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ABSTRACT

We presenta new methodfor establishingan alignment
betweena polyphonicmusicalscoreanda corresponding
sampledaudioperformance.The methodusesa graphi-
cal modelcontainingbothdiscretevariables,correspond-
ing to scoreposition,aswell asacontinuouslatenttempo
process.We usea simpledatamodelbasedonly on the
pitch contentof theaudiosignal. The datainterpretation
is de�ned to bethemostlikely con�gurationof thehidden
variables,given the data,andwe develop computational
methodologyfor this taskusingavariantof dynamicpro-
gramminginvolving parametricallyrepresentedcontinu-
ousvariables.Experimentsarepresentedon a 55-minute
hand-markedorchestraltestset.

Keywords: PolyphonicScoreAlignment

1. INTRODUCTION

We addressanaudiorecognitionproblemin which a cor-
respondenceis establishedbetweena polyphonicmusical
scoreandan audioperformanceof that score. Thereare
two versionsof this problem,often called“on-line” and
“off-line” recognitionor parsing.

Off-line parsingusesthecompleteperformanceto es-
timatetheonsettime for eachscorenote,thustheoff-line
problemallows oneto “look into thefuture” while estab-
lishing thematch. Part of our interestin off-line parsing
problemstemsfrom a collaborationwith the Variations2
Digital Music Library Projectat IndianaUniversity. One
of the many aimsof this project is to allow listeners,in
particularstudentsin theirSchoolof Music,new toolsfor
learningandstudyingmusic,interleavingsound,text, mu-
sicnotation,andgraphics.Onespeci�c goalis to give the
user“randomaccess”to a recordingallowing playbackto
beginatany time,expressedin musicalunits,e.g.thethird
beatof measure47. Clearlythisapplicationrequireseither
handmarkingof audioor off-line parsing. Anotheroff-
line applicationis theeditingandpost-processingof dig-
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ital audio,in which many tasksrequiretheuserto locate
andmodify a speci�c placein a very largeaudiodata�le.
Our personalinterestin off-line parsingis motivatedby
yet anotherapplication:our work in musicalaccompani-
mentsystems.In thiseffort weresynthesizeaprerecorded
audio performanceat variablerate to accompany a live
soloist.Thesynchronizationrequiresthatwebegin with a
correspondencebetweentheprerecordedaudioandamu-
sicalscore.

On-lineparsing,sometimescalledscore-following, pro-
cessesthedatain real-timeasthesignalis acquired.Thus,
no “look ahead”is possible,as well as imposingspeed
constraintson the real-timealgorithm. The goal of on-
line parsingis to identify the musicaleventsdepictedin
the scorewith little latency andhigh accuracy. Musical
accompanimentsystemsmustperformthis taskwith the
live soloist's input. Otherapplicationsincludethe auto-
maticcoordinationof audio-visualequipmentwith musi-
cal performance,suchasoperasupertitlesand real-time
score-basedaudioenhancemente.g.pitch correction.We
will treat the off-line problemin this work, however ex-
tensionsof ourapproachto on-lineparsingarepossible.

Many researchershavetreatedon-lineandoff-line mu-
sical parsingincluding [2], [12], [1], [6], [3], [7], [4],
[5], [9], [11], to nameseveral. See[10] for a thorough
bibliographyof thesubject.While many variationsexist,
thepredominantapproachseeksa bestpossiblematchby
“warping” thescoreto �t thedatausingsomeform of dy-
namicprogramming.Themeasuresof matchquality are
quitevaried,includingedit-like distancesandprobabilis-
tic measures,asin thepopularhiddenMarkov modelap-
proaches.Without doubt,theseefforts containmany no-
tablesuccesses,however, theproblemstill remainsopen.
In our personalexperiencewith theHMM approachcited
above,resultsdegrade,sometimesdramatically, asween-
counterincreasinglydif�cult domainssuch as complex
polyphony, variedinstrumentaltexture,fastnotes,reartic-
ulationsandoctave slurs,largetempochanges,unpitched
sounds,etc.While theliteraturecontainsvery little in the
way of formal evaluations,otherresearchersseemto ex-
periencesimilar problems. The needfor a more robust
andwidely applicableapproachis the motivation for the
currentwork.

