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ABSTRACT

In speechsynthesis,concatenative data-driven synthesismethods
prevail. They usea databaseof recordedspeechanda unit selec-
tion algorithmthatselectsthesegmentsthatmatchbesttheutter-
anceto besynthesized.Transferringtheseideasto musicalsound
synthesisallows a new methodof high quality soundsynthesis.
Usualsynthesismethodsarebasedonamodelof thesoundsignal.
It is very difficult to build a modelthatwould preserve theentire
fine detailsof sound.Concatenative synthesisachievesthis by us-
ing actualrecordings.This data-drivenapproach(asopposedto a
rule-basedapproach)takesadvantageof theinformationcontained
in themany soundrecordings.For example,verynaturallysound-
ing transitionscan be synthesized,sinceunit selectionis aware
of thecontext of thedatabaseunits. TheCATERPILLAR software
systemhasbeendevelopedto allow data-drivenconcatenative unit
selectionsoundsynthesis.It allows high-qualityinstrumentsyn-
thesiswith high level control, explorative free synthesisfrom ar-
bitrarysounddatabases,or resynthesisof a recordingwith sounds
from the database.It is basedon the new software-engineering
conceptof component-orientedsoftware,increasingflexibility and
facilitatingreuse.

1. INTR ODUCTION

Concatenative data-drivensynthesismethodsusea largedatabase
of sourcesounds,segmentedinto units, and a unit selectional-
gorithm that finds the units that matchbestthe soundor phrase
to be synthesised,called the target. The selectionis performed
accordingto thefeaturesof theunits.Thesearecharacteristicsex-
tractedfrom the sourcesounds,e.g. pitch, or attributedto them,
e.g. phonemeclass. The selectedunits are then transformedto
fully matchthe target specification,andconcatenated.However,
if the databaseis sufficiently large, the probability is high that a
matchingunit will befound,sotheneedto applytransformations
is reduced.

Concatenative synthesissystemsbasedon unit selectionusea
data-drivenapproach,asopposedto rule basedapproaches.In-
steadof supplyingrulesconstructedby carefulthinking, therules
areinducedfrom thedataitself.

After amoredetailedintroductioninto unit selectionin speech
(1.1)andmusicalsynthesis(1.2),andanattempton a comparison
of thetwo (1.3),thebulk of thearticleis dedicatedto theconcate-
native data-driven soundsynthesissystemcalled CATERPILLAR,
developedby the author(section2), followed by a few wordson
software-engineeringandsystemarchitecture(section3), applica-
tions (section4), future work (section5), and conclusions(sec-
tion 6).

1.1. Unit Selectionin SpeechSynthesis

Concatenativeunit selectionspeechsynthesisfrom largedatabases
is usedin agreatnumberof Text-to-Speechsystemsfor waveform
generation[1, 2,3]. Its introductionresultedin aconsiderablegain
in quality of thesynthesizedspeech.Unit selectionalgorithmsat-
temptto predicttheappropriatenessof aparticulardatabasespeech
unit usinglinguistic featurespredictedfrom agiventext to besyn-
thesized.Theunitscanbeof any length(non-uniformunit selec-
tion), from sub-phonemesto wholephrases,andarenot limited to
diphonesor triphones.

Thosedata-drivensynthesissystemsaregenerallyconsidered
superior to rule-basedparametricsynthesissystemsconcerning
naturalnessandintelligibility . Indeed,findingsin otherdomains,
for instancein speechrecognition[4], corroboratethegeneralsu-
periorityof data-drivenapproaches.

1.2. Unit Selectionin Musical Synthesis

Despiteits promisingapproachandits successin speechsynthesis
systems,concatenative data-drivenmethodsarerarelyusedin mu-
sicalsynthesis.Therearefirst attemptson singingvoicesynthesis
[5], andpartialapplicationsof data-drivenmethodsto parametric
synthesis,e.g.[6].

Applicationof theapproachof data-drivenunit selectionsyn-
thesisfrom speechsynthesisto musicalsoundsynthesisallows a
new methodof high quality soundsynthesis. Usualsoundsyn-
thesismethodsare basedon a model of the soundsignal. It is
very difficult to build a modelthatwould realisticallygeneratethe
fine detailsof thesound.On thecontrary, concatenative synthesis,
by using actualrecordings,preserves entirely the fine detailsof
sound.If thedatabaseof recordingsis largeenough,a greatnum-
berof soundeventsin many differentcontextsareavailable,sothat
thereis rarelytheneedto applytransformations,whichalwaysde-
gradethesound.Thedata-drivenapproachtakesadvantageof the
informationcontainedin themany soundrecordings.For example,
very naturallysoundingtransitionscanbesynthesized,sinceunit
selectionis awareof thecontext of thedatabaseunits,andselects
a unit containingthetransitionin thedesiredtargetcontext.

