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Abstract

Musicalignmentlinks eventsin ascoreandpointson
the audioperformancetime axis. All the partsof a
recordingcanbe thusindexedaccordingto scorein-
formation.Theautomaticalignmentpresentedin this
paperis basedon a dynamictime warping method.
Localdistancesarecomputedusingthesignal'sspec-
tral featuresthroughanattackplussustainnotemod-
eling. The method is applied to mixtures of har-
monic sustainedinstruments,excluding percussion
for the moment. Goodalignmenthasbeenobtained
for polyphony of up to � ve instruments.Themethod
is robust for dif�culties suchas trills, vibratosand
fastsequences.It providesanaccurateindicatorgiv-
ing positionof scoreinterpretationerrorsandextraor
forgottennotes.Implementationoptimizationsallow
aligning long sound�les in a relatively short time.
Evaluationresultshave beenobtainedon pianojazz
recordings.

1 Intr oduction

Scorealignmentmeanslinking scoreinformation to an audio
performanceof thisscore.Thestudiedsignalis adigital record-
ing of musiciansinterpretingthe score. Alignment associates
scoreinformationto pointson theaudioperformancetimeaxis.
It is equivalentto a performancesegmentationaccordingto the
score.

To do this, we proposea dynamictime warping(DTW) based
methodology. Localdistancesarecomputedusingspectralfea-
turesof the signal, and an attackplus releasenote modeling
(Orio & Schwarz,2001).Veryef�cient onmonophonicsignals,
this methodcannow copewith any poly-instrumentalperfor-
mancemadeup of lessthan � ve instrumentswithout percus-
sion.

After a brief overview of possibleapplicationsin section1.1,
thenotemodelandDTW implementationarediscussedin sec-
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tion 2. Finally, resultsobtainedwith this methodarepresented
in section3.

1.1 Applications, Goal and Requirements

Automaticscorealignmenthasseveralapplications.Eachgoal
requiresspeci�c informationfrom this automaticprocess.The
mostimportantapplicationsare:

1. In applicationsthatdealwith symbolicnotation,alignment
canlink this notationanda performance,allowing musi-
cologiststo work onasymbolicnotationwhile listeningto
a realperformance(Vinet,Herrera,& Pachet,2002).

2. Indexing of continuousmedia throughsegmentationfor
content-basedretrieval. The total alignmentcostbetween
pairsof documentscanbe consideredasa distancemea-
sure(asin earlyworksonspeechrecognition).Thisallows
�nding of the bestmatchingdocumentsfrom a database.
These�rst two applicationsonly needagoodglobalpreci-
sionandrobustness.

3. Musicological comparison of different performances,
studyingexpressive parametersandinterpretationcharac-
teristicsof a speci�c musician.

4. Constructionof a new scoredescribingexactly a selected
performanceby addinginformationsuchasdynamics,mix
information,or lyrics. This informationcanbe addedto
pitch andlengthlabelingwhenbuilding a database.Nev-
erthelessre-transcriptionof temponecessitateshigh time
precision.

5. Performancesegmentationinto note samplesautomati-
cally labeledandindexedin orderto build a unit database,
for examplefor data-drivenconcatenativesynthesisbased
onunit selection(Schwarz,2000,2003a,2003b)or model
training (Orio & Déchelle,2001). This segmentationre-
quiresa precisedetectionof the start andendof a note.
However, notesthat are known to be misalignedcan be
disregarded(seesection3.3).

Alignment is closeto real time synchronizationbetweena per-
former and a computer, known as score following (Orio &
Déchelle,2001; Orio, Lemouton,Schwarz, & Schnell,2003).
However, in alignment,thewholesignalcanbeusedandmore
accurateresolutioncanbe obtainedif requiredby the applica-
tion. Nevertheless,alignmentcanbe a goodbootstrapproce-
durefor trainingscorefollowerswhichusestatisticalmodels.



For now, the goal of the presentwork is to obtain a correct
global alignment,i.e. a precisepairing betweennotespresent
in the scoreandthosepresentin the recording. On this basis,
very preciseestimationof thebeginningandendof noteswill
beaddedin thefuture,asdetailedin section4.