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



for the individual notes.If the issueis treatedat all, note
lengthsareeitherconstrainedto somerangeor modeled
asrandom,with therangeor distribution dependingon a
global tempoor learnedfrom pastexamples.Either im-
plicitly or explicitly, thenotelengthsareregardedasinde-
pendentvariables.However, notelengthsareanythingbut
independent.Our belief, bolsteredby conventionalmusi-
calwisdom,is thatthelion'sshareof notelengthvariation
canbe explainedin termsof a time-varying tempopro-
cess.Thefailureto modeltime-varyingtemposhiftsmore
burdento theaudiodatamodeling,requiringthemethod
to follow thescorealmostexclusively usingsound,with-
out regard for one of the most basicaspectsof musical
timing. Thisworkexplicitly modelstempoasareal-valued
process,hopingthatthemorepowerful modelwill beable
explain what thedatamodelcannot.Our datamodel,in-
troducedin Section2, is indeedsimple-minded,focusing
exclusively on pitch content. While we expect that im-
provementsto our systemwill be achieved by strength-
eningthis model,theresultspresentedin Section4 argue
thatour focuson thetempomodelis well-placed.

The most straightforward approachto tempomodel-
ing would representthe “state” of the performanceasa
scorepositionandtempopair — both discretevariables.
Fromframeto framethepositionwouldbeupdatedusing
the currenttempowhile the tempowould be allowed to
graduallyvary. We have attemptedsuchan approachus-
ing a HMM framework, but found that thediscretization
of positionandtemponeededto beextremely�ne before
usefulresultswereachieved. This earliereffort is, by no
means,a “straw man” createdonly to motivate the cur-
rentapproach.Rather, our currentapproachstemsfrom a
deeperunderstandingof thecomputationalissueslearned
from this previouseffort.

We �rst presentin Section2 a mathematicalmodel
that combinesa note-level model for rhythmic interpre-
tationwith a frame-by-framedatamodel. The note-level
modelexplicitly representstempovariationandnote-by-
notedeviations. The datamodel is basedcompletelyon
the pitch contentof the audio. The most likely parseis
not computableby conventionalmeans,however Section
3 introducesamethodby whichexcellentapproximations
to themostlikely parsecanbecomputed.Weattributethe
successof the approachto the near-global optimization
performedin this section.Section4 presentsresultson a
55minutewidely variedtestsetof shortorchestralmove-
mentscontainingexamplesfrom Mozartto Shostakovich.
The resultsdemonstratethat thenoteonsetestimatesare
generallyquiteaccurate,andonly very rarelydoestheal-
gorithmbecomeirrecoverablylost. Our datasethasbeen
madepublicly availableto facilitatecomparisons.

2. THE MODEL

In thecaseof monophonicmusic,a musicalscorecanbe
representedasasequenceof scorepositions,expressedin
beats,with associatedpitches. Polyphonicmusiccanbe
viewed, similarly, asa sequenceof scorepositionswith

associatedchords. In the polyphoniccase,the scorepo-
sitions would be createdby sorting the collection of all
musicalevent locations(in beats)over all parts,anddis-
cardingduplicatepositions.Eachscoreposition,in beats,
would then be associatedwith the collection of pitches
that sounduntil the next musicalevent. Thus our sim-
pli�ed scoredoesnot representwhich notescomefrom
which instrumentsor distinguishbetween“attacking”and
“sustaining”notesin achord,althoughtheseaspectscould
be includedin a moresophisticatedaudiomodelthanwe
useatpresent.We notatethisscoreby
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wherethe � th eventbeginsat
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is a 0-note“chord” correspondingto thesilence
at theendof theaudio.
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be thesequenceof times,in seconds,at
which the chordonsetsoccur. Typically the onsettimes
arethe productof numerousinterpretative issuesaswell
astheinevitableinaccuraciesof humanperformance.We
modelherewhatwe believe to bethemostimportantfac-
torsgoverningmusicaltiming: time-varyingtempoaswell
asnote-by-notedeviations. More precisely, we modela
randomprocesson  
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is the length,in beats,of the
� th chord:
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describedby Eqn. 2 is our tempoprocess
where "
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is the local beatlength (secs.per beat)at the
� th chord. The
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variablesareassumedto have 0 mean
so the modelgivesthe local tempoat eachnew musical
event asthe previous tempoplus a small error. In other
words,tempois modeledasa“randomwalk.”

