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ABSTRACT

In speechksynthesisconcatenatie data-drven synthesismethods
prevail. They usea databasef recordedspeechanda unit selec-
tion algorithmthat selectshe sggmentsthat matchbestthe utter
anceto be synthesizedTransferringtheseideasto musicalsound
synthesisallows a nev methodof high quality soundsynthesis.
Usualsynthesisnethodsarebasednamodelof thesoundsignal.
It is very difficult to build a modelthatwould presere the entire
fine detailsof sound.Concatenatie synthesisachievesthis by us-
ing actualrecordings.This data-drven approachasopposedo a
rule-basedpproachjakesadwantageof theinformationcontained
in themary soundrecordings For example,very naturallysound-
ing transitionscan be synthesizedsince unit selectionis aware
of the context of the databaseinits. The CATERPILLAR software
systemhasheendevelopedto allow data-drvenconcatenatie unit
selectionsoundsynthesis.It allows high-qualityinstrumentsyn-
thesiswith high level control, explorative free synthesidrom ar
bitrary sounddatabasegr resynthesisf arecordingwith sounds
from the database.It is basedon the new software-engineering
concepbf component-orientesoftware,increasinglexibility and
facilitatingreuse.

1. INTRODUCTION

Concatenatie data-driven synthesisnethodsusea large database
of sourcesounds,segmentedinto units and a unit selectional-
gorithm that finds the units that matchbestthe soundor phrase
to be synthesisedgalled the target The selectionis performed
accordingo thefeaturesf the units. Thesearecharacteristicex-
tractedfrom the sourcesoundse.g. pitch, or attributedto them,
e.g. phonemeclass. The selectedunits are thentransformecdio
fully matchthe target specification,and concatenatedHowever,
if the databaseés sufiiciently large, the probability is high thata
matchingunit will befound, sothe needto applytransformations
is reduced.

Concatenatie synthesisystemsasedn unit selectionusea
data-drivenapproachas opposedo rule basedapproaches.in-
steadof supplyingrulesconstructedy carefulthinking, the rules
areinducedfrom the dataitself.

After amoredetailedintroductioninto unit selectiorin speech
(1.1) andmusicalsynthesig1.2),andan attempton a comparison
of thetwo (1.3),thebulk of thearticleis dedicatedo theconcate-
native data-drven soundsynthesissystemcalled CATERPILLAR,
developedby the author(section2), followed by a few wordson
software-engineeringndsystemarchitecturgsection3), applica-
tions (section4), future work (section5), and conclusions(sec-
tion 6).

1.1. Unit Selectionin SpeechSynthesis

Concatenatie unit selectiorspeectsynthesigrom largedatabases
is usedin agreatnumberof Text-to-Speeclsystemdor waveform
generatiorfl, 2, 3]. Itsintroductionresultedn aconsiderablgain
in quality of the synthesizegpeechUnit selectionalgorithmsat-
temptto predicttheappropriatenessf aparticulardatabasspeech
unit usinglinguistic featuregredictedrom a giventext to be syn-
thesized.The units canbe of ary length(non-uniformunit selec-
tion), from sub-phonemet® whole phrasesandarenotlimited to
diphonesor triphones.

Thosedata-drven synthesisystemsaregenerallyconsidered
superiorto rule-basedparametricsynthesissystemsconcerning
naturalnesgandintelligibility. Indeed,findingsin otherdomains,
for instancein speechrecognition[4], corroboratehe generalsu-
periority of data-drvenapproaches.

1.2. Unit Selectionin Musical Synthesis

Despiteits promisingapproachandits successn speechsynthesis
systemsconcatenatie data-drven methodsarerarelyusedin mu-
sicalsynthesisTherearefirst attemptson singingvoice synthesis
[5], andpartialapplicationsof data-drven methodsto parametric
synthesise.g.[6].

Applicationof the approactof data-drven unit selectionsyn-
thesisfrom speeclsynthesigo musicalsoundsynthesisallows a
nenv methodof high quality sound synthesis Usualsoundsyn-
thesismethodsare basedon a model of the soundsignal. It is
very difficult to build a modelthatwould realisticallygenerateghe
fine detailsof the sound.Onthe contrary concatenatie synthesis,
by using actualrecordings preseres entirely the fine details of
sound.If thedatabasef recordingss large enougha greatnum-
berof soundeventsin mary differentcontexts areavailable,sothat
thereis rarelytheneedto applytransformationsywhich alwaysde-
gradethe sound.The data-drvenapproachakesadwantageof the
informationcontainedn themary soundrecordingsFor example,
very naturally soundingtransitionscanbe synthesizedsinceunit
selectionis awareof the context of the databaseinits, andselects
aunit containingthetransitionin the desirectargetcontext.

