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Abstract

Music alignmentis the associationof eventsin a score with
pointsin thetime axis of an audio signal. Thesignalis thus
segmentedaccording to the eventsin the scoe. e proposea
new methodolgy for automaticalignmentbasedon dynamic
time warping whee the spectal peak structute is usedto
computethe local distance enhancedoy a modelof attacks
andof silence Themethodolgy cancopewith performances
consideeddifficult to align, like polyphonicmusic trills, fast
sequencesyr multi-instrumenimusic. An optimisationof the
representatiorof the alignmentpath malesthe methodappli-
cableto long soundfiles, so that unit databasesan be fully
automaticallysegmentedand labeled. On 708 sequencesf
synthesisedusic,weachievedan average offsetof 25 msand
an error rate of 2.5%.

1 Intr oduction

Music alignmentis the associatiorof eventsin a musical
score(in our case notes)with pointsin thetime axisof anau-
dio signal. The signalis a digital recordingof the scorebeing
playedby musiciansandis referredto asthe performanceAn
alignmentimplies a segmentatiorof the performanceccord-
ing to the eventsin the score.

We proposea nenv methodologyfor automaticalignment
basedon dynamictime warping (DTW). The spectralpeak
structureis usedas the main featurefor computingthe lo-
cal distancebetweerframesof the performanceandelements
in the score. Additional featuresmodelsilencesandnote at-
tacks.The methodologycancopewith polyphonicandmulti-
instrumentperformancesswell aswith performancesvhere
fastsequenceer trills arepresentNormally, blind segmenta-
tion methods(Rossignol2000), which only usethe informa-
tion from the audio signal, are not very accuratewith these
kinds of performances.

1.1 Applications

A greatpartof theresearchin computersciencas devoted
to the automationof processesarriedout by humans.Auto-
matic processesire particularly usefulin a numberof situa-
tions. For instance the sggmentationof a large collection of

recordingswhich may last several hours,cannot feasiblybe
donemanuallybecausef thelargeamountof data. Thesame
situation appliesfor difficult signals(i.e., fast sequencesf

noteswith legato)wheremanualsegmentatiormaybetedious
or imprecise.

Automaticalignmentof musicsequencebhasa numberof
applicationsthe mostimportantbeing:

1. Sggmentatiorof a performanceanto notesandlabeling
(tagging)of the noteswith theinformationfrom the scorefor
building unit databaseéSchwarz 2000). Along with the note
pitch andlength,therecanbeadditionalsymbolicinformation
attachedo the score suchasdynamicsarticulation,or lyrics.

2. Comparisorof differentperformance$or musicologi-
cal researchfor instanceaimedat the studyof the expressie
parameterselatedto timing.

3. Indexing of continuousmediathrough segmentation
for content-basedetrieval. Thetotal alignmentcostbetween
pairsof documentsanbe consideredasa distancemeasure
(asin earlyworkson speectrecognition),allowing to find the
bestmatchingdocumentérom adatabase.

Alignmentis relatedto the problemof real-timesynchro-
nisation betweenperformersand computers,usually called
scorefollowing, when additional constraintsof low-latencg
andonly local knowledgeof the performancereintroduced.
Off-line alignmentcan be usedas a bootstrapprocedurefor
thetraining of real-timestatisticalmodels.

1.2 Previous Work

Automaticalignmentof sequencebasbeena popularre-
searchtopic in mary fields, suchas string analysis,molecu-
lar biology, andnotably speectrecognition. The literatureis
considerablyast, and we only mentiontwo comprehensie
overviews on the differentapproache speechrecognition
(RabinerandJuangl993)andin biologicalsequencanalysis
(Durbinetal. 1998).

An interesting work on music alignmentis (Raphael
1999). Alignmentis computedthroughthe useof a hidden
Markov model (HMM), and can be performedboth on-line
for scorefollowing, which is the primary goal, and off-line
for sgmentation. HMMs can be seenas an appealingal-
ternative to DTW, in particularbecausehey canbe trained.



However, for pairwisealignmentof sequencesyhich is our
goal, HMMs and DTW are two completelyinterchangable
techniquegqDurbin et al. 1998). Our choiceof DTW is due
to the possibilty to optimise memoryrequirementdor large
soundfiles,as presentedn section2.3. Referto the parallel
paper(Orio and Déchelle2001)for the useof HMMs in on-
line scorefollowing.