Accordingto the model,eachonsettime,  
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, is given
as the previous onsettime,  
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, plus the currentchord
length as predictedby the current tempo(
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), plus a
randomincrement(
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). Theselast randomincrements,
the
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, arealsoassumedto be 0 meanvariablesso they
tend to be small. Onepossibleview of the
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variables
is as agogic accents— at leastwhen they are positive
andhencecorrespondto notelengthenings.However, in-
dependentof any musicalmodelingconsiderations,these
variablesgivethemodelameansof explainingnotelength
variationsassomethingotherthantempochange,thussta-
bilizing themodel.

Thedependency structureof the " and  variablesis ex-
pressedasa directedacyclic graphin thetop of Figure1.
In interpretingthis picture,thebehavior of eachvariable
(nodein thegraph)canbedescribedgivenonly its parents
in thegraph,e.g.  
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modelleadsto asimplefactorizationof thejoint probabil-
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Figure 1. The dependency structureof the model vari-
ablesexpressedasadirectedacyclic graph(DAG).Circles
denotecontinuousvariables,whilesquaresdenotediscrete
variables.Thedarkenedsquaresrepresentobservedvari-
ables— thespectrogramframes.
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with longer notevalue. The
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wouldsignify thatthe�rst notebeginsat k�U?X secondsand
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Figure 2. Left: An idealized spectrumfor a single
note. Right: An analogousspectrumfor two simulta-
neousnotescreatedasa superpositionof two single-note
spectra.

Theconditionaldistributionof T given _ is depictedin the
bottomof Figure1.

Ouractualdatamodelis givenby
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In Eqn.7,
p

q
r

is an idealizedpower spectrumassociated
with chord indexed by _z` and is obtainedasa superpo-
sition of the idealizedindividual note spectraand then
normalizedto sum to 1 over the frequency variable,

s

.
The left panelof Figure2 shows anexampleof an ideal-
izedsingle-notespectrum,while theright panelgivesthe
idealizedspectrumfor a two-notechord. Thus,the right
spectrum,normalizedto sumto onewould play the role
of

pWq�r

in Eqn. 7 for the correspondingtwo-notechord.
in Eqn.7, T

` is the observedspectrumfor the ] th audio
frame,and { is a scalingconstantthatweightsthecontri-
bution of the dataterm to the overall model. The factor
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's areconstant.This datamodelwould re-
sult if we wereto assumethat the observedspectrogram
wasthehistogramof a randomsamplefrom theprobabil-
ity distributiongivenby
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. However, evenwithoutsuch
justi�cation, themodelis intuitively plausible.

We are interestedin specifyinga joint model on the
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a discretizationerror,  and _ containidentical informa-
tion: thepartitioningof theaudiosignalinto chords.Thus
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wherethe later proba-
bility is given by the modelof Eqns.2 and3. We have
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Figure 3. The searchtreeassociatedwith optimization.
The labelof a treenodeis thescoreindex describingthe
currentchord.
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Wecannotwrite any simpleDAG representationof the

probabilitydistribution on "
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T . TheactualDAG would
becompletelyconnectedbetweenthe " and_ layers.How-
ever, the model is still computationallytractable,as we
show in thefollowing section.

3. COMPUTING THE MAP ESTIMATE

Our goal is now phrasedasfollows: Given the observed
data,T , weseekthemostlikely con�gurationof theunob-
servedvariables," and _ :
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If all variableswerediscrete,this problemwould besolv-
ablethroughtraditionaldynamicprogrammingtechniques,
however, notethatthetempoprocess," , is continuous.We
describehereamethodfor approximatingtheglobalsolu-
tion to Eqn.11usingatechniquethatis similarto dynamic
programming,but allowsusto treatcontinuousvariables.

Considerthetreeof Figure3, which describesanenu-
merationof all possiblerealizationsof the labelingpro-
cess_ . First, the root of the treeis labeled0. Then,any
nodein thetreewith label �•Š
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a singlechild labeled
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. In fact, a simplerecursioncan
be developedfor this function as one proceedsdown a
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Notethat,ratherthanhaving a single“score” for each
partial path, _
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is ameasureof how fastthepathqualitydecreases
aswemoveaway from thebesttempo,
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.
Clearly thenumberof treenodesis exponentialin the

tree's depthmakingit impossibleto explorethetreethor-
oughly without additional insight. The key observation
hereis that somepartial pathscanbeeliminatedwithout
sacri�cing thesearchfor theoptimalpath.
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thelatterbranch.
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siansthatattainthemaximumvaluefor sometempovalue.
Pathsnot in k arenotoptimalfor any valueof "
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, so,rea-
soningasabove,we caneliminateany suchpathwithout
lossof optimality. Due to thesimpleparametricform of
the
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functions,thethinningprocedurecanbecom-
putedwith a computationalcost that is quadraticin
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The thinning algorithmcanbe performedon a restricted
setof possibletempovalues,say
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to achieve
greaterreductionof thepartialpaths.An algorithmfor the
thinningoperationis discussedin [8] aswell a discussion
of computationalcomplexity andtheoptimalityproperties
of therestrictedthinningalgorithm.