1.2 PreviousWork

Automaticalignmentof sequencesis a very popularresearch
topic, especiallyin genetics,molecular biology and speech
recognition.A goodoverview of this topic is (Rabiner& Juang,
1993). Therearetwo mainstrategies: theoldestusesdynamic
programming(DTW) andtheotheruseshiddenMarkov mod-
els (HMMs). For pairwise alignmentof sequences,HMMs
andDTW arequite interchangeabletechniques(Durbin et al.,
1998).

Concerningautomaticalignmentspeci�cally, the main works
arescorefollowing techniquestunedfor off line use(Raphael,
1999), the previous work of (Orio & Schwarz, 2001), or
(Meron,1999).A differentapproachof musicalignmentis very
brie�y describedin (Turetsky, 2003). All of thesetechniques
considermainlymonophonicrecordings.

For noterecognition,therearemany pitchdetectiontechniques
usingsignalspectrumor auto-correlation,for instance.These
techniquesareoftenef�cient in monophoniccasesbut noneof
theseusescoreinformationandarethereforesub-optimalin our
situation.

1.3 Principle

Scorealignmentis performedin four stages:

� First, constructionof the scorerepresentationby parsing
of theMIDI �le into scoreevents.

� Second,extractionof audiofeaturesfrom signal.
� Third, calculationof local distancesbetweenscoreand

performance.
� Fourth,computationof theoptimalalignmentpathwhich

minimizestheglobaldistance.

This laststageis carriedoutusingDTW. Ourchoicefor thisal-
gorithmis dueto thepossibilityof optimizingmemoryrequire-
ments.Also, unlike HMMs, DTW doesnot have to betrained,
sothatahandmadetrainingdatabaseis notnecessary.

2 The Method

For eachsequence,the scoreandthe performancearedivided
into framesdescribedby features. Scoreinformation is ex-
tractedfrom standardMIDI �les, the format of most of the
availablescoredatabases.However this format is very hetero-
geneousanddoesnot containall classicalscoresymbols.The
only availablefeaturesfrom theseMIDI �les arethefundamen-
tal frequenciespresentat any time,andnoteattackandendpo-
sitions.As implicitly introducedin (Orio& Schwarz,2001),the
resultof thescoreparsingis a time-orderedsequenceof score
eventsat every changeof polyphony, i.e. at eachnotestartand
end,asexempli�ed in �gure 1.

The featuresof the performanceare extracted through sig-
nal analysistechniquesusing short time Fourier transforma-
tion (usually with a 4096 points hammingwindow, 93 ms at
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Figure 1: Parsingof a MIDI scoreinto scoreeventsand the
statesbetweenthem.

44.1 kHz). The temporalresolutionneededfor the alignment
determinesthehopsizeof framesin theperformance.Thescore
is thendivided into approximatelythesamenumberof frames
astheperformance.In consequence,theglobalalignmentpath
shouldfollow approximatelythediagonalof the local distance
matrix (seesection2.2).

Finally, DTW �nds thebestalignmentbasedon local distances
using a Viterbi path �nding algorithm which minimizes the
globaldistancebetweenthesequences.

2.1 Model: Local DistanceComputation

Thelocaldistanceis calculatedfor eachpairmadeupof aframe
� in theperformanceanda frame � in thescore.Thisdistance,
representingthe similarity of the performanceframe � to the
scoreframe � , is calculatedusingspectralinformation.Thelo-
cal distancesarestoredin thelocaldistancematrix

���

�����
	

��� .

Theonlysigni�cant featurescontainedin thescorearethepitch,
thenotelimits andtheinstrument.Sincehaving a goodinstru-
mentmodel is dif�cult, only pitch andtransientswerechosen
asfeaturesfor theperformance.This is why thenotemodelis
de�ned with attackframesusingpitch andonsetinformation,
andsustainframesusingonly pitch.