Alignmenthasalsobeenusedn speectsynthesigesearch,
asausefultool for preparingunit databasefor concatenatie
speechsynthesis. The resultsof the MBROLIGN technique
from the MBROLA project(Malfrereand Dutoit 1997), has
beenthe motivationfor our methodology

2 The Methodology

Alignmentis carriedout usingDTW. This techniqudinds
thebestglobalalignmenibf two sequencedasednlocal dis-
tanceslt usesa Viterbi pathfinding algorithmthatminimizes
theglobaldistancedbetweerthe sequences.

The sequence be alignedconsistof framescontaining
features Thefeaturedatafor theperformanceareextractedby
signalanalysistechniques.The featuredatafor the scoreare
generatedor eachframeaccordingto a modelof the instru-
ment. In our case the modelis a simple harmonicspectrum
thatis constanfor eachnote,togethemwith a modelof the at-
tack anda modelfor the silence. The temporalresolutionof
thealignmentis givenby the performancdramerate. For in-
stancea hopsizeof theanalysisvindow of 256 pointsgivesa
resolutionof 5.8 msatasamplingrateof 44.1 kHz. Thescore
frameratecanbemuchlowerthanthe performancdramerate,
savzing computatiortime andmemorystoragebecaus®®TW
is robustto differencesn thelengthsof thetwo sequences.

2.1 Calculation of Local Distances

Thelocal distancesrecalculatedor eachpair of aframe
m in the performanceanda framen in the score. They are
representedsthelocal distancematrix d(m, n). Only a part
of the matrix needgo be calculatedpbecausdocal andglobal
pathconstraintseducethe numberof points{m, n} thatcan
be partof the optimal path(RabinerandJuangl993).

2.1.1 Peak Structur e Distance(PSD)

The principal featurefor segmentationof musicalsignals
is pitch (as opposedo spectralervelopefor speech). How-
ever, pitch trackingis still errorprone,evenmoresofor poly-
phonicsignals. This is why we do not usepitch asa feature
directly, but the structureof the peaksin the spectrumgiven
by theharmonicsinusoidapartials. This extendswell to poly-
phonicsignals.

The expectedpeaksare modeledfrom the pitchesin the
score: For eachnoterunningat a certainscoreframe,h har
monic peaksaregeneratedAfter anumberof testswe chose

h = 8 but goodresultscanbe obtainedalsowith smallerval-
ues. The peakstake the form of rectangularspectralbands
with an equalamplitudeof 1 in an otherwisezerospectrum.
Figurel shaws a setof filters togetherwith two signals,rep-
resentingsmallandbig distancesEachbandhasa bandwidth
of onehalf-toneto accommodatéor slighttuningdifferences
andvibrato. This generatedgcorespectrums is multiplied by
the Fourier magnitudespectrumpP? of oneframeof the per
formance.If the peakstructuresof the two framesareclose,
the sum of this productwill be high. We can also seethis
procedureasfiltering.

amplitude

(b)

amplitude

frequency

Figure 1: The generatedspectral bands with a good (a), and a
bad (b) matching performancespectrum.

Normalizationof theresultsof ||S- P?|| is necessaryo pre-
venta loud, noisy frame from matchingall generatedands.
To thisaim, its valueis dividedby thesignalenegy in thefre-
gueng rangethatcontainsall therectangulaspectrabands.

Thedefinitionof the peakstructuredistances thus

Zi SleZ
> P?

with [m, n] respectrely the framesin the performancendin
the score,and: the FFT bins. The calculationof the prod-
uct S;P? for the PSDcanbeimplementedvery efficiently by
summingthebinsof P2 within thebands.

PSDim,n)=1-— (1)

2.1.2 Delta of Peak Structur e Distance(APSD)

Testsusingthe PSDhighlightedthatalignmentmarksare
sometimessettoo late. The two reasonsrethat, first, rever-
berationcauseghe partialsof thelastnoteto still be present
at the startof the next note,and secondly thatduring the at-
tacksof musicalinstrumentsgnegy is often spreadall over
the spectrumgiving low valuesof the PSD

However, theenepgy atthepeaksf theexpectedhoterises
sharplyduringthe attack. Hence we cangeta moreaccurate



indicationof the startof a note, usingthe deltaof PSD The
distanceAPSDis givenby clipping é below athresholdis:

5—6q if 6> 8
Apsqm,n):{ ¢ ozb

2
0 if 5<6, @

with § = PSOm,n) — PSDim — 1, n). Clippingis necessary
to preventnegative distancevalues.