In our experimentsthenumberof kernelsthatsurvive
the thinning processdoesnot increasewith the number
of original kernels.Assumingthat thenumberof surviv-
ing kernelsof eachthinningoperationis boundedby some

maximum,the thinningprocedurereducesthenumberof
partial pathsat eachframeto a numberthat is, at worst,
linear in

3

— the numberof chordsin the score. The
pathssurviving thinningrepresenta tiny fractionof what
wouldexist otherwisesince,without thinning,thenumber
of partialpathsgrowsexponentiallyin ] , thecurrentanal-
ysisframe.In ourapplications,

3

canbein thethousands,
soanalgorithmthatis linearin

3

is still not tractableand
morepruningmustbe done. We discussfurther pruning
in thefollowing section.

The�nal parseis obtainedby tracingbackthebestsur-
viving pathat the �nal frame,
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. That is, our parseesti-
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ƒ

_

V

U

�©„�…�†Q}‡„?ˆ

q�»

f

’F�

_

V

U

�

where

ƒ

9

q!»

f

�©3-�

"

� B�’o�

_

V

U

���D�¼�

_

V

U

���D”z�

_

V

U

�	�

andonly pathsthat reachthe �nal scoreposition,
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, in
the

A

th frameareconsidered.It is alsostraightforward
to recoverthehiddentempovariables,althoughwedonot
dosoin this particularapplication.

3.1. Further Pruning

As observedabove, we still needto prunepathsto make
theproposedalgorithmfeasible.A simpleapproachwould
beto sortthecurrent(surviving)hypothesesonthe“

’

” pa-
rameterandprunethesmallestof these.In experimenting
with thispruningmethod,wehaveobservedthatbranches
alreadyexceedinga reasonableamountof time for the
currentchordavoid beingprunedby delayingthe chord
change,therebydelayingincurringtheassociatednotelength
factor 9
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. This phenomenonis analogousto
the“horizon effect” of computerchessin which hypothe-
sesreceive falsely in�ated scoresby postponingan in-
evitableendbeyondthesearchhorizon.

A secondproblemis that, at any particularanalysis
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representdifferent positionsin the musicalscore. Sup-
posethat a particularpathis currently in the � th notein
thescore.Thenthelikelihoodof thispartialpathwill con-
taina factorfor eachof the  
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asin Eqn.12. Since
� variesover thepartialpaths,the

’

-scoresarecomposed
of differentnumbersof factorsanddirect comparisonis
suspect.
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In the above equation,
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is simply the datalog like-
lihood of the partial path.
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is the optimal model
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tempoandpositionvari-
ableswith  
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takingsomevaluein the future. Sincea



partial path, _ , implicitly �x es the �rst � position vari-
ables  
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, we only maximizeover the remaining
variables.While we omit the calculation,onecaneasily
compute
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recursively as ] increases.At any �x ed
iteration,thenwe aresortingover thedatalog likelihood
plusaconstanttimestheaveragemodellikelihood,there-
fore not penalizingthepathswith morenotes.However,
as ]ÉÈ
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and �¼È
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this graduallyreducesto the the
original log likelihood
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asin 13.

4. EXPERIMENTS

To evaluateouralgorithmweconstructedatestsetof short
orchestralmovements(and one operaselection),repre-
sentinga varietyof musicalstyles. Therestrictionto the
orchestraldomaindoesnot re�ect a known limitation of
our methods— to thecontrary, orchestralmusicis quite
heterogeneousandcontainsmany of thedatatypeswebe-
lieve to be mostproblematicfor scorematching,suchas
tempochanges,rubato,fastnotes,andvariedinstrumen-
tal texture.Thechoiceof datawasin�uencedby personal
taste.

