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Abstract

Music alignmentlinks eventsin ascoreandpointson
the audio performanceime axis. All the partsof a
recordingcanbe thusindexed accordingto scorein-
formation. The automaticalignmentpresentedn this
paperis basedon a dynamictime warping method.
Localdistancesrecomputedusingthesignal’s spec-
tral featureghroughan attackplus sustainnotemod-
eling. The methodis appliedto mixtures of har
monic sustainedinstruments,excluding percussion
for the moment. Goodalignmenthasbeenobtained
for polyphory of upto veinstruments.The method
is robust for dif culties suchastrills, vibratosand
fastsequencesdlt providesanaccuratandicatorgiv-
ing positionof scoreinterpretatiorerrorsandextra or
forgottennotes. Implementatioroptimizationsallow
aligning long sound les in a relatively shorttime.
Evaluationresultshave beenobtainedon pianojazz
recordings.

1 Intr oduction

Scorealignmentmeanslinking scoreinformationto an audio
performancef this score.Thestudiedsignalis adigital record-
ing of musiciansinterpretingthe score. Alignment associates
scoreinformationto pointson theaudioperformancéime axis.
It is equivalentto a performancesegmentatioraccordingto the
score.

To do this, we proposea dynamictime warping (DTW) based
methodologyLocal distancesrecomputedusingspectrafea-
turesof the signal, and an attack plus releasenote modeling
(Orio & Schwarz,2001).Very ef cient onmonophonicsignals,
this methodcan now copewith ary poly-instrumentaberfor

mancemadeup of lessthan ve instrumentswithout percus-
sion.

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

1.1 Applications, Goal and Requirements

Automaticscorealignmenthasseveral applications.Eachgoal
requiresspeci ¢ informationfrom this automaticprocess.The
mostimportantapplicationsare:

1. In applicationghatdealwith symbolicnotation,alignment
canlink this notationanda performanceallowing musi-
cologiststo work ona symbolicnotationwhile listeningto
arealperformancdVinet, Herrera,& Pachet,2002).

2. Indexing of continuousmediathrough sggmentationfor
content-basedetrieval. Thetotal alignmentcostbetween
pairsof documentxanbe considerechsa distancemea-
sure(asin earlyworkson speechrecognition).Thisallows

nding of the bestmatchingdocumentdrom a database.
Theserst two applicationsonly needagoodglobalpreci-
sionandrobustness.

3. Musicological comparison of different performances,
studyingexpressve parameterandinterpretationcharac-
teristicsof a speci ¢ musician.

4. Constructionof a new scoredescribingexactly a selected
performancéy addinginformationsuchasdynamicsmix
information, or lyrics. This information canbe addedto
pitch andlengthlabelingwhenbuilding a databaseNev-
erthelesge-transcriptiorof temponecessitatekigh time
precision.

5. Performancesggmentationinto note samplesautomati-
cally labeledandindexedin orderto build a unit database,
for examplefor data-drvenconcatenatie synthesisased
onunit selection(Schwarz,2000,2003a,2003b)or model
training (Orio & Déchelle,2001). This sggmentationre-
quiresa precisedetectionof the startand end of a note.
However, notesthat are known to be misalignedcan be
disregardedseesection3.3).

Alignmentis closeto realtime synchronizatiorbetweenra per
former and a computey known as scorefollowing (Orio &
Déchelle,2001; Orio, Lemouton,Schwarz, & Schnell,2003).
However, in alignmentthe whole signalcanbe usedandmore
accurateaesolutioncanbe obtainedif requiredby the applica-
tion. Neverthelessalignmentcan be a good bootstrapproce-
durefor trainingscorefollowerswhich usestatisticaimodels.



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 the beginning andend of noteswill
beaddedn thefuture,asdetailedin sectior4.

1.2 PreviousWork

Automatic alignmentof sequencess a very popularresearch
topic, especiallyin genetics,molecular biology and speech
recognition.A goodoverview of thistopicis (Rabiner& Juang,
1993). Therearetwo main stratgjies: the oldestusesdynamic
programming(DTW) andthe otheruseshiddenMarkov mod-
els (HMMs). For pairwise alignmentof sequencesHMMs
andDTW are quite interchangeabléchniquegDurbin et al.,
1998).

Concerningautomaticalignmentspeci cally, the main works

arescorefollowing techniquesunedfor off line use(Raphael,
1999), the previous work of (Orio & Schwarz, 2001), or

(Meron,1999).A differentapproactof musicalignments very

briey describedn (Turetsky, 2003). All of thesetechniques
considemainly monophoniaecordings.