However, musicalcreationis an artistic activity, and is only
partly basedon clearly definedcriteria. Therefore,creative use
of the concatenative unit selectionsynthesismethodis supported
throughinteractive anditerative fr eesynthesisby theCATERPIL-
LAR system. This meansthat composers,musicians,andmulti-
mediacreatorscan explore unit selectionsoundsynthesisusing
perceptuallymeaningfulcontrol featuresand high-level descrip-
tions of the sourcesounds. They can discover new soundsby
“browsing” arbitrarysounddatabases(not necessarilycontaining
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musical instruments). The systemintegratesthem easily and is
extensibleto additionalfeaturesandnew selectionalgorithms.

1.3. Comparisonof Musical Synthesisand SpeechSynthesis

Evenfrom a very roughcomparisonbetweenmusicalandspeech
synthesis,someprofounddifferencesspringto mind,which make
the applicationof concatenative data-driven synthesistechniques
from speechto musicnon-trivial:

Speechis a-priori clusteredinto phonemes.In tonalmusic,
therearepitch classes,but in general,no clusteringcanbe
presupposed.

In speech,thetime positionof synthesizedunitsis intrinsi-
cally givenby thenaturaldurationof theselectedunits. In
music,precisetime-pointshave to behit.

In speechsynthesis,intelligibility and naturalnessare of
primeinterest,andthesynthesisedspeechisoftenlimited to
“normal” informative mode. Musical synthesisusesmany
modesof expressivity, andneedsto experiment.

2. THE CATERPILLAR SYSTEM

The CATERPILLAR softwaresystemdescribedin this sectionhas
beendevelopedto performdata-drivenconcatenativeunit selection
soundsynthesis.

Figure1 shows a structuraloverview of thesystem.Thesub-
tasksthat it performsand that will be explainedin detail in the
sectionsindicatedin parenthesis,are:

Segmentation(2.1) andanalysisinto features(2.2) of the
sourcesounds,andpossiblyof anaudioscore

Generationof thetargetspecificationfrom asymbolicscore
or from anaudioscore(2.3)

Handlingof thesoundanddatafiles,andof theunitsin the
database(2.4)

Selectionof unitsfrom thedatabaseaccordingto giventar-
getfeaturesandanacousticdistancefunction(2.5)

Waveform synthesisby concatenationof selectedunits,
possiblyapplyingtransformations(2.6)

2.1. Segmentation

Beforeinclusioninto the database,the sourcesoundshave to be
time-segmentedinto units. In the CATERPILLAR system,this is
donein variousways:

By anexternalsegmentationprogramdescribedin [7], inte-
gratedasacomponent(seesection3), whichperformsnote
or phonesegmentation.

Whenascoreis givenwith theaudio,e.g.from aMIDI file,
segmentationis doneby alignmentof thepitchcontour, us-
ing a DynamicTime-Warpingalgorithm. Informationcon-
tainedin thescore,e.g.MIDI notenumberor rest,thelyrics
sung,or playing instructions,areattachedto theunit. This
symbolicdatacanlaterbeexploitedfor unit selection.

Audio with a steadypulse is segmentedinto regularly
spacedunits,givensomehit-pointsin time andthedesired
subdivision.

Target

Audio Score Symbolic ScoreSource Sounds

Unit Selection

Synthesis

Database

Analysis

Figure1: Overall structureof thedata-driven CATERPILLAR sys-
tem,arrows representingflow of data.

At last,segmentationcanof coursebemanual,or manually
editedautomaticsegmentation.

On eachnotesegment,a sub-segmentationis performedthat fur-
thersubdividesit into anattackphase,followedby asustainphase,
anda releasephase[8]. Thereleasephaseandtheattackphaseof
thefollowing unit togetherform a transitionsegment.For themo-
ment,theattackphaseis blindly setto 40msinto thesegment,the
releasephase40 msbeforetheendof thesegment.