2.1.1 SustainModel

Thesustainmodelusesonly pitch. As pitchtrackingalgorithms
are error prone, especiallyfor polyphonic signals,a method
calledPeakStructure Match (Orio & Schwarz, 2001) is used.
With this method,the local PeakStructure Distance(PSD) is
theratioof thesignalenergy �ltered by harmonicbandpass�l-
terscorrespondingto eachexpectedpitch presentin the score
frame,over totalenergy.

This techniqueis veryef�cient in monophoniccases.However
in thepoly-instrumentalsituation,thedifferentinstrumentsdo
not have the sameloudness,andit is very dif�cult to localize
low andshortnotesundercontinuousloud notes. Codingen-
ergies on a logarithmic scalereduceslevel ratio betweenthe
differentinstrumentsandthusimprovesresults.

However, this modelhastwo majordrawbacks.First, in poly-
phoniccases,�lter bankscorrespondingto achordtendto cover
themajorpartof thesignalspectrum,increasingthelikenessof
this chordwith any part of the performance.As result, �lters
needto beaspreciseaspossible.

Secondly, sucha modelwith narrow �lters is adaptedto �x ed
pitch instruments,suchasthepiano,in which small frequency
variations,error, or vibrato, are impossible. For string instru-



mentsandthe voice,suchvariationscanbe aslargeasa semi
tonearoundthenominalfrequency of thenote.A simplesolu-
tion is to de�ne vibratoasachordof theupperandthelowerfre-
quency, but vibratois not includedin mostMIDI basedscores.
Anothersolution is to give a degreeof freedomto each�lter
aroundits nominalfrequency. For eachperformanceframe,the
�lter is tunedwithin a certainrangeto yield thehighestenergy.
Theenergy is weightedby a Gaussianwindow centeredon the
nominal frequency of the �lter , lowering the preferencefor a
high energy peakfar away and favoring a low but closeone.
Amazingly, wehaveobservedthatshifting�lters independently
givesbetterresultsthanshifting thewholeharmoniccomb.

Moreover, this �lter toleranceimprovesdistancecalculationfor
slightly inharmonicinstruments.After anumberof tests,work-
ing with the �rst ��� = 6 harmonics�lters givesacceptablere-
sults. Equivalentresultswereobtainedfor ��� = 7 or 8. The
bestandmost homogeneousresultsare obtainedwith a �lter
width of �

���

th semitone(10 cents)anda toleranceof about �

�

th

semitones(75centsaroundthenominalfrequency.

2.1.2 Attack Model

Testsusingonly the sustainmodelshow someimprecisionof
thealignmentmarks,whichareoftenlate.Worse,in verypoly-
phoniccases(morethanthreesimultaneousnotes),somenotes
arenotdetectedat all.

Therearetwo reasonsfor the markers' imprecision. First, the
partials' reverberationof thepreviousnotesis still presentdur-
ing thebeginningof thenext one. Second,duringattacks,en-
ergy is oftenspreadall over thespectrumandtheenergy maxi-
mumin the�lters is reachedseveralframesafterthetrueattack.
With thesustainmodelalone,alignmentmarksaresetat thein-
stantwhentheenergy of thecurrentnoterisesabovetheenergy
of the last note, several hundredthsof a secondafter the true
onset.

Moreover, in thepolyphoniccase,duringchords,severalnotes
often have commonpartials. If only one note of this chord
changes,too few partialsmayvary to causeenoughdifference
in thespectralstructureto bedetectableby thePSD.

A moreaccurateindicationof a notebeginningis givenby the
variationin the�lters. Thus,specialscoreframesusingenergy
variations	�


� in theharmonic�lter band
 of thenote � instead
of PSDwerecreatedat everyonset.In theseframes,theattack
distance��� is given by the sumof the energy variations(in
dB) in every tuned�lter band 
 . In the caseof simultaneous
onsets,thedistance��� is computedfor every beginningnote
andaveragedout:

����� mean
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with 	�


� the energy differencein dB with the precedentlocal
extremumin the�lter band 
 of note � ,

.(0

a threshold,and

"

a
scalingfactor.

Small notechangesduring chordsseemto be graspedby hu-
manperceptionmostlydueto their onsets.Therefore,thelocal
distance��� is ampli�ed by thescalingfactor

"

to favor onset
detectionoverPSD. After carryingoutsometests,

.40

wassetto
6.5dB and

"

to 50.