For noterecognition therearemary pitch detectiontechniques
using signal spectrumor auto-correlationfor instance. These
techniquesareoftenef cient in monophoniacasesut noneof
theseusescoreinformationandarethereforesub-optimalin our
situation.

1.3 Principle

Scorealignmentis performedn four stages:

First, constructionof the scorerepresentatioy parsing
of theMIDI le into scoreevents.

Secondextractionof audiofeaturedrom signal.

Third, calculationof local distancesbetweenscoreand
performance.

Fourth, computationof the optimal alignmentpathwhich
minimizestheglobaldistance.

This laststages carriedout usingDTW. Our choicefor thisal-
gorithmis dueto the possibility of optimizingmemoryrequire-
ments.Also, unlike HMMs, DTW doesnot have to betrained,
sothatahandmadetrainingdatabasés notnecessary

2 The Method

For eachsequencethe scoreandthe performanceare divided
into framesdescribedby features. Scoreinformation is ex-

tractedfrom standardMIDI les, the format of most of the
availablescoredatabasesHowever this formatis very hetero-
geneousanddoesnot containall classicalscoresymbols. The
only availablefeaturedfrom theseMIDI les arethefundamen-
tal frequenciegpresenttary time, andnoteattackandendpo-

sitions.Asimplicitly introducedn (Orio & Schwarz,2001),the
resultof the scoreparsingis a time-orderedsequencef scoe

eventsat every changeof polyphory, 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
statesdbetweerthem.

44.1kHz). The temporalresolutionneededor the alignment
determineshehopsizeof framesin theperformanceThescore
is thendivided into approximatelythe samenumberof frames
asthe performanceln consequencehe globalalignmentpath
shouldfollow approximatelythe diagonalof the local distance
matrix (seesection2.2).

Finally, DTW nds thebestalignmentbasedn local distances
using a Viterbi path nding algorithm which minimizes the
globaldistancebetweerthe sequences.

2.1 Model: Local DistanceComputation

Thelocaldistancas calculatedor eachpairmadeup of aframe

in theperformancandaframe inthescore.Thisdistance,
representinghe similarity of the performancdrame  to the
scoreframe , is calculatedusingspectrainformation. Thelo-
cal distancesrestoredin thelocal distancematrix

Theonly signi cant featurexontainedn thescorearethepitch,

the notelimits andthe instrument.Sincehaving a goodinstru-

mentmodelis dif cult, only pitch andtransientsvere chosen
asfeaturedfor the performanceThis is why the notemodelis

de ned with attackframesusing pitch and onsetinformation,
andsustainframesusingonly pitch.

2.1.1 SustainModel

Thesustairmodelusesonly pitch. As pitch trackingalgorithms
are error prone, especiallyfor polyphonic signals,a method
called Peak Structue Match (Orio & Schwarz, 2001)is used.
With this method,the local Peak Structue Distance(PSD) is
theratio of thesignalenepgy Itered by harmonicbandpassl-
terscorrespondingo eachexpectedpitch presentin the score
frame,overtotal enegy.

This techniquds very ef cient in monophoniccasesHowever
in the poly-instrumentakituation,the differentinstrumentsdo
not have the sameloudnessandit is very dif cult to localize
low and shortnotesundercontinuousloud notes. Coding en-
ergies on a logarithmic scalereducedevel ratio betweenthe
differentinstrumentsandthusimprovesresults.

However, this modelhastwo major drawbacks. First, in poly-
phoniccases,lter bankscorrespondingo achordtendto cover
themajorpartof the signalspectrumjncreasinghelik enesof
this chordwith ary part of the performance.As result, Iters
needto beaspreciseaspossible.

Secondly sucha modelwith narrov lters is adaptedo x ed
pitch instrumentssuchasthe piano,in which smallfrequeng
variations,error, or vibrato, areimpossible. For string instru-



mentsandthe voice, suchvariationscanbe aslarge asa semi
tonearoundthe nominalfrequeng of the note. A simplesolu-
tionisto de ne vibratoasachordof theupperandthelowerfre-
queng, but vibratois notincludedin mostMIDI basedscores.
Another solutionis to give a degree of freedomto each Iter
aroundits nominalfrequeng. For eachperformancdrame,the
Iter is tunedwithin a certainrangeto yield the highestenegy.
Theenepy is weightedby a Gaussiarwindow centerecn the
nominalfrequeng of the lter, lowering the preferencefor a
high enegy peakfar away and favoring a low but closeone.
Amazingly, we have obsenedthatshifting Iters independently
givesbetterresultsthanshifting thewhole harmoniccomh

Moreover, this Iter tolerancemprovesdistancecalculationfor
slightly inharmonicinstrumentsAfter a numberof testswork-
ing with the rst = 6 harmonicslters givesacceptablee-
sults. Equivalentresultswere obtainedfor =7or8. The
bestand most homogeneousesultsare obtainedwith a Iter

width of —™ semitone(10 cents)anda toleranceof about-t"
semitoneg75 centsaroundthe nominalfrequeng.