2.2. Analysis and Features

Thesourcesoundfiles areanalysedby standardsignalprocessing
methods.Theanalysisdatafor eachunit is thenusedto calculate
the scalarfeaturesthat describeit. Analysisis performedmostly
by externalprogramscalledascomponents(seesection3). They
perform,amongstothers,analysisof pitch, energy, spectrum,ad-
ditive partials,andspectralenvelope[9].

Featuresare characteristicsanalysedfrom, or attributed to
soundsignals. Thereare threeclassesof features: continuous,
discrete,andsymbolic:

Continuous features are calculatedfrom the analysisdata
over the durationof oneunit. The raw datais usedto compute
avectorof characteristicvaluesfor thatunit andthatfeature,con-
taining:

themeanfeaturevalue

thestandarddeviation

minimum,maximum,andrangeof thefeature

theaverageslope,giving theroughdirectionof thefeature
movement

thenormalisedfrequency spectrumof thefeaturein bands,
andthefirst 4 ordermomentsof thespectrum.This reveals
if thefeaturehasrapidor slow movement,or if it oscillates
(seefigure2).

Thecontinuousfeaturesusedfor selectionare:pitch,energy, spec-
tral tilt, spectralcentroid,spectralflux, inharmonicity, andvoicing
coefficient. How thesearecomputedis explainedin [7].
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Figure2: Exampleof characteristicvaluesof continuousfeatures:
Theraw features(pitchandenergy) resultin mean andstandard
deviation over the durationof the unit, indicatedby the length
of the dottedlines (top), andmagnitudespectrumof the feature,
spectralcentroid , andsecondordermoment (bottom).

Discretefeaturestake onenumericvalueperunit, e.g.MIDI
note numberor numberof notesplayed. Informationaboutthe
segmentthe unit camefrom, namelysoundfile id, start time in
thesoundfile, andunit duration,areavailableasdiscretefeatures
to the selectionalgorithm. This servesto addressa specificunit,
which is usefulfor freesynthesiswhen,at a certaintarget time, a
composerwantsto force a specificunit to appear, or restrict the
selectionalgorithmto onesourcesoundfile.

Symbolic features take one symbolic value per unit, given
by or derived from thesymbolicscore.They areimplementedas
discretefeatureswith integervalues.

Thesymbolicfeaturesusedin CATERPILLARarethephoneme
sungfor avoicesignal,theinstrumentclassandsubclass,thenotes
played,andexpressive performanceinstructions,suchasstaccato,
legato, trill, and dynamics(crescendo,diminuendo). A special
symbolicfeatureis theunit type, which cantake thevaluespause
for a rest,notefor a completenoteunit, attack, sustain, or release
for sub-segmentedunits,or phrasefor multi-noteunits.This way,
theunit typeis availablefor selection.

Featureextensibility. Thesystemisopento handleany pos-
sible feature. It is extensible,so that featurescan be addedor
changeddynamically. Seesection3 for moredetails.Additionally,
any featurecanbemanuallyattributedto theunits,beit subjective
features(say, “glassiness”),or otherinformationnotautomatically
derivablefrom thesounds.

2.3. Target Specification

The target featurescancomefrom two differentsources,or be a
combinationfrom both:

A symbolic score, e.g. from a MIDI file, containsdiscrete
notevaluesandothercontrolparameters,suchasvolumeor bril-
liance. Also, high-level performanceinstructions,e.g. legatoor
staccato,andthe lyrics sungfor a voice piececanbe attachedto
thesymbolicscore.

An audio score is arecordingthatis analysedto obtaincertain
targetfeatures.Takingthecompletetargetfeaturesfrom theaudio
scoreallows resynthesizingit with soundsfrom thedatabase.

To be usableby the unit selectionalgorithm,the target spec-
ification hasto be segmentedinto a sequenceof target units
andthe target unit features have to be generated.A symbolic
scoreis segmentedby thenotesit contains,andthetargetfeatures
aregeneratedfrom the symbolic information. An audioscoreis
segmentedandanalysedjust likesoundsfor thedatabase(seesec-
tion 2.1). The resultingsequenceof target units in eithercaseis
sub-segmentedinto attack,sustain,andreleasephase,as for da-
tabaseunits, to give theunit selectionalgorithmmorefreedomin
combiningtransitionsandsustainedparts.

2.4. Database

Thedatabaseholdsreferencesto theoriginalsoundfilesandto the
datafiles from analysis.It storestheunitsandtheunit features.