2.1.3 Modeling of Silence

We introducespecialscoreframesat the endof eachnote
to correctlyhandlepossiblesilencecausedy restsin thescore
or by non-lggatoplaying styles. For theseframes,a special
distancesPSDmeasureshe matchof the signallog enegy e
above asilencethresholdd, .

e—0s if e>¥6;

3
0 if e<6, ®)

sPSOm, n) = {
with e = log 3~ P?. This allows the alignmentpathto stayin
thesilenceframein the scoreandadwancein the performance
in orderto “stretchout” the pausedbetweemotes.

2.2 Dynamic Time Warping

DTW is a consolidatedtechniquefor the alignment of
speectsequenceghereademayreferto (RabinerandJuang
1993) for a tutorial. Using dynamic programming,DTW
finds the bestalignmentbetweenwo sequenceaccordingto
a numberof constraints.The alignmentis givenin the form
of a pathin the local distancematrix. If a pathgoesthrough
[m,n], theframem of the performancas alignedwith frame
n of thescore.

The following constraintshave beenapplied: The end
pointsaresetto be [1,1] and [M, N], where M and N are
thenumberof framesof the performancendof the score re-
spectvely. Thepathis monotonidn bothdimensionsAmong
thedifferentlocal continuityconstraintsthesimplestonegave
thebestresults.

Thebestpathis computedteratively, giventheinitial con-
dition p(1,1) =d(1, 1):

p(m—1,n—1)4+2d(m,n)
+ d(m,n) 4
+ d(m,n)

p(m,n) = min { p(m —1,n)
p(m,n—1)

wherep(m, n) is thecostfor apathupto thepoint[m,n]. The
local distanced is givenby

sqa APSOim,n) ifne A
dim,n)= ¢ s, sPSOm,n) ifnesS (5)
PSDO(m, n) otherwise

wheresy ands; arescalingfactorsto bring thevaluesinto the
rangeof PSD and A and S arethefirst andlastframesof all
notesrespectiely.

2.3 Implementation Considerations

The DTW algorithmcanbe implementecefficiently such
that the performanceneednot be presentin memory as a
whole. Equally, the distancematricesare accesseabnly in
the neighbourhoof the currentperformancdrame, so that
only the last two lines of theseneedto be keptin memory
However, the matrix that storesall possiblepathscannot be
reducedbecauseve only know at the endwhich pathis the
optimalone.

This posesmemoryproblemsfor the fully automatedap-
plication of DTW on real-world soundfiles. As anexample,
thefirstmovementof the Sonatal for soloviolin by J.S.Bach
lasts24 minutesand contains450 notes. This yields about
24000framesfor the performanceandthe score andmatrices
of around0.5 - 10° elementstakingup atleast2 GB of mem-
ory. A global pathconstraint,i.e. consideringonly a central
corridor for the possiblepaths,reduceshe memoryrequire-
mentby only afactorof 2, leaving it still too high for today's
computers.

However, all we areinterestedn is the alignmentof note
onsettimes. We don't careabout(andindeeddidn’t model)
the evolution within a note. This meanshatwe only needto
keepin memoryall possibleshortcutpaths i.e. pathsthatare
reducedo the first andlast scoreframefor eachnote. Their
memoryrequirements only 107 elementsi.e. 40 MB.

3 Results

Theresultsof ourmethodarevery encouragingWe tested
recordingsf variousmonophoni@andpolyphonicacoustidn-
strumentswith very goodresults. Evenvery difficult signals,
suchasheldchordswith only onechangingnote,veryfastvi-
olin passagege.g. 16 legatonotesat a rate of 10 notesper
secondwith irregular accents),and performanceswith trills
andvibratowereperfectlyaligned.Preliminarytestson multi-
instrumentmusic (a string and oboequartet)shaved a good
global alignmentwith animprecisionof a few framesin the
determinatiorof thenoteonsets.

Quantitatve testshave beencarried out on 708 perfor
mancesplayed by a samplebasedsynthesizer The choice
of synthesizedoundsprovidesa referenceof note onsetsin
the performancewithout requiringa manualalignment. We
used14 differentsounds,playedwith the 4 differentlevels
of articulationlegato (I), detadé (d), pause(p), andstaccato
(s), with graduallylongersilence. We preparedsix different
scoresthreemonophonicfwo with two voicesof polyphory,
and one with threevoicesof polyphory. Amongthe mono-
phonicscorespneis a simplerepetitionof the samenote,and
oneis deliberatelymismatchedwith its performance$y one
octaveto testtherobustnes®f thealgorithm. Thescoresvere
playedat 3 differenttranspositionsgach2 octavesapart.