Theexamplein �gure 2 is characteristicof theprincipalprob-

lemsof thesustaindetection:For the�rst secondof thisMozart
string andoboequartet,violins and oboeplay a loud contin-
uousnotewhile the cello is playing small notesin their sub-
harmonics.Thecello hasmany commonpartialswith theother
notesandglobalenergy variationsaredueto violin vibratoand
not cello onset.As shown by the PSDdiagramin �gure 2(b),
detectionby useof thesustainmodel(PSD) is notpossible.On
thecontrary, thethreenotesE2,A2 andC3 caneasilybelocal-
izedontheenergy variationdiagramasindicatedby thevertical
dash-dottedlines.

(a) SpectrogramandMIDI roll

(b) 576

'
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< andPSDfor noteE2A2 C3

Figure2: First secondof Mozartquartet

2.1.3 SilenceModel

Short silencesdue to short restsin the scoreand non-legato
playing are dif�cult to model, since reverberationhas to be
takeninto anaccount.Weonly modelrestslongerthan100ms.



Shorterrestsaremergedwith thepreviousnote. The local dis-
tance ��� for long restsis computedusing an energy thresh-
old
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where
�

is theenergyof thesignalin theperformanceframe� .

2.2 Dynamic Time Warping

DTW is a consolidatedtechniquefor the alignment of se-
quences,the readermay refer to (Rabiner& Juang,1993)for
a tutorial. Using dynamicprogramming,DTW �nds the best
alignmentbetweentwo sequencesaccordingto a numberof
constraints.The alignmentis given in the form of a pathin a
local distancematrix whereeachvalue

� �

�����
	

��� is the like-
nessbetweenthe scoreframe � and the performanceframe

� . If a pathgoesthrough �

� 	

�
� , the frame � of the perfor-
manceis alignedwith frame � of thescore.Thefollowing con-
straintshavebeenapplied:Theendpointsaresetto be �

�

	

�

� and
� �

	��

� , where � and � arethenumberof framesof theper-
formanceandof thescore,respectively. Thepathis monotonic
in bothdimensions.Thescoreis stretchedto approximatelythe
samedurationastheperformance( ���

� ). Theoptimalpath
shouldthenbecloseto thediagonal,sothatfavoring thediago-
nalwould preventdeviatingpaths.

Three different local neighborhoodsof the DTW have been
tested.Several improvementshave beenaddedto theclassical
DTW algorithmin order to lower processingtime or memory
requirementsandthusallow long performancesto beanalyzed.
Themostimportantof theseimprovementsarethepathpruning
andtheshortcutpathimplementation.

2.2.1 LocalConstraints

TheDTW algorithmcalculates�rst theaugmenteddistancema-
trix �

�

�����
	

��� which is thecostof thebestpathupto thepoint
�

� 	

�
� . To computethis �

�

� matrix, different typesof local
constraintshave beenimplementedin which theweightsalong
thelocalpathconstraintbranchescanbetunedin orderto favor
onedirection.Theseweights[ ����������� ] areexplainedin the
�gure 3. Thedifferenttypenames,I, III andV follow thenota-
tion in (Rabiner& Juang,1993)andarecalculatedasfollows,
with
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Figure3: Neighborhoodonpoint (m,n) in typeI, III andV
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TheconstrainttypeI is theonly oneallowing horizontalor ver-
tical pathsandthusadmittingextra or forgottennotes.Sinceit
allowsfor verticalor horizontalpaths,thedrawbackof thiscon-
strainttypeis asfollows: Thepathcanbestuckin a frameof a
givenaxiswith erroneoussmall local distancewith successive
framesof theotheraxis. It leadsto badresultsin thepolyphonic
caseby detectingtoomany extraor forgottennotes.