As testcasefor high quality instrumentsynthesis,a database
madefrom piecesfor soloviolin (J.S.Bach’s SonataandPartita,
over one hour of music, playedby different violinists) is used.
For creativesynthesis,variousrecordingsof environmental,instru-
mental,voice,andelectronicsoundsareused.

A prototypicaldatabasesubsystemhasbeenimplementedon
flat analysisdatafiles andSDIF [10] unit featurefiles. Thedata-
baseis clearly separatedfrom the rest of the system,andsolely
accessedvia adatabasedriver interface.Therefore,thesimpleda-
tabasecanlater be replacedby a full relationalDBMS (database
managementsystem),or useotherexisting sounddatabases.For
instance,sounddatabasesusingtheemerging ISO MPEG-7stan-
dard[11, 12] for indexing couldbeused.

Thedatabasecanbebrowsedwith thedatabaseexplorer (fig-
ure 3), written in Matlab, that allows usersto visualizeandplay
theunitsin thedatabase.

Figure3: Databaseexplorer featureview: Eachpoint represents
a unit, plottedaccordingto two selectablecharacteristicvaluesof
two features.Variouscharacteristicvaluescanbe displayedwith
theunits,e.g. min/max,thestandarddeviation, or themeanslope
(the short lines extendingfrom the units). The ellipseserves to
interactively selectthe units for real-timeacousticexplorationof
thedatabase.Thecurrentlyplayedunit within theellipseis high-
lightedby a little circle.
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2.5. Unit Selection

Thestartingpoint of theunit selectionalgorithmis a databaseof
units anda sequenceof target units , both given by unit
featurevalues1 and . Theunit selectionalgorithmincremen-
tally finds the units from the databasethat bestmatchthe given
synthesistargetunits. Thequality of the matchis determinedby
two values,expressedascosts:

Thetarget cost correspondsto theperceptualsimilarity of
the databaseunit to the currenttarget unit . It is given by a
perceptualdistancefunction as:

(1)

wherethe“sliding” context in arangeof unitsaroundthecurrent
target unit is comparedwith the context aroundthe database
unit , with weights decreasingwith distance (seefigure4).

Figure4: Target context sub-costs of
for a context rangeof .

is a weightedsumof individual featuredistancefunctions :

(2)

For discreteand symbolic features,a featuredistancematrix is
used.The featuredistancefunctionsmaybenon-symmetric,e.g.
whencomparingthe featureunit duration, a databaseunit longer
thanthetargetunit hasafeaturedistanceof zero,becauseit canbe
shortened.

Note that eachfeaturedistancefunction hasaccessto all
featuresof theunit to take careof interdependenciesbetweenfea-
tures.It is alsoawareof thecontext position,becausetheinfluence
of the context may dependon the valuesof certainfeatures,e.g.
unit type.

Thetargetcostalsoexpressesthedistortionintroducedby pos-
sibly necessarytransformationof thedatabaseunit to fully match
thetargetunit.

The concatenationcost predictsthe discontinuity intro-
ducedby concatenationof the unit from the databasewith the
precedingselectedunit (seefigure 5). It is given by a con-
catenationcost function , which is a weightedsum of feature
concatenationcostfunctions :

(3)

Theconcatenationcostdependsontheunit type:concatenatingan
attackunit allowsdiscontinuitiesin pitchandenergy, asustainunit

1For thesake of simplicity, thedifferentcharacteristicvaluesof a con-
tinuousfeatureareconsideredasindividual featureshere.

doesnot. Consecutive units in thedatabasehave a concatenation
costof zero.Thus,if awholephrasematchingthetargetis present
in the database,it will be selectedin its entirety, leadingto non-
uniform unit selection.This alsofavoursan expansionof a sub-
unit to its following sub-unit.

Combining the costs. Costsare combinedin a weighted
sumof sub-coststo form theselectioncost for unit :

(4)

Theunit databasecanbeseenasa fully connectedstatetransition
network throughwhich theunit selectionalgorithmhasto find the
leastcostlypaththatconstitutesthetarget[2]. Usingtheweighted
targetcost asthestateoccupancycost, andtheweightedcon-
catenationcost asthetransitioncost, theoptimalpathcanbe
efficiently foundby aViterbi algorithm(seefigure5).

Figure5: Concatenationcost andtargetcost in unit selection.

