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Abstract
Concatenative data-drivensynthesismethodsbasedon a
large databaseof soundsand a unit selectionalgorithm
are gaining more interestin the computermusic world.
We briefly describerecentrelatedwork andthenfocuson
new developmentsin our CATERPILLAR synthesissys-
tem: the advantagesof the additionof a relationalSQL
database,work on segmentationby alignment,the refor-
mulationandextensionof theunit selectionalgorithmus-
ing a constraintsatisfaction approach,andnew applica-
tionsfor musicalandspeechsynthesis.

1 Intr oduction
Data-drivenconcatenativesoundsynthesismethodsare

gainingmoreinterestin thecomputermusiccommunity.
In speechsynthesis,they arewidely usedin multiplecom-
mercialandresearchsystems,resultingin a considerable
gainin qualityof thesynthesizedspeech.

Data-driven concatenative synthesismethods use a
largedatabaseof sourcesounds,segmentedinto units, and
a unit selectionalgorithmthat finds the units that match
bestthesoundor phraseto besynthesised,calledthe tar-
get. Theunitscanbenon-uniform, i.e. they cancomprise
asoundsnippet,anote,upto awholemusicalphrase.The
selectionis performedaccordingto thedescriptorsof the
units,which arecharacteristicsextractedfrom thesource
sounds,or higherlevel descriptorsattributedto them.The
selectedunitsarethentransformedto fully matchthetar-
get specification,andconcatenated.However, if the da-
tabaseis sufficiently large, the probability is high that a
matchingunit will be found, so the needto apply trans-
formationsis reduced.

Usualsoundsynthesismethodsarebasedonamodelof
thesoundsignal. It is very difficult to build a modelthat
would realisticallygeneratethefine detailsof thesound.
On thecontrary, concatenative synthesis,by usingactual
recordings,preservesentirelythefinedetailsof sound.In
thedata-drivenapproach, insteadof supplyingrulescon-
structedby carefulthinking asin a rule basedapproach,
therulesareinducedfromthedataitself. Findingsin other
domains,e.g.speechrecognition,corroboratethegeneral
superiorityof data-drivenapproaches.

2 RelatedWork
Sincethe publicationof (Schwarz 2000), data-driven

concatenative synthesismethodshave attractedmorein-
terest.Someprojectsare:

Plunderphonics (Oswald1999)is JohnOswald’sartis-
tic projectconsistingof songsmadeup from tensof thou-
sandsof snippetsfrom a decadeof pop songs,selected
andassembledby hand.

Soundscapes (HoskinsonandPai 2001)generatesend-
lessbut never-repeatingsoundscapesfor installationsby
splicingsegmentsfrom arecording.It keepsthe“texture”
of theoriginal soundfile, avoidingdiscontinuities.

Soundmosaicing (Hazel 2001) constructsan approxi-
mationof onesoundout of small piecesof othersounds
usinganunspecifiedmatchfunctionwithoutpayingatten-
tion to concatenationquality.

Musical Mosaicing (Zils andPachet2001)performsa
kind of automatedremixof songs.It is limited to a sound
databaseof popmusicandusesonly few descriptors,but
includesconcatenationquality.

La Légendedessiècles is a theatrepieceperformedat
the CoḿedieFrançaise 2002,using real-timeeffectson
thevoice.Oneof thesetransformationsusesadata-driven
synthesismethodinspiredby our work: Prerecordedau-
dio is analysedfor energy andpitch. TheFFT framesare
storedin a dictionaryandorganisedinto clusters.During
the performance,this dictionary is usedwith an inverse
FFT and overlap-addto resynthesizesoundwith target
pitchandenergy givenby theliveaudioinput.

3 The CATERPI L L AR System
The CATERPILLAR software systemhas beendevel-

opedto performdata-drivenconcatenative unit selection
soundsynthesis.Its componentsare(figure1):
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Figure1: Overallstructureof thedata-drivenCATERPIL-
LAR system,arrowsrepresentingflow of data.



Analysis The sourcesound files are segmentedinto
units (3.1) and analysedto expresstheir characteristics
with sounddescriptors(3.2).

Database Sourceanddatafile references,unitsandde-
scriptorsarestoredin a relationaldatabase(3.3).

Target Thetargetspecificationis generatedfrom asym-
bolic score(expressedin notesor descriptors),or anal-
ysedfrom an audioscore(using the samesegmentation
andanalysismethodsasfor thesourcesounds).

