedhe
urgeto “tweak” thescoresdy hand.

For eachof thesurviving les wethentookcorrespond-
ing audiodatafrom a CD, downsampledo mono8 KHz.
Tablel givesthetestsettotalingnearly55 minutesof mu-

Work Orchestra  Conductor Year Mins.
Mahler

Symphory 4 Mvmt. 1 Boston Ozawva 1987 5.23
Holst

ThePlanets Mercury Toronto Davis 1986 4.03
ThePlanets Mars Toronto Davis 1986 6.88

Mozart

Symph.41Mvmt 2 Berlin vonKarajan 1978 7.78
Symph.41Mvmt 4 (1) Berlin vonKarajan 1978 2.20
Symph.41Mvmt 4 (2) Berlin vonKarajan 1978 3.84
CosiFanTutte Overture London Haitink 1987 4.54
ibid. “Soave Siail Vento” London Haitink 1987 3.02
Debussy

Trois Nocturned-éetes Cleveland  Boulez 1995 6.52
Dvorak

Symphory 8 Allegretto London Leppard 1997 6.05
Shostalovich

Symphory 1 Mvmt 2 Chicago Berstein 1989 4.88

Table 1. Thetestsetfor the scorematchingexperiments.

sic. TheMahlerexampleis only the rst veor sominutes
of themovement.Thelastmovementof the Mozartsym-
phory was brokeninto two sectionsdueto a repeatthat
appearedn the MIDI le (andhenceour score)but not
the performance— acommonproblem.

For eachof theseexampleswe createdgroundtruth by
playingtheaudio le fromthecomputeandtappingalong
on the keyboardwhile recordingthe times of eachkey
press. Eachsectionof constantmeterwasgivena x ed
numberof tapspermeasure These les werethenhand-
correctedusinganinteractive programthatallows theuser
to see,hear andadjustthe tapswhich are superimposed
visually over the the audio spectrogramand aurally (as
clicks) overthesound le. Thetap les arenot particu-
larly accuratan identifying individual beatlocations but
alsodonotaccumulaterrorovertime. Thatis, they never
“getlost”

Our modelis completelyspeci ed oncewe describe
the variancesf Eqns.4 and5, . We modelthe
variancesisparametridunctionsof the expectedhotedu-
rations,computedusing the notelenths andthe lo-
caltempoprescribedn the scoresdderivedfrom the MIDI

les. In particular we model thesevariancesas linear
functionsof the expectednoteduration. It would alsobe
possibleto modelthevariancesasparametridunctionsof
the expectedduration, derived from the expectedtempo
associatedvith eachbrachof the searchtree. While we
believe thesetwo approachesvould give nearly identi-
cal results thelatterintroducesa modelingcomplication,
sinceour modelassumeshe variancesare known a pri-
ori, ratherthanfunctionsof unkwnavn tempovariables.
However, the latter methodalsousesa moreaccurateex-
pecteddurationin the computatiorof themodelvariances
andmight bene t from this. The linear parametersvere
choserby trial anderror, thoughwe will estimatea more
comple parametrianodelin futurework.

We thenprocesse@achof ouraudio les accordingo
our alignmentmethod,asdescribedn the precedingsec-
tions. Everytime a branchof the searchreebegana note
correspondindo a tempochange(asgiven by the MIDI

le) We resetthe tempodistribution to have the meanin-
dicatedby theMIDI le with aratherlargeand x edvari-
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Figure 5. Top: Histogramof errorslessthan1 sec. in
absolutevalue. Bottom: The remainingerrors. Note
thatsimilar bar heightsrepresentibout50 timesasmary
countson theleft panel.

ance.Theresultof theprocesss a collectionof estimated
onsettimes,onefor eachnoteof the score written outto

a le. For eachnotethatfalls on a beat,we computethe

“error” asthedifferencebetweerthe estimatednsetiime

andthecorrespondingaptime. Of theentirecollectionof

5038errorestimates95% of theerrorswerelessthan.25

sec. in magnitude while 72% werelessthan.125 secs.
In interpretingtheseresults,oneshouldkeepin mind that
thetappinggroundtruthis notespeciallyaccuratethereby
making the measuredberformanceof the algorithm ap-

pearworsethanthey arein truth. In fact, our listening
of the “click” les for both the recognizeddataandthe

groundtruth suggestshatthe recognizedesultsaregen-
erally moreaccurateahanthe groundtruth. Sincedisplay-
ing all errorsin the samehistogranrendergherarerlarge

errorsinvisible, Figure 5 givestwo histograms:the left

panelshavsthedistribution of theerrorsthatarelessthan
1 sec.,while the right histogramgivesthe remaininger-

rors. Notethe 50-fold differencein scalebetweerthetwo

histogramsWe suspecthattheleft histogranreally says
more aboutthe groundtruth than our recognitionaccu-
ragy.

The histogramsof Figure 5 show that our algorithm
givesaccurateperformancevhenit is not lost. Figure6
shaws a differentaspectof the algorithm's performance
by giving the errors, plotted againstbeattimes, for each
piecein the collection. In Figure 6 the individual traces
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jupiter_mvmt4.0

ber ity

jupiter_andante

15

cosi_overture
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mercury
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10
1
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Figure 6. Errorvs. beattime for eachpiecein the data
set. The variousexamplesare stacled vertically for ease
of comparsionso errrosare seenas deviationsfrom the
“baseline’ratheractualheights.



are stacled vertically for the sale of comparisonso the
errorsshouldbe interpretecasdeviationsfrom the “base-
line,” thuswe seeoccasionaburstsof errorson the order
of several seconds Figure 6 demonstratethe rathersur

prisingability of our algorithmto recoveraftersigni cant

errors. In fact, the only placesin which our systemdoes
not recover from beinglost arenearthe very endsof the
excerpts.

Thepredominantauseof thesigni cant errorsappear
ing in Figure6 is sectionsof musicwith little or no pitch
variation. Recallthat our datamodelis basedsolely on
pitch contentso the datamodelcontributesessentiallyno
information when the pitch contentis static. Not sur
prisingly, our algorithm experiencedif culty with such
sectionsasin the repeatedfff tritone-ladenchordsin the
brassandstringsendingMars; the pianissimoopen fths
in thestringsendingthe Shostakvich movementtheharp,
string, andtimpani ostinatothe precedeshe trumpettrio
in Fétes thelong cadencento G Major attheendMabhler
excerpt(bar102);andthe nal chordsof theMozartover
ture. This suggestshatrathersimpleimprovementso our
datamodel,suchasmodelingnoteattacksmight produce
betterperformancen suchcases.

The graphsand analysesprovide a senseof our al-
gorithm's performanceon this dif cult testset,however,
they areno substitutefor anaudiodemonstrationTo this
end,we have put“click les” of eachpieceonthewebat

http://fafnermath.umass.edu/ismir04

Theseaudio(.wav) les containthe original performance
with clicks superimposedt every detectednote onset.
We encouragehe interestedreaderto listen to someof

theseexamples.In addition,to facilitatecomparisonsthe

above directoryalsocontainsthe original MIDI les, the

tap les, theestimateproducedy our algorithm,aswell

astheoriginal 8KHz audio les.
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