However, musicalcreationis an artistic actiity, andis only
partly basedon clearly definedcriteria. Therefore,creatve use
of the concatenatie unit selectionsynthesismethodis supported
throughinteractve anditerative fr eesynthesisby the CATERPIL -
LAR system. This meansthat composersmusicians,and multi-
mediacreatorscan explore unit selectionsoundsynthesisusing
perceptuallymeaningfulcontrol featuresand high-level descrip-
tions of the sourcesounds. They can discorer new soundsby
“browsing” arbitrary sounddatabasegnot necessarilycontaining
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musicalinstruments). The systemintegratesthem easily and is
extensibleto additionalfeaturesandnew selectioralgorithms.

1.3. Comparison of Musical Synthesisand SpeechSynthesis

Evenfrom a very roughcomparisorbetweermusicalandspeech

synthesissomeprofounddifferencespringto mind, which malke

the applicationof concatenatie data-drven synthesigechniques

from speectto musicnon-trivial:

e Speechs a-priori clusterednto phonemeslin tonalmusic,
thereare pitch classesbut in general no clusteringcanbe
presupposed.

e In speechthetime positionof synthesizedinitsis intrinsi-
cally given by the naturaldurationof the selectedunits. In
music,precisetime-pointshave to be hit.

¢ In speechsynthesis,intelligibility and naturalnessare of
primeinterestandthesynthesisedpeecthis oftenlimited to
“normal” informative mode. Musical synthesisusesmary
modesof expressiity, andneedgo experiment.

2. THE CATERPILLAR SYSTEM

The CATERPILLAR software systemdescribedn this sectionhas
beendevelopedo performdata-drvenconcatenatie unit selection
soundsynthesis.

Figurel shaws a structuraloverview of the system.The sub-
tasksthatit performsandthat will be explainedin detail in the
sectionsndicatedin parenthesisare:

e Sgmentation(2.1) and analysisinto features(2.2) of the
sourcesoundsandpossiblyof anaudioscore

o Generatiorof thetargetspecificatiorfrom asymbolicscore
or from anaudioscore(2.3)

¢ Handlingof the soundanddatafiles, andof the unitsin the
databasé€2.4)

e Selectionof unitsfrom the databas@ccordingto giventar-
getfeaturesandanacousticdistancefunction (2.5)

e Waveform synthesisby concatenatiorof selectedunits,
possiblyapplyingtransformation$2.6)

2.1. Segmentation

Beforeinclusioninto the databasethe sourcesoundshave to be
time-s@mentedinto units. In the CATERPILLAR system,this is
donein variousways:

¢ By anexternalsegmentatiorprogramdescribedn [7], inte-
gratedasa component{seesection3), which performsnote
or phonesegmentation.

¢ Whenascoreis givenwith theaudio,e.g.from aMIDI file,
segmentatioris doneby alignmentof the pitch contour us-
ing a DynamicTime-Warpingalgorithm. Informationcon-
tainedin thescore £.g.MIDI notenumberor rest,thelyrics
sung,or playinginstructions areattachedo the unit. This
symbolicdatacanlaterbeexploitedfor unit selection.

e Audio with a steadypulse is sgmentedinto regularly
spacedunits, given somehit-pointsin time andthe desired
subdvision.

< Audio Score > CSymbolic Score)

Unit Selection

Synthesis

Figurel: Overall structureof the data-drven CATERPILLAR SYs-
tem, arrons representindlow of data.

o At last,segmentatiorcanof coursebe manual,or manually
editedautomaticseggmentation.

On eachnote sggment,a sub-sgmentationis performedthat fur-
thersubdvidesit into anattackphasefollowedby asustairphase,
andareleasghasg8]. Thereleasephaseandthe attackphaseof
thefollowing unit togetherform a transitionsegment.For themo-
ment,theattackphasds blindly setto 40 msinto thesegment,the
releasephase40 msbeforethe endof the sggment.