Selection Units areselectedfrom the databaseaccord-
ing to given target descriptorsand an acousticdistance
function(3.4).

Synthesis is done by concatenationof selectedunits
with a short cross-fade, possibly applying transforma-
tions.

3.1 Segmentationby Alignment
Before inclusion into the database,the sourcesounds

have to be time-segmentedinto units. This canbe done
by blind segmentationor beatsegmentation. However,
to obtainwell-segmentedandlabeleddatabasesfrom in-
strumentrecordings,when a Midi scoreis available, a
large amount of work has been devoted to segmenta-
tion by alignmentof the audiosignalwith the score,de-
scribedin (Orio andSchwarz 2001). We usea Dynamic
Time-Warping algorithm, basedon peak structuredis-
tance(PSD),which matchesthe expectedharmonicpar-
tials with the observedones.Note that this extendswell
to polyphonicmusic. Improvementsof this techniquefor
thealignmentof multi-instrumentmusicaredescribedin
(Soulez,Rodet,andSchwarz 2003),with which a suffi-
cientprecisionof 23msis reached.Informationcontained
in thescore,e.g. notenumbersor rest,thelyrics sung,or
playing instructions,areattachedto theunits. This sym-
bolic datacanlaterbeexploitedfor unit selection.

Oneachnotesegment,asub-segmentationis performed
thatfurthersubdividesit into anattackandareleasesemi-
note. Thereleasesemi-noteof a unit andtheattacksemi-
noteof the following unit togetherform a transitionseg-
ment.

3.2 Descriptors
Wedistinguishthreetypesof descriptors:Categoryde-

scriptors are booleanand expressthe membershipof a
unit to acategoryor classandall its baseclassesin thehi-
erarchy(e.g.violin strings instrumentfor thesound
sourcehierarchy).Staticdescriptors area constantvalue
for a unit (e.g. Midi notenumber),anddynamicdescrip-
tors areanalysisdataevolving over the unit (e.g. funda-
mentalfrequency).

Thedescriptorsusedaregivenin thefollowing (Rodet
andTisserand2001). Theperceptualsalienceof someof
thesedescriptorsdependson thesoundbaseused.

SignalandPerceptualDescriptors Energy, fundamen-
tal frequency, zerocrossingrate,loudness,sharpness,tim-
bral width

Spectral Descriptors Spectral centroid, spectral tilt,
spectralspread,spectraldissymmetry

Harmonic Descriptors Harmonic energy ratio, har-
monicparity, tristimulus,harmonicdeviation

Temporal Descriptors Attack andreleasetime,ADSR
envelope,centerof gravity/antigravity

Source and Score Descriptors Instrumentclass and
subclass,excitation style, Midi pitch, lyrics (text and
phonemes),otherscoreinformation1

All of these,exceptthesymbolicsourceandscorede-
scriptors,areexpressedasa vectorof characteristicval-
uesthat describethe evolution of the descriptorover the
unit:

arithmeticandgeometricmean,standarddeviation
minimum,maximum,andrange
slope,giving the rough direction of the descriptor
movement,andcurvature(from2nd orderpolynomial
approximation2)
valueandcurve slopeat startandendof theunit (to
calculatetheconcatenationquality)
thetemporalcenterof gravity/antigravity, giving the
location of the most important “elevation” or “de-
pression”in thedescriptorcurveandthefirst 4 order
temporalmoments
thenormalisedFourierspectrumof thedescriptorin
5 bands,andthe first 4 ordermomentsof the spec-
trum. This revealsif thedescriptorhasrapidor slow
movement,or if it oscillates.

3.3 Database

Thedatabaseholdsreferencesto theoriginalsoundfiles
andto thedatafiles from analysis.It storesthedefinitions
of thedescriptors,theunitsandtheirdata.

As thequalityof thesynthesisgrowswith thesizeof the
sounddatabase,anefficient architectureis required.This
is provided by using the open-sourcerelationalDBMS
(databasemanagementsystem)PostGreSQL. Althougha
relationalDBMS resultsin an overheadfor dataaccess,
theadvantagesin datahandlingprevail:

Data Independence Using a relationaldatabase,only
the logical relationsof the dataare specifiedin the da-
tabaseschema, not thephysicalorganisationof the data.
Accesstakesplaceusingthe declarative query language
SQL, specifyingwhat to do, not how to do it. This leads
to unprecedentedflexibility andopennessto change.