The typesIII andV constrainthe slopeto be respectively be-
tween2 and

�

N or 3 and
�

�

. Sinceit is very rareto heara per-
formancewith passagesplayedmorethanthreetimesfasteror



slower thanthe score,it givesgoodalignmentbut will accept
neitherverticalnor horizontalpathsandthusdoesnot directly
handleforgottenor extra notes. TheseconstraintsIII and V
give approximatelythe sameresult, the type V takesmorere-
sourcesandmoretime but givesmorefreedomto the pathal-
lowing greaterslope. Using Type V is preferablebut type III
canstill beusedfor longpieces.

Thestandardvaluesfor thelocalpathconstraints[ �L��������� ]
� [ 1 1 2 ] for type I andV or [ 3 3 2 ] for type III, do not
favor any directionandareusedin our method.Note thatour
experimentsshowed that lowering � � favors the diagonaland
preventsextremeslopes.

2.2.2 PathPruning

As the frame size is usually around 5.8 ms, three minute
long performancescontainabout36000frames,so that about

�

	

M

�

�

�

�

elementsneedto be computedin the local distance
matrix and as many for the augmenteddistancematrix. The
memory required to store them is 2.5 GB. To reduce the
computationtime andthe resourcesneeded,at every iteration

� , only the bestpathsarekept, by pruningthe pathswith an
augmenteddistance �

�

�
� � 	

��� over a threshold

.

� . This
thresholdis dynamicallysetusingtheminimumof theprevious
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� row. After variousexperimentsthis thresholdwassetto:
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However, thepathsbetweenthecorridorof selectedpathsand
thediagonalarenot prunedto leave morepossiblepaths.Usu-
ally thecorridorwidth is about400frames.

2.2.3 ShortcutPath

Most applicationsonly needto know the note start and end
points,andnot thealignmentwithin thenote.Therefore,only a
shortcutpath,linking all thescoreeventsin thepath,is stored
asexplainedin (Orio & Schwarz,2001).As thelocalconstraint
typesIII or V needcomputationwith adepthof 3 or 4 framesre-
spectively, only 2 or 3 framesperperformanceframearestored
for eachscoreevent reducingmemoryrequirementsby about
95%.

3 Results

All testswereperformedwith adefaultframehopsizeof 5.8ms
(usually256points)which is a goodcompromisebetweenpre-
cisionandnumberof framesto compute.This hop-sizecanbe
lower for abetterresolutionwhenconsideringsmallrecordings
or higherfor quick preview of thealignment.

Dueto theabsenceof previouslyaligneddatabasesandthedif�-
culty of building oneby humanalignment,quantitativestatistics
weredoneonasmalldatabase.However, many qualitativetests
wereperformedby listeningto performancesandtheir reconsti-
tutedMIDI �les, whichpermittedtheevaluationof globalalign-
ment. Thesetestswereperformedwith varioustypesof music
(classical,contemporary, songswithoutpercussion,for instance
Bach,Chopin,Boulez,Brassens,etc.) achieving very goodre-
sults.Evenwith dif�cult signalssuchasvoices,very fastviolin
or pianosections,trills, vibrato, poly-instrumentalpieces,the
algorithmshowed goodresultsandgoodrobustnesswith only
few imprecisionsononsetfor multi-instrumentalpieces.

3.1 Limits

Notesshorterthan4 frames(23 ms)arevery dif�cult to detect
andoften leadto errorsfor neighbornotes. Therefore,all the
eventsthat are too short,aremergedin a chordwith the next
event. This techniquemakesit possibleto handleunquantised
chordsfrom MIDI �les recordedon a keyboard. Alignment
is ef�cient for pieceswith lessthan� ve harmonicinstruments
suchassinging voice, violin, piano,etc. As the memoryre-
quirementis still too high,only piecesshorterthansix minutes
andwith aboutfour thousandor lessscoreeventsarecurrently
treatable(a little lesswith localconstraintV), but this is enough
to alignmostpieces.Thelongestsuccessfultestwasperformed
on a � ve minuteand twelve secondlong jazz performanceof
4200scoreeventswith timeresolutionof 5.8ms(53926frames)
taking about400 MB of RAM and146 minuteson a Pentium
IV 2.8GHzrunningC++ andMatlabR

�

routines.