2.2. Analysisand Features

The sourcesoundfiles areanalysedy standardsignalprocessing
methods.The analysisdatafor eachunit is thenusedto calculate
the scalarfeatureshat describeit. Analysisis performedmostly
by externalprogramscalledascomponentgseesection3). They
perform,amongstthers,analysisof pitch, enegy, spectrumad-
ditive partials,andspectrakenvelope[9].

Featuresare characteristicaanalysedfrom, or attributed to
soundsignals. Thereare three classesof 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:

e themeanfeaturevalue

e thestandardleviation

e minimum, maximum,andrangeof thefeature

o theaverageslope,giving the roughdirectionof thefeature
movement

¢ thenormalisedrequeng spectrunof thefeaturein bands,
andthefirst 4 ordermomentsof the spectrum Thisreveals
if thefeaturehasrapidor slow movement,or if it oscillates
(seefigure 2).

Thecontinuoudeaturesusedfor selectiorare: pitch, enegy, spec-
tral tilt, spectrakentroid,spectraflux, inharmonicity andvoicing
coeficient. How thesearecomputeds explainedin [7].
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Figure2: Exampleof characteristizaluesof continuoudeatures:
Theraw featureqpitch andenegy) resultin meany andstandard
deviation o over the durationof the unit, indicatedby the length
of the dottedlines (top), and magnitudespectrumof the feature,
spectrakentroidy, andsecondordermoment (bottom).

Discrete featurestake onenumericvalueperunit, e.g. MIDI
note numberor numberof notesplayed. Informationaboutthe
segmentthe unit camefrom, namelysoundfile id, starttime in
the soundfile, andunit duration,areavailableasdiscretefeatures
to the selectionalgorithm. This senesto addressa specificunit,
which is usefulfor free synthesisvhen,at a certaintargettime, a
composemwantsto force a specificunit to appearor restrictthe
selectionalgorithmto onesourcesoundfile.

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

Thesymbolicfeaturesisedn CATERPILLAR arethephoneme
sungfor avoicesignal,theinstrumentlassandsubclassthenotes
played,andexpressie performancenstructions suchasstaccato,
legato, trill, and dynamics(crescendodiminuendo). A special
symbolicfeatureis the unit type which cantake the valuespause
for arest,notefor acompletenoteunit, attadk, sustain or release
for sub-sgmentedunits, or phrasefor multi-noteunits. This way,
theunit typeis availablefor selection.

Featureextensibility. Thesystenisopento handleary pos-
sible feature. It is extensible,so that featurescan be addedor
changedlynamically Seesection3 for moredetails.Additionally,
ary featurecanbe manuallyattributedto the units,beit subjectve
featureqsay “glassiness”)pr otherinformationnot automatically
derivablefrom the sounds.

2.3. Target Specification

The target featurescan comefrom two differentsourcespr be a
combinationfrom both:

A symbolic score, e.g. from a MIDI file, containsdiscrete
notevaluesandothercontrol parameterssuchasvolumeor bril-
liance. Also, high-level performancenstructions,e.g. legatoor
staccatoandthe lyrics sungfor a voice piececanbe attachedo
thesymbolicscore.

An audio scoreis arecordingthatis analysedo obtaincertain
targetfeatures Takingthe completetargetfeaturesfrom theaudio
scoreallows resynthesizingt with soundsrom the database.

To be usableby the unit selectionalgorithm,the target spec-
ification hasto be sggmentedinto a sequencef tarmget units ¢”
andthe targetunit featurest; have to be generated A symbolic
scoreis sggmenteddy thenotesit containsandthetargetfeatures
are generatedrom the symbolicinformation. An audioscoreis
seggmentedandanalysedustlik e soundgor thedatabaséseesec-
tion 2.1). Theresultingsequenc®f target unitsin eithercaseis
sub-sgmentedinto attack,sustain,andreleasephase,asfor da-
tabaseunits, to give the unit selectionalgorithmmorefreedomin
combiningtransitionsandsustainegarts.

2.4. Database

Thedatabas@oldsreferenceso the original soundfiles andto the
datafiles from analysis It storestheunitsandtheunit features.

As testcasefor high quality instrumentsynthesisa database
madefrom piecesfor soloviolin (J.S.Bach’s Sonataand Partita,
over one hour of music, playedby differentviolinists) is used.
For creative synthesisyariousrecordingof ervironmental jinstru-
mental,voice,andelectronicsoundsareused.