Recall that our musicalscoreis representedas a se-
quenceof (musical time, chord) pairs as in Eqn. 1. In
many cases,this representationcanbe constructedauto-
matically from a MIDI �le. To this we collectedaround
20 MIDI �les from theClassicalMidi Archives. In creat-
ing our scoreswereplacednotesequenceswithin asingle
voice that appearedto be trills or tremolosby sustained
notes.In addition,two notesverynearlysharingthesame
onsettimearebothassumedto begin at the“simpler” mu-
sical time (the one with the smallerdenominator, when
expressedin beats). Aside from thesespecialcases,the
processingconsistsof astraightforwardextractionof data
from theMIDI �les. In particular, our algorithmcreates,
for eachMIDI �le, anotelist containingthemusicalonset
timeswith thecorrespondingMIDI notecommands,a list
of tempochanges,andlist of meterchanges.

About half of these�les wererejectedfor variousrea-
sons,eitherbeforeor afterthis preprocessingstage:some
�les werepianoreductions,somehadsuspiciouslycom-
plex reconstructedrhythm suggestingexpressive timing,
somecontainedotherassortedanomalies.Thereis norea-
sonto assumethatour matchingalgorithmwould fail on
the MIDI �les we rejected. In fact, a previous experi-
mentshowed excellentresultswith a pianotranscription
of the Sacri�cial Dancefrom Stravinsky's Le Sacre du
Printemps. However, our goal herewas to keepthe ex-
perimentalconditionsasconstantaspossibleover thetest
set.Despitethisgoal,theacceptedMIDI �les werenotof
uniform quality. Somecontainmany wrong notes,some
containnumeroustempochangeswhile othersonly mark
suddenandsigni�cant tempochanges,andothersources
of variability probablyexist. Nonetheless,we resistedthe
urgeto “tweak” thescoresby hand.

Foreachof thesurviving �les wethentookcorrespond-
ing audiodatafrom a CD, downsampledto mono8 KHz.
Table1 givesthetestsettotalingnearly55minutesof mu-

Work Orchestra Conductor Year Mins.
Mahler
Symphony 4 Mvmt. 1 Boston Ozawa 1987 5.23
Holst
ThePlanets Mercury Toronto Davis 1986 4.03
ThePlanets Mars Toronto Davis 1986 6.88
Mozart
Symph.41Mvmt 2 Berlin von Karajan 1978 7.78
Symph.41Mvmt 4 (1) Berlin von Karajan 1978 2.20
Symph.41Mvmt 4 (2) Berlin von Karajan 1978 3.84
CosiFanTutte Overture London Haitink 1987 4.54
ibid. “SoaveSiail Vento” London Haitink 1987 3.02
Debussy
Trois NocturnesFêtes Cleveland Boulez 1995 6.52
Dvorak
Symphony 8 Allegretto London Leppard 1997 6.05
Shostakovich
Symphony 1 Mvmt 2 Chicago Berstein 1989 4.88

Table 1. Thetestsetfor thescorematchingexperiments.

sic. TheMahlerexampleis only the�rst � veor sominutes
of themovement.Thelastmovementof theMozartsym-
phony wasbroken into two sectionsdueto a repeatthat
appearedin the MIDI �le (andhenceour score)but not
theperformance— a commonproblem.

For eachof theseexampleswe createdgroundtruth by
playingtheaudio�le fromthecomputerandtappingalong
on the keyboardwhile recordingthe times of eachkey
press. Eachsectionof constantmeterwasgiven a �x ed
numberof tapspermeasure.These�les werethenhand-
correctedusinganinteractiveprogramthatallowstheuser
to see,hear, andadjustthe tapswhich aresuperimposed
visually over the the audio spectrogramand aurally (as
clicks) over the sound�le. The tap �les arenot particu-
larly accuratein identifying individual beatlocations,but
alsodonotaccumulateerrorovertime. Thatis, they never
“get lost.”

Our model is completelyspeci�ed oncewe describe
thevariancesof Eqns.4 and5, R

'

�

EDI

�
'

�

H
I

S

. We modelthe
variancesasparametricfunctionsof theexpectednotedu-
rations,computedusingthe note lenths R

,
�

S

andthe lo-
cal tempoprescribedin thescoresderivedfrom theMIDI
�les. In particular, we model thesevariancesas linear
functionsof theexpectednoteduration. It would alsobe
possibleto modelthevariancesasparametricfunctionsof
the expectedduration,derived from the expectedtempo
associatedwith eachbrachof the searchtree. While we
believe thesetwo approacheswould give nearly identi-
cal results,thelatter introducesa modelingcomplication,
sinceour modelassumesthe variancesareknown a pri-
ori, ratherthanfunctionsof unkwnown tempovariables.
However, thelattermethodalsousesa moreaccurateex-
pecteddurationin thecomputationof themodelvariances
andmight bene�t from this. The linear parameterswere
chosenby trial anderror, thoughwe will estimatea more
complex parametricmodelin futurework.