2.1.2 Attadk Model

Testsusing only the sustainmodel shav someimprecisionof
thealignmentmarks,which areoftenlate. Worse,in very poly-
phoniccasegmorethanthreesimultaneousotes),somenotes
arenotdetectedatall.

Therearetwo reasondor the markers' imprecision. First, the
partials' reverberatiorof the previousnotesis still presendur-
ing the beginning of the next one. Secondduring attacks,en-
ergy is oftenspreadll overthe spectrumandthe enegy maxi-
mumin the lters isreachedeveralframesafterthetrueattack.
With thesustairmodelalone alignmentmarksaresetat thein-
stantwhentheenepy of the currentnoterisesabove theenegy
of the last note, several hundredthsf a secondafter the true
onset.

Moreover, in the polyphoniccase during chords,several notes
often have commonpartials. If only one note of this chord
changestoo few partialsmay vary to causeenoughdifference
in the spectraktructureto be detectabldy the PSD

A moreaccuratdndicationof a notebeginningis givenby the
variationin the lters. Thus,specialscoreframesusingenegy
variations  in theharmoniclter band of thenote instead
of PSDwerecreatedat every onset.In theseframes the attack
distance is given by the sum of the enegy variations(in
dB) in every tuned Iter band . In the caseof simultaneous
onsetsthedistance  is computedfor every beginning note

andaveragedut:
mean 1)
with the enepy differencein dB with the precedentocal

extremumin the Iter band of note , athresholdand a

scalingfactor

Small note changegduring chordsseemto be graspeddy hu-
manperceptiormostly dueto their onsets.Thereforethelocal
distance  is ampli ed by the scalingfactor to favor onset
detectionover PSD After carryingoutsometests, wassetto
6.5dBand to50.

The examplein gure 2 is characteristiof the principal prob-

lemsof thesustaindetection:For the rst secondf thisMozart
string and oboe quartet,violins and oboeplay a loud contin-
uousnote while the cello is playing small notesin their sub-
harmonics.Thecello hasmary commonpartialswith the other
notesandglobalenegy variationsaredueto violin vibratoand
not cello onset. As shavn by the PSDdiagramin gure 2(b),
detectionby useof the sustairmodel(PSD) is not possible.On
thecontrary thethreenotesE2, A2 andC3 caneasilybelocal-
izedontheenegy variationdiagramasindicatedby thevertical
dash-dottedines.

(a) SpectrogranandMIDI roll

(b) andPSDfor noteE2 A2 C3

Figure?2: Firstsecondf Mozartquartet

2.1.3 SilenceModel

Short silencesdue to shortrestsin the scoreand non-lggato
playing are dif cult to model, since reverberationhasto be
takeninto anaccountWe only modelrestslongerthan100ms.



Shorterrestsarememgedwith the previousnote. Thelocal dis-

tance for long restsis computedusing an enegy thresh-
old :

if

. 2

i )
where istheenepy of thesignalin theperformancdrame

2.2 Dynamic Time Warping

DTW is a consolidatedtechniquefor the alignmentof se-
guencesthe readermay referto (Rabiner& Juang,1993)for
a tutorial. Using dynamicprogramming,DTW nds the best
alignmentbetweentwo sequencesccordingto a number of
constraints.The alignmentis givenin the form of a pathin a
local distancematrix whereeachvalue is the like-
nessbetweenthe scoreframe  and the performanceframe
. If a pathgoesthrough , theframe  of the perfor
manceis alignedwith frame of thescore.Thefollowing con-
straintshave beenapplied: Theendpointsaresetto be and
,where and arethe numberof framesof the per
formanceandof the score respectiely. The pathis monotonic
in bothdimensionsThescoreis stretchedo approximatelythe
samedurationasthe performanced ). The optimal path
shouldthenbe closeto thediagonal sothatfavoring the diago-
nalwould preventdeviating paths.

Three different local neighborhoodsf the DTW have been
tested.Severalimprovementshave beenaddedto the classical
DTW algorithmin orderto lower processingime or memory

requirementsindthusallow long performance$o beanalyzed.

Themostimportantof thesemprovementsarethe pathpruning
andtheshortcut pathimplementation.