A prototypicaldatabasesubsystenhasbeenimplementedn
flat analysisdatafiles and SDIF [10] unit featurefiles. The data-
baseis clearly separatedrom the rest of the system,and solely
accessetlia adatabasariver interface. Thereforethe simpleda-
tabasecanlater be replacedby a full relationalDBMS (database
managemensystem),or useotherexisting sounddatabasesFor
instance sounddatabasessingthe emeging ISO MPEG-7 stan-
dard[11, 12] for indexing couldbeused.

The databaseanbe browvsedwith the databasexplorer (fig-
ure 3), written in Matlab, thatallows usersto visualizeand play
theunitsin the database.

® Figure Wo. 1: Units
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Figure 3: Databasexplorerfeatureview: Eachpoint represents
aunit, plottedaccordingto two selectableharacteristiozaluesof
two features.Variouscharacteristioczaluescan be displayedwith
the units, e.g. min/max,the standardieviation, or the meanslope
(the shortlines extendingfrom the units). The ellipse senesto
interactively selectthe units for real-timeacousticexploration of
the databaseThe currentlyplayedunit within the ellipseis high-
lighted by alittle circle.
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2.5. Unit Selection

The startingpoint of the unit selectionalgorithmis a databasef
units«* and a sequencef targetunits¢”, both given by n unit
featurevalues v andt7. Theunit selectionalgorithmincremen-
tally finds the units from the databasehat bestmatchthe given
synthesigarget units. The quality of the matchis determinecby
two values expressedscosts:

Thetarget costp.. correspondso the perceptuakimilarity of
the databasaunit ; to the currenttarget unit r. It is given by a
perceptuatlistanceunction D as:

pi= D wiD(u' ™ ¢, j) (1)
Jj=—r

wherethe“sliding” contet in arangeof r unitsaroundthecurrent
target unit ¢” is comparedwith the context aroundthe database
unit «*, with weightsw; decreasingvith distancej (seefigure4).

r |
i i—l‘ i l i+l | '
._____I u u u !

Pj—1 | Pj bj+1

]

L - ==

]

Figure4: Target context sub-costyp; =
for acontet rangeof r = 1.

D(u'™7,¢7%7, j) of p}

D is aweightedsumof individual featuredistancefunctionsd ;-

D(u,t,j) wadfut] 2

For discreteand symbolic features,a featuredistancematrix is
used. The featuredistancefunctionsmay be non-symmetrice.g.
whencomparingthe featureunit duration, a databaseinit longer
thanthetargetunit hasafeaturedistanceof zero,becausé canbe
shortened.

Note that eachfeaturedistancefunction d s hasaccesgo all
featuresof the unit to take careof interdependencidsetweerfea-
tures.lt is alsoawareof thecontext position,becaus¢heinfluence
of the context may dependon the valuesof certainfeatures.e.g.
unittype.

Thetametcostalsoexpresseshedistortionintroducedoy pos-
sibly necessaryransformatiorof the databaseinit to fully match
thetargetunit.

The concatenation cost g, predictsthe discontinuity intro-
ducedby concatenatiorof the unit i from the databasewith the
precedingselectedunit »’ (seefigure 5). It is given by a con-
catenationcost function C, which is a weightedsum of feature
concatenatioicostfunctionscy:

o= C' u") wac]ruu 3)

Theconcatenatiogostdepend®ntheunit type: concatenatingn
attackunit allows discontinuitiesn pitchandenegy, a sustairunit

1For the sale of simplicity, the differentcharacteristiozaluesof a con-
tinuousfeatureareconsideredsindividual featureshere.

doesnot. Consecutie unitsin the databaséave a concatenation
costof zero. Thus,if awholephrasematchingthetametis present
in the databaseit will be selectedn 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-costso form the selectioncostp? for uniti:

pi:wcpi—f— wtpi

r
= w.C(v,u") +UJtZ’LU]‘ D(u', 71 ) 4
j=-r
_chwafu u' +’U)tZ’LU]Z’Ldef w T )
j=—r

Theunit databaseanbe seenasafully connectedtatetransition
network throughwhich the unit selectionalgorithmhasto find the
leastcostly paththatconstituteshetarget[2]. Usingtheweighted
tamgetcostwp; asthestateoccupancycost andtheweightedcon-
catenatiorcostw, pi asthetransitioncost theoptimalpathcanbe
efficiently foundby a Viterbi algorithm(seefigure5).

i
’ Pe i
7
u u
1

F=——-

P
[

L]

| I

Figure5: Concatenatiogosty!. andtargetcostp! in unitselection.