We hadto eliminatetheresultsgivenby oneof thesounds,



becausdt wasa bell whoseinharmonicspectrumnis not mod-
eledby our technique.Theresultsfor the octare-mismatched
scorewere encouragingbut the robustneson octave devia-
tions hasstill to be extensiely tested. As we expected,our
techniqueis not very suitablefor the performanceswith re-
peatedpitch, becausdhe peakstructuredoesnot changebe-
tweennotes. The techniqueneedsto be improved by using
otherfeaturedor dealingwith this specialcase.

In the following sectionswe presenthe quantitatve ana-
lysesontheremainingd80examples.

3.1 Error Rate

We consideredan error an alignmentmark more than
200 ms off of the expectedperformanceposition. Of all the
files, only 9.4% had erroneousmarksat all (11.9% without
the attack and silencemodeling). For monophonicperfor
mancesthis ratedropsto 2.5%. The percentagef alignment
errorsover all marksin all performancess 2.5% (0.42%for
themonophonic3.6%for the polyphonicperformances).

The errorrateis lowestfor the middle octave, anddrops
with theintroductionof longerpausesHowever, for the stac-
catoplayingstyle,we noticedasmallincreasef theerrorrate.
The sameeffectwasnoticedwhenonly the PSDwasused.

3.2 Offset

A moredetailedparameteis the averageoffset (i.e. the
absolutedistancebetweenthe expectedandfound alignment
mark)on nonerroneousnarks.

As canbeseenin tablel, thereis a decreasef the offset
for higher octares, dueto the larger window size neededo
resole low frequeng spectralpeaks. Moreover, the offset
generallydecreasewith longerpauseswith the exceptionof
thelowestoctave.

mono |low mid high |avg poly [low mid high |avg
| 44 33 26| 34 | 58 36 35| 43
d 20 16 8| 15 d 26 18 15| 20
p 35 11 8| 18 p 33 13 7| 18
s 37 10 9| 19 s 35 10 9| 18
avg 34 18 13| 23 avg | 38 19 16| 26

Table 1: Averageoffsetin ms dependingon articulation and oc-
tave, for monophonicand polyphonic scores.

Regardingthe comparatiely high offsetsfor legatoartic-
ulation, listeningto the found segmentsrevealedthat the al-
gorithm choseto placethe note onsetwherethe overlapping
partialsof thepreviousnotehadsuficiently dieddown, which
is actually bettersuitablefor the applicationof building unit
databases.

When the alignmentis computedwithout the attackand
silencemodeling,the averageoffsetis 31 ms, which if com-
paredto thetotal averageof the completemodelingof 25 ms,
justifiesits highercomplexity.

4 Conclusionsand Future Work

Our methodcancopewith difficult signals,suchaspoly-
phonicmusic,multi-instrumenimusic,trills, vibrato,andvery
fastsequences.

Onefundamentaproblemrestrictsthe choiceof features
for alignment: It is difficult to generategood expectedval-
uesfrom the scorethatmatchthe featurevaluesof the perfor
mance.Thisis dueto problemsof scalingandnormalization,
and,moredifficultly, to the needof amodelof theinstrument
andthe performer see(DannenbeayandDereryi 1998).

High-quality automaticalignmentwill be usedfor con-
catenatie soundsynthesishasedon unit selection(Schwarz
2000). The necessaryunit databasesre preparedby our
alignmentmethodby segmentingandlabelingclassicaimusic
recordinggfor which scoredn theform of MIDI files exist.

The accurag of the alignmentis limited by the hopsize
andsuffers from anincertainitywithin the window. For stac-
catoperformancesye cansignificantlyimprove the offsetby
reanalysinghefoundframewith asimplebut preciseenegy-
basedonsetdetector For other performancesthe accurag
will notbeaffected.

We are currently working on a totally automaticsystem,
which usesMIDI files asreferencescoresand a databasef
recordings.To this end,we will develop a techniquefor the
automaticscalingof the systemparametersbasedon a pre-
processingf the performancesThe preprocessingvill give
informationaboutthe generaffeaturesof the recordingslike
rangeof amplitudedfor the modelingof silenceandpotential
peakpositionfor thetuningof thefilter banks.
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