We thenprocessedeachof ouraudio�les accordingto
our alignmentmethod,asdescribedin theprecedingsec-
tions.Every time a branchof thesearchtreebegana note
correspondingto a tempochange(asgiven by the MIDI
�le) We resetthetempodistribution to have themeanin-
dicatedby theMIDI �le with aratherlargeand�x edvari-
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Figure 5. Top: Histogramof errorslessthan1 sec. in
absolutevalue. Bottom: The remainingerrors. Note
thatsimilar barheightsrepresentabout50 timesasmany
countson theleft panel.

ance.Theresultof theprocessis acollectionof estimated
onsettimes,onefor eachnoteof thescore,written out to
a �le. For eachnotethat falls on a beat,we computethe
“error” asthedifferencebetweentheestimatedonsettime
andthecorrespondingtaptime. Of theentirecollectionof
5038errorestimates,95%of theerrorswerelessthan.25
sec. in magnitude,while 72% were lessthan.125 secs.
In interpretingtheseresults,oneshouldkeepin mind that
thetappinggroundtruthisnotespeciallyaccurate,thereby
making the measuredperformanceof the algorithm ap-
pearworsethan they are in truth. In fact, our listening
of the “click” �les for both the recognizeddataand the
groundtruth suggeststhat therecognizedresultsaregen-
erallymoreaccuratethanthegroundtruth. Sincedisplay-
ing all errorsin thesamehistogramrenderstherarerlarge
errorsinvisible, Figure5 gives two histograms:the left
panelshowsthedistributionof theerrorsthatarelessthan
1 sec.,while the right histogramgivesthe remaininger-
rors.Notethe50-folddifferencein scalebetweenthetwo
histograms.We suspectthattheleft histogramreally says
more aboutthe groundtruth than our recognitionaccu-
racy.

The histogramsof Figure 5 show that our algorithm
givesaccurateperformancewhenit is not lost. Figure6
shows a differentaspectof the algorithm's performance
by giving the errors,plottedagainstbeattimes,for each
piecein the collection. In Figure6 the individual traces
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Figure 6. Error vs. beattime for eachpiecein the data
set. Thevariousexamplesarestackedvertically for ease
of comparsion,so errrosareseenasdeviationsfrom the
“baseline”ratheractualheights.



arestacked vertically for the sake of comparison,so the
errorsshouldbeinterpretedasdeviationsfrom the“base-
line,” thuswe seeoccasionalburstsof errorson theorder
of severalseconds.Figure6 demonstratesthe rathersur-
prisingability of ouralgorithmto recoveraftersigni�cant
errors. In fact, theonly placesin which our systemdoes
not recover from beinglost arenearthevery endsof the
excerpts.

Thepredominantcauseof thesigni�cant errorsappear-
ing in Figure6 is sectionsof musicwith little or no pitch
variation. Recall that our datamodel is basedsolely on
pitch contentsothedatamodelcontributesessentiallyno
information when the pitch content is static. Not sur-
prisingly, our algorithmexperienceddif�culty with such
sections,asin therepeatedffff tritone-ladenchordsin the
brassandstringsendingMars; thepianissimoopen�fths
in thestringsendingtheShostakovichmovement;theharp,
string,andtimpaniostinatotheprecedesthetrumpettrio
in Fêtes; thelongcadenceinto G Major at theendMahler
excerpt(bar102);andthe�nal chordsof theMozartover-
ture.Thissuggeststhatrathersimpleimprovementsto our
datamodel,suchasmodelingnoteattacks,mightproduce
betterperformancein suchcases.

The graphsand analysesprovide a senseof our al-
gorithm's performanceon this dif�cult testset,however,
they areno substitutefor anaudiodemonstration.To this
end,we haveput “click �les” of eachpieceon thewebat

http://fafner.math.umass.edu/ismir04

Theseaudio(.wav) �les containtheoriginal performance
with clicks superimposedat every detectednote onset.
We encouragethe interestedreaderto listen to someof
theseexamples.In addition,to facilitatecomparisons,the
above directoryalsocontainstheoriginal MIDI �les, the
tap�les, theestimatesproducedby ouralgorithm,aswell
astheoriginal8KHz audio�les.
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