The CATERPILLAR systemcurrentlyusesa weightedEuclid-
eandistancefunctiononthefeaturevalues,normalizedby division
by thestandarddeviation.

Clustering. Findingtheunit closestto atargetunit,perform-
ing an exhaustive searchis too slow whenthe databaseis large.
As an alternative, a -nearest-neighboursalgorithm is used,i.e.
the searchspaceis split up into a treeof hypercubes.To further
improve theperformanceof unit selectionfor largedatabases,the
datacanbeclustered,e.g.by theCART method(Classificationand
RegressionTrees,[13]), asusedin speechsynthesis[1, 14, 15].
Also, thesearchspacecanbeprunedateachstep:only the clos-
estunits accordingto the target cost are includedin the path
search.

2.6. Synthesis

Thesynthesisis performedin two steps:transformationandcon-
catenation:

Transformation is done,if necessary, by oneor moretrans-
formationcomponentsto fully matchthetargetfeatures.Theneed
andtheextentof transformingtheunitsis reducedwith a largeda-
tabase.Therefore,simplemethodsaresufficient. Transformation
canaffect the fundamentalfrequency, the energy, or the spectral
envelope.Pitchis transformedby resampling,energy transforma-
tion by multiplication,andthespectralenvelopeis changedby fil-
teringto approachthegivenspectraltilt or centroid.

For concatenation, a simplemethodis usedfor themoment,
implementedin aconcatenationcomponent:Theunits’ audioseg-
mentsarejoinedwith aslightoverlap,andacrossfadeof theover-
lappingpartis performed.
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3. SOFTWARE ARCHITECTURE

Theapplicationof software-engineeringprinciplesbearsmultiple
advantagesalso for research.They are the key to the successful
developmentof a complex software systemlike CATERPILLAR.
Thesoftware-architectureis built accordingto anobject-oriented
designwith clearlyseparatedsubsystems,andrelieson re-usable
componentsfor improvedflexibility andmaintainability.

In the new conceptof component-orientedsoftware [16], a
systemis built out of interactingcomponents.Componentsare
independentbinaryunits,whoseinterfaceis formally andcontrac-
tually defined.They areexpectedto bethecornerstoneof software
in theyearsto come.Indeed,looking at thesoftwarein usetoday,
onecanseethat the successfulprogramsareoften thosethat are
opento components,e.g.asplugins.

Themostimportantadvantageof componentsis that they fa-
cilitate reuseof software-parts,thus reducingdevelopmentcost,
effort, andtime. They avoid someproblemsof othermethodsof
reuse,suchasfunctionor classlibraries. Thebinarydeployment
assuresahigh level of encapsulation,allowing betterseparationof
concerns,andfewer problemswhenchangingcomponents.Very
modularand flexible systemsare possiblethrough late binding,
i.e. dynamicloadingof oneof severalsimilar componentschosen
at run-time.Thisallows easycomparisonof differentalgorithms.

In the CATERPILLAR system,componentsareusedfor trans-
parentanalysis-on-demand:An analysiscomponent,which reads
sounddescriptionsandoutputfeatures,is only startedwhena fea-
ture it computesis actuallyaccessed.The resultsarestoredper-
sistentlyin the database.As the control parametersfor analysis
arealsoin the database,addingsoundsandfeatures,andchang-
ing componentsandparametersbecomescompletelytransparent.
Thismeans,thattheuserdoesnothaveto restarttheanalysisof the
wholedatamanuallyif a parameteror a componentwaschanged
(with the risk of forgetting to re-analysesomefiles and leaving
inconsistentdataaround).

As thecomponentinterfacealsoincludesthedependencieson
the output of other components(e.g. additive harmonicanaly-
sisneedsspectralpeaksandfundamentalfrequency), therequired
datawill also be recalculated,when needed. What’s more, be-
causethecomponentinterfaceis formally defined,userinterfaces
(command-lineor graphical)for parameterinputcanbeautomati-
cally generated.

With regardto an easyapplicability to the multi-mediamar-
ket, standardizedopeninterfacesandexchangeformatshave been
developedandusedin theCATERPILLAR system:

ThedocumentstandardXML is usedfor configurationfiles,
databasedescription,anddefinitionof thecomponentinter-
faces.

MIDI is usedfor thescores,sothatstandardmusicsoftware
canbeusedto edit targetspecifications.

The portableand extensibleSDIF SoundDescriptionIn-
terchange Format [10] is usedfor importingandexporting
sounddataandfeatures,for datainterchangebetweenthe
components,andto storesegmentsandunits.