The CATERPILLAR systemcurrentlyusesa weightedEuclid-
eandistancegunctiononthefeaturevaluesnormalizedby division
by the standardleviation.

Clustering. Findingtheunitclosesto atargetunit, perform-
ing an exhaustve searchis too slov whenthe databases large.
As an alternatve, a k-nearest-neighbouralgorithmis used,i.e.
the searchspaceis split up into a tree of hypercubes.To further
improve the performancef unit selectionfor large databaseghe
datacanbeclusterede.g.by theCART method(Classificatiorand
RegressionTrees,[13]), asusedin speechsynthesiq1, 14, 15].
Also, thesearchspacecanbe prunedat eachstep:only then clos-
estunits accordingto the target costpi areincludedin the path
search.

2.6. Synthesis

The synthesids performedin two steps:transformatiorandcon-
catenation:

Transformation is done,if necessaryby oneor moretrans-
formationcomponentso fully matchthetargetfeaturesTheneed
andtheextentof transformingheunitsis reducedwvith alargeda-
tabase.Therefore simplemethodsaresuficient. Transformation
canaffect the fundamentafrequeng, the enegy, or the spectral
ervelope.Pitchis transformedy resamplingenegy transforma-
tion by multiplication,andthe spectrakervelopeis changedy fil-
teringto approactthe givenspectratilt or centroid.

For concatenation a simplemethodis usedfor the moment,
implementedn aconcatenatiocomponentTheunits’ audioseg-
mentsarejoinedwith aslight overlap,andacrossbdeof theover
lappingpartis performed.
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3. SOFTWARE ARCHITECTURE

The applicationof software-engineeringrinciplesbearsmultiple
adwantagesalsofor research.They arethe key to the successful
developmentof a complex software systemlike CATERPILLAR.
The software-architecturés built accordingto an object-oriented
designwith clearly separatedubsystemsandrelieson re-usable
componentsor improvedflexibility andmaintainability

In the new conceptof component-orientedoftwae [16], a
systemis built out of interactingcomponents. Componentsre
independenbinaryunits,whoseinterfaceis formally andcontrac-
tually defined.They areexpectedo bethecornerstonef software
in theyearsto come.Indeed looking atthe softwarein usetoday
one canseethat the successfuprogramsare often thosethat are
opento componentse.g.asplugins.

The mostimportantadwantageof componentss thatthey fa-
cilitate reuseof software-partsthus reducingdevelopmentcost,
effort, andtime. They avoid someproblemsof othermethodsof
reuse,suchasfunction or classlibraries. The binary deployment
assures highlevel of encapsulatiorallowing betterseparatiorof
concernsandfewer problemswhenchangingcomponents Very
modularand flexible systemsare possiblethroughlate binding
i.e. dynamicloadingof oneof severalsimilar componentghosen
atrun-time. This allows easycomparisorof differentalgorithms.

In the CATERPILLAR system,componentareusedfor trans-
parentanalysis-on-demandin analysiscomponentwhich reads
sounddescriptionandoutputfeaturesjs only startedwhenafea-
ture it computess actuallyaccessedThe resultsare storedper
sistentlyin the database.As the control parametergor analysis
arealsoin the databaseaddingsoundsandfeatures,andchang-

ing componentand parameterbecomesompletelytransparent.

Thismeansthattheuserdoesnothaveto restartheanalysisof the
whole datamanuallyif a parametenr a componentvaschanged
(with the risk of forgettingto re-analysesomefiles and leaving
inconsistentlataaround).

As thecomponentnterfacealsoincludesthe dependenciesn
the output of other componentqe.g. additve harmonicanaly-
sisneedsspectrapeaksandfundamentafrequeng), therequired
datawill also be recalculatedwhen needed. What's more, be-
causethe componentinterfaceis formally defined,userinterfaces
(command-lineor graphical)for parametemput canbe automati-
cally generated.

With regardto an easyapplicability to the multi-mediamar
ket, standardizedpeninterfacesandexchangegormatshave been
developedandusedin the CATERPILLAR system:

e ThedocumenstandardKML is usedfor configuratiorfiles,
databaseescriptionanddefinitionof thecomponeninter-
faces.

e MIDI is usedfor thescoressothatstandardnusicsoftware
canbeusedto edittargetspecifications.

e The portableand extensible SDIF SoundDescriptionIn-
terchange Format[10] is usedfor importing andexporting
sounddataandfeaturesfor datainterchangebetweenthe
componentsandto storesggmentsandunits.