3.2 Automatic Evaluation

As performersrarelyplay with suddenvariationsin tempo,ex-
tremeslopesof alignmentpath,with largevariation,usuallyin-
dicatescore–performancemismatching. Thus, the path slope
canbeagooderrorindicator. If theslopeis �

�

for severalnotes,
it is very likely thatsomenotesaremissingin theperformance.
Ontheotherhandif theslopeis 3, therearecertainlyextranotes
in it.

This indicatorwasableto �nd with precisionthepositionof an
unknown extra measurein a scoreof Bach's prelude,ascanbe
seenin �gure 4.

Figure4: Pianoroll representationof alignedMIDI, andpath
slopein log units in theBach's preludebetween45 secand60
sec.

3.3 Robustness

Testswith audio recordingthat do not exactly coincidewith
theMIDI �les showedvery strongrobustnessanda very good
global alignment. For instance,alignmentof the �rst prelude
for pianoof Bach(80 secand629 scoreevents)with an extra
measureat the51st secondwascorrectlyaligneduntil the50th

andafterthe55th, andanothertestwith aBachsonatafor violin
showeda verygoodglobalalignmenteventhougha passageof
52noteswasmissingin thescore!

Vibratosand trills can be alignedvery ef�ciently as well, as
shown in the very large vibrato section of Anth�emes2 by
Boulez.



3.4 Err or Rate

Quantitative testswereperformedon several jazzpianoimpro-
visationsplayedby 3 differentpianists,wheresoundandMIDI
werebothrecorded.Thesearevery fast(anattackevery70 ms
ontheaverage)andlongpieces(aboutfour minutes)with many
trills andawidedynamicalrange.

As reverberationpreventsprecisenote enddetermination,we
focusedon noteonsetdetection.Only a goodglobalalignment
was looked for. A correctpairing betweenscoreand perfor-
mancemeansthat thedetectednoteonsetis closerto its corre-
spondingonsetin theperformancethanany other. With thiscri-
terion,testsshoweda9.7%errorrateof onsetdetectionoverthe
9024consideredonsets,about65% of theseerrorsweremade
onnotesshorterthan80ms,correspondingto arateof 12notes
persecond.Theseresultsneedseveralcomments:

1. Due to the MIDI recordingsystemused,the MIDI �le,
thoughrecordedfrom the keyboardsimultaneouslywith
theaudioseemsto berelatively imprecisewhencompared
to theaudio.

2. During theMIDI parsing,everynoteshorterthan4 frames
(usually23ms)is mergedwith theprecedingnote,increas-
ing errorrateof smallnotes(numerousin our tests).

3. The hop sizegives5.8 ms maximumresolutionbetween
eachpossibledetection.

4. Finally, asaudiofeaturesareextractedfrom a short time
fastFouriertransformcomputedon a 93 ms(4096points)
window, the centerof this window is taken to determine
framepositionin the recording. A bettersolutionwould
be to take the centerof gravity of energy in this window,
but this functionis notyet implemented.

As a consequence,testsshowed a 23.8 ms standarddeviation
betweenthe scoreonsetandthe detectedone. This resultcan
easilybeimprovedin thenearfuture,by a secondstageof pre-
cisetime alignmentwithin thevicinity of thealignmentmark.
Theprecisealignmentwasnot thegoalpursuedin this present
work.

4 Conclusionand Future Work

Ourmethod,whichis beingusedat IRCAM for researchin mu-
sicology, canef�ciently performalignmenton dif�cult signals
suchasmulti-instrumentalmusic(of lessthan� veinstruments),
trills, vibrato,accentuatedor fastsequences,with anacceptable
errorrate.

We are currently working on an onset detector which re-
analyzesthesignalaroundthealignmentmark,thusimproving
theresolutionfor applicationswhichneedbetterprecision.Fur-
thermore,a percussiondetectionprocessis beingworkedon to
beincludedsoonin thealignmentprocess.

Oneof the fundamentalproblemsremainingis the inadequacy
of thescorerepresentation.MIDI �les containvery little infor-
mationcomparedto realmusicalscoresandsotoo few features
canbeusedin thealignment.
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