4. APPLICATIONS

Thepracticalapplicationsof CATERPILLAR include:
High quality instrument synthesisfrom MIDI. Becausethe

CATERPILLAR systemis awareof the context of the databaseas

well asthetargetunits, it cancreatemuchmorenaturalsounding
transitionsthana sampleror any non-physical-modelingsynthe-
sizer. Informationattributedto thesourcesoundscanbeexploited
for unit selection,which allows high-level control of synthesis,
wherethefine detailslacking in the target specificationarefilled
in by theunitsin thedatabase.

Free synthesis fr om arbitrary sound databasesoffers a
soundcomposerefficient control of the result by using percep-
tually meaningfulfeatures,suchas spectralcentroid. This type
of synthesisis interactive anditerative. The CATERPILLAR sys-
temsupportsthis by its graphicaldatabasebrowserandtheability
to freezegoodpartsfrom a synthesisandregenerateothers,or to
forcespecificunitsto appearin thesynthesis.

Resynthesisof audio with soundsfrom thedatabase:A sound
or phraseis takenastheaudioscoreandannotatedwith additional
informationsuchasinstrumenttype. It is thenresynthesizedwith
the samepitch, amplitude,andtimbre characteristicsusingunits
from thedatabase.Onecould, for exampleautomaticallyreplace
drumsoundsin a recording.

Moreover, thecentraltechniquesof selectionfrom largesound
databases,thatareimplementedin theCATERPILLAR system,can
befruitfully usedfor otherapplicationsaswell: For contentbased
retrieval of certainpartsof soundrecordings,or for researchof
characteristicsof musicalexpression(gestures).

5. FUTURE WORK

Futurework includesfine-tuningof the distancefunction. Obvi-
ously, therearefartoomany weightsto besensiblytunedbyhand2.
Instead,training theweightsandthusthecostfunctionsfrom the
databasehasto beconsidered,asdescribedin [1, 2].

More featureswill be added,suchasperceptuallymotivated
featuresrelatedto a timbre space,phasecoupling[17], and fea-
turesfrom bispectralhigherorderstatistics[18].

To derive realistictarget featuresfrom a symbolicscorefor a
given instrument,performancerules[19] couldbestudied.Alter-
natively, thesymbolicscorecouldbeconvertedto anaudioscore
by playingit with a sample-basedsynthesizer. This would deliver
quiterealistictargetfeaturesfor energy, spectralenvelope,etc.

Alternatively, moreinformation-richscoreformatshave to be
examined,for instancetheStandard MusicDescriptionLanguage
SMDL [20], or others,summarizedin [21]. However, thereis a
muchsmallernumberof worksavailablethanin MIDI file format.

The hypothesisthat sub-segmentation(the subdivision of a
unit into many smallerunits)doesn’t negatively affect thequality
of thesynthesismustbeverified.

The quality of the concatenationmight be improved by op-
timizing the join points,eitherduring synthesis,assuggestedin
[22], or by pre-analysingthedatabaseasdescribedin [23].

Theneedfor integrationof a PSOLAtransformationcompo-
nentfor synthesishasto bestudied[24]. It would allow indepen-
dentpitch manipulationsand time-stretchingwith little degrada-
tion of thesignal.

Concatenationusing parametricinterpolationon an additive
sinusoidsplusresidualsignalmodel(harmonicsplusnoise)hasto
be considered.This would interpolatethe sinusoidalpartialsand
theresidualspectralenvelope.See[25] for anapplicationto con-
catenative speechsynthesis.Transformationswould thenbecome
straightforward.

2What’s more,thatamountsto falling backto a rule-basedapproach.
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6. CONCLUSIONS

The CATERPILLAR systemdescribedin this article shows very
promisingresultsin instrumentsynthesis,andsurprisingsounds
from freesynthesis.

As is to beexpectedfrom theearlyapplicationsof unit selec-
tion speechsynthesis,theresultis goodmostof thetime,but there
aresomevery badcases,whereinappropriateunitshave beense-
lected. However, for musicalcomposition,this doesn’t matterso
much,becausecertainunits caninteractively be forcedto appear
or not to appear.

The CATERPILLAR systemproves that applyingthe concept
of data-drivenconcatenative synthesisbasedon non-uniformunit
selectionto musicalsynthesisis a valid approach.
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