2.2.1 LocalConstaints

TheDTW algorithmcalculatesrst theaugmentedistancena-
trix whichis thecostof the bestpathupto thepoint

. To computethis matrix, differenttypesof local
constraintdhave beenimplementedn which theweightsalong
thelocal pathconstraintoranchesanbetunedin orderto favor
onedirection. Theseweights| ] areexplainedin the
gure 3. Thedifferenttypenames/, lll andV follow the nota-
tion in (Rabiner& Juang,1993)andarecalculatedasfollows,

with abbreviatedto :
Typel :

(3a)
Typelll :

(3b)

(m,n-1) (m,n) (m,n)
(m-1,n-1) (m-1,n) (m-1,n-2)(m-1,n-1)
(m-2,n-1)
Typel Typelll
(m,n)

(m-1,n-3)(m-1,n-2)(m-1,n-1)

(m-2,n-1)

(m-3,n-1)

TypeV

Figure3: Neighborhoodn point(m,n)in typel, lll andV

TypeV :

(3¢0)

Theconstraintypel is theonly oneallowing horizontalor ver-
tical pathsandthusadmittingextra or forgottennotes.Sinceit
allowsfor verticalor horizontalpaths the dravbackof thiscon-
strainttypeis asfollows: The pathcanbe stuckin aframeof a
givenaxiswith erroneousmalllocal distancewith successie
framesof theotheraxis. It leadsto badresultsin thepolyphonic
caseby detectingtoo mary extra or forgottennotes.

Thetypeslll andV constrainthe slopeto be respectiely be-
tween2 and - or 3 and -. Sinceit is very rareto heara per
formancewith passageplayedmorethanthreetimesfasteror



slower thanthe score, it givesgoodalignmentbut will accept
neithervertical nor horizontalpathsandthusdoesnot directly
handleforgottenor extra notes. Theseconstraintslll and V
give approximatelythe sameresult, the type V takesmorere-
sourcesandmoretime but givesmore freedomto the pathal-
lowing greaterslope. Using Type V is preferablebut type Il
canstill beusedfor long pieces.

Thestandardraluesfor thelocal pathconstraintg ]

[1 1 2] fortypel andV or[ 3 3 2] for typelll, do not
favor ary directionandare usedin our method. Note that our
experimentsshaved thatlowering  favorsthe diagonaland
preventsextremeslopes.

2.2.2 PathPruning

As the frame size is usually around 5.8 ms, three minute
long performancegontainabout36000frames,so that about
elementsneedto be computedin the local distance

matrix and as mary for the augmentedlistancematrix. The
memory required to store them is 2.5 GB. To reducethe
computationtime and the resourcesieededat every iteration
, only the bestpathsare kept, by pruningthe pathswith an
augmenteddistance over a threshold This
thresholds dynamicallysetusingthe minimumof theprevious

row. After variousexperimentghis thresholdwvassetto:

(4)

However, the pathsbetweenthe corridor of selectechathsand
thediagonalarenot prunedto leave morepossiblepaths.Usu-
ally the corridorwidth is about400frames.

2.2.3 ShortcutPath

Most applicationsonly needto know the note start and end
points,andnotthe alignmentwithin the note. Thereforeonly a

shortcutpath,linking all the scoreeventsin the path,is stored
asexplainedin (Orio & Schwarz,2001).As thelocal constraint
typeslll orVV needcomputatiorwith adepthof 3 or 4 framesre-

spectvely, only 2 or 3 framesperperformancdramearestored
for eachscoreevent reducingmemoryrequirementdy about
95%.

3 Results

All testswereperformedwith adefaultframehopsizeof 5.8ms

(usually256 points)which is agoodcompromisebetweerpre-

cisionandnumberof framesto compute.This hop-sizecanbe

lowerfor a betterresolutionwhenconsideringsmallrecordings
or higherfor quick preview of thealignment.

Duetotheabsencef previouslyaligneddatabaseandthedif -
culty of building oneby humanalignmentguantitatve statistics
weredoneon asmalldatabasetHowever, mary qualitatve tests
wereperformedby listeningto performanceandtheir reconsti-
tutedMIDI les, whichpermittectheevaluationof globalalign-
ment. Thesetestswere performedwith varioustypesof music
(classicalcontemporarysongawithout percussionfor instance
Bach,Chopin,Boulez,Brassensetc.) achieving very goodre-
sults.Evenwith dif cult signalssuchasvoices,veryfastviolin
or piano sectionsitrills, vibrato, poly-instrumentapieces,the
algorithmshaved goodresultsandgood robustnesswith only
few imprecisionson onsetfor multi-instrumentapieces.