4. APPLICATIONS

Thepracticalapplicationsof CATERPILLAR include:
High quality instrument synthesisfrom MIDI. Becausehe
CATERPILLAR systemis aware of the contet of the databases

well asthetargetunits, it cancreatemuchmorenaturalsounding
transitionsthana sampleror ary non-physical-modelingynthe-
sizer Informationattributedto the sourcesoundscanbe exploited
for unit selection,which allows high-level control of synthesis,
wherethe fine detailslackingin the target specificationarefilled

in by theunitsin thedatabase.

Free synthesisfrom arbitrary sound databasesoffers a
soundcomposerefficient control of the result by using percep-
tually meaningfulfeatures,suchas spectralcentroid. This type
of synthesids interactve anditerative. The CATERPILLAR Sys-
temsupportghis by its graphicaldatabasérovserandthe ability
to freezegood partsfrom a synthesisandregenerateothers,or to
force specificunitsto appeatin the synthesis.

Resynthesiof audio with soundsrom thedatabaseA sound
or phrasds takenasthe audioscoreandannotatedvith additional
informationsuchasinstrumenttype. It is thenresynthesizedvith
the samepitch, amplitude,andtimbre characteristicsising units
from the databaseOnecould, for exampleautomaticallyreplace
drumsoundsn arecording.

Moreover, thecentraltechnique®f selectionfrom largesound
databaseghatareimplementedn the CATERPILLAR systemgan
befruitfully usedfor otherapplicationsaswell: For contentbased
retrieval of certainpartsof soundrecordings,or for researchof
characteristicef musicalexpression(gestues.

5. FUTURE WORK

Futurework includesfine-tuningof the distancefunction. Obvi-
ously, therearefartoomary weightsto besensiblytunedoy hand.
Instead training the weightsandthusthe costfunctionsfrom the
databasdasto be consideredasdescribedn [1, 2].

More featureswill be added,suchas perceptuallymotivated
featuresrelatedto a timbre space phasecoupling[17], andfea-
turesfrom bispectrahigherorderstatisticq18].

To derive realistictargetfeaturesrom a symbolicscorefor a
giveninstrument performanceules[19] could be studied.Alter-
natively, the symbolicscorecould be convertedto anaudioscore
by playingit with a sample-basesdynthesizerThis would deliver
quiterealistictargetfeaturedor enegy, spectraknvelope,etc.

Alternatively, moreinformation-richscoreformatshave to be
examined for instancethe Standad Music DescriptionLanguaye
SMDL [20], or others,summarizedn [21]. However, thereis a
muchsmallernumberof worksavailablethanin MIDI file format.

The hypothesisthat sub-sgmentation(the subdvision of a
unit into mary smallerunits) doesnt negatively affect the quality
of thesynthesisnustbe verified.

The quality of the concatenatiommight be improved by op-
timizing the join points, either during synthesisas suggestedn
[22], or by pre-analysinghe databas@sdescribedn [23].

The needfor integrationof a PSOLA transformationrcompo-
nentfor synthesishasto be studied[24]. It would allow indepen-
dentpitch manipulationsand time-stretchingwith little degrada-
tion of thesignal.

Concatenatiorusing parametricinterpolationon an additive
sinusoidplusresidualsignalmodel(harmonicplusnoise)hasto
be considered.This would interpolatethe sinusoidalpartialsand
theresidualspectralervelope. See[25] for an applicationto con-
catenatre speeclsynthesis.Transformationsvould thenbecome
straightforvard.

2What's more,thatamountgo falling backto a rule-basedpproach.

DAFX-5



Proceeding®fthe COSTG-6 Confeenceon Digital Audio Effects(DAFX-00),Verona,ltaly, Decembei7-9,2000

6. CONCLUSIONS

The CATERPILLAR systemdescribedin this article shavs very
promisingresultsin instrumentsynthesisand surprisingsounds
from freesynthesis.

As is to be expectedirom the early applicationsof unit selec-
tion speectsynthesistheresultis gopodmostof thetime, but there
aresomevery badcaseswhereinappropriateunits have beense-
lected. However, for musicalcomposition this doesnt matterso
much, becauseertainunits caninteractively be forcedto appear
or notto appear

The CATERPILLAR systemproves that applyingthe concept
of data-drven concatenatie synthesisasedon non-uniformunit
selectionto musicalsynthesiss a valid approach.
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