3.1 Limits

Notesshorterthan4 frames(23 ms) arevery dif cult to detect
andoften leadto errorsfor neighbornotes. Thereforeall the
eventsthat aretoo short,are meigedin a chordwith the next
event. This techniquemalesit 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
treatablgalittle lesswith local constraintV), but thisis enough
to alignmostpieces.Thelongestsuccessfulestwasperformed
ona ve minute andtwelve secondong jazz performanceof
4200scoreeventswith timeresolutionof 5.8ms(53926frames)
taking about400 MB of RAM and 146 minuteson a Pentium
IV 2.8 GHzrunningC++andMatlab® routines.

3.2 Automatic Evaluation

As performergarely play with suddenvariationsin tempo,ex-
tremeslopesof alignmentpath,with large variation,usuallyin-
dicate score—performancmismatching. Thus, the path slope
canbeagooderrorindicator If theslopeis - for severalnotes,
it is verylikely thatsomenotesaremissingin the performance.
Ontheotherhandif theslopeis 3, therearecertainlyextranotes
in it.

Thisindicatorwasableto nd with precisionthe positionof an
unknown extra measuren a scoreof Bach's prelude,ascanbe
seenn gure 4.

Figure4: Pianoroll representatiomnf alignedMIDI, andpath
slopein log unitsin the Bach's preludebetween5 secand60
sec.

3.3 Robustness

Testswith audio recordingthat do not exactly coincide with
the MIDI les showved very strongrobustnessanda very good
global alignment. For instance alignmentof the rst prelude
for pianoof Bach (80 secand 629 scoreevents)with an extra
measuret the 515t secondwas correctlyaligneduntil the 50
andafterthe55", andanothettestwith a Bachsonatéor violin
shavedavery goodglobalalignmenteventhougha passagef
52 noteswasmissingin the score!

Vibratosandtrills canbe alignedvery efciently aswell, as
shavn in the very large vibrato section of Anthemes2 by
Boulez.



3.4 Error Rate

Quantitatve testswereperformedon several jazz pianoimpro-
visationsplayedby 3 differentpianists wheresoundandMIDI
werebothrecorded.Thesearevery fast(anattackevery 70 ms
ontheaverageyndlong piecegaboutfour minutes)with mary
trills andawide dynamicalrange.

As reverberationpreventsprecisenote end determinationwe

focusedon noteonsetdetection.Only a goodglobalalignment
was looked for. A correctpairing betweenscoreand perfor

mancemeanghatthe detectechoteonsetis closerto its corre-
spondingonsetin theperformancehanary other With thiscri-

terion,testsshaveda9.7%errorrateof onsetdetectioroverthe
9024 considerednsets about65% of theseerrorswere made
on notesshorterthan80 ms,correspondindo arateof 12 notes
persecondTheseresultsneedseseralcomments:

1. Due to the MIDI recordingsystemused,the MIDI le,
thoughrecordedfrom the keyboard simultaneouslywith
theaudioseemdo berelatively imprecisewhencompared
to theaudio.

2. Duringthe MIDI parsingevery noteshorterthan4 frames
(usually23ms)is memgedwith theprecedingiote,increas-
ing errorrateof smallnotes(numerousn ourtests).

3. The hop size gives 5.8 ms maximumresolutionbetween
eachpossibledetection.

4. Finally, asaudiofeaturesare extractedfrom a shorttime
fastFouriertransformcomputedon a 93 ms (4096 points)
window, the centerof this window is takento determine
frame positionin the recording. A bettersolutionwould
be to take the centerof gravity of enepgy in this window,
but this functionis notyetimplemented.

As a consequencdgstsshaved a 23.8 ms standarddeviation
betweenthe scoreonsetandthe detectedone. This resultcan
easilybeimprovedin the nearfuture,by a secondstageof pre-
cisetime alignmentwithin the vicinity of the alignmentmark.
The precisealignmentwasnot the goal pursuedn this present
work.

4 Conclusionand Futur e Work

Ourmethodwhichis beingusedat IRCAM for researchin mu-

sicology canefciently performalignmenton dif cult signals
suchasmulti-instrumentamusic(of lessthan veinstruments),
trills, vibrato,accentuatedr fastsequencesyith anacceptable
errorrate.

We are currently working on an onset detector which re-
analyzeghesignalaroundthe alignmentmark, thusimproving
theresolutionfor applicationavhich needbetterprecision.Fur-
thermore a percussiordetectionprocesss beingworkedon to
beincludedsoonin thealignmentprocess.

Oneof the fundamentaproblemsremainingis the inadequag
of the scorerepresentationMIDI les containvery little infor-
mationcomparedo realmusicalscoresandsotoo few features
canbeusedin thealignment.
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