1Any descriptorcanbemanuallyattributedto theunits,beit subjec-
tive descriptors(say, “glassiness”),or other informationnot automati-
cally derivablefrom thesoundsignal.

2We useLegendrepolynomials,which have the desirableproperty
thatthe lower-orderpolynomialsarevalid, albeitmorecoarse,approxi-
mationsof thecurve.
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Figure2: CATERPILLAR databaseschemashowing tables
(rectangles)andrelationships(lozenges)

Consistency The consistency of the datais assuredby
theconceptof atomictransactions, whichareeithercom-
pletely executed,or rolled back to the previous stateof
the database,if an error occurred. This meansno inter-
mediateinconsistentstateof the databaseis ever visible.
Anothersafeguardare the automaticconsistency checks
accordingto the relationsbetweendatabasetablesgiven
in theschema.This is anenormousadvantagewhile de-
veloping,becauseprogrammingerrorscan’t corrupt the
database.

Client–Server Ar chitecture Concurrentmulti-userac-
cessover the network, locking, authentication,andfine-
grainedcontroloveruser’saccesspermissionarestandard
featuresof DBMS.

The databaseis clearly separatedfrom the restof the
systemby a databaseinterface. Therefore,the DBMS
used can be replacedby a different system, or other
existing sound databasescan be accessed,e.g. using
the MPEG-7 indexing standard,or the resultsfrom the
CUIDADO or ECRINSprojects(Vinet, Herrera,andPa-
chet 2002) on soundcontentdescription. For low level
accessfrom Matlab, we wrote mex-extensionsthat send
a query to the databaseand return the result in a ma-
trix. The SoundDescriptionInterchangeFormat(SDIF)
(Wright et al. 1999)is usedfor well-definedinterchange
of datawith external programs(analysis,segmentation,
synthesis).

A simplified databaseschemain Entity–Relationship
notationis givenin figure2. Descriptorsareeithercat-
egories or featuretypes for analyseddynamic/static
descriptors. The systemis open to handleall possible
descriptorswhich canbeaddedor changeddynamically.
Category membershipof a unit is expressedasa binary
descriptorby the relationshipis in . Becausethe data-
basemodelsa containmenthierarchyparent of units, it
is enoughto add the highestparentunit (eventually the
whole file) to a category. Becausewe alsomodelan in-
heritancehierarchyis a amongcategories,this addsall
the containedunits to the category andall its basecate-
gories.

The databasecanbe browsedwith the graphicaldata-
baseexplorer(figure3), thatallowsusersto visualizeand
play theunitsin thedatabase.

Figure3: Databaseexplorerfeatureview: Eachpoint rep-
resentsa unit, plotted accordingto two selectablechar-
acteristicvaluesof two features. Variouscharacteristic
valuescanbedisplayedwith theunits,e.g. min/max,the
standarddeviation, or themeanslope(theshortlinesex-
tendingfrom theunits).Theellipseservesto interactively
selectthe units for real-timeacousticexplorationof the
database.The currentlyplayedunit within the ellipseis
highlightedby a little circle.

3.4 Unit Selection
The classical unit selectionalgorithm finds the se-

quenceof databaseunits that bestmatchesthe given
synthesistargetunits usingthreecosts:Thebasictar-
getcostexpressesthesimilarity of to by aweighted
sumof featurecosts:

Theextendedtarget cost includesa context of units
aroundthe target,weightedby , in orderto favour the
selectionof units out of similar contexts in the database
andthetarget:

Theconcatenationcostpredictsthequalityof thecon-
catenationbetweentwo units , . It is given by a
weightedsumof featureconcatenationcost functions:

Theconcatenationcostdependson theunit type: con-
catenatingan attackunit allows discontinuitiesin pitch
andenergy, a sustainunit doesnot. Consecutive units in
the databasehave a concatenationcostof zero. Thus,if
a whole phrasematchingthe target is presentin the da-
tabase,it will be selectedin its entirety. Theoptimal se-
quenceof unitsis foundby aViterbi algorithmastheleast
costlypaththroughthenetwork of databaseunits.

The CATERPILLAR system uses Euclideandistance
functionsonthedescriptorvalues,normalizedby division
by thestandarddeviation,with handtunedweights.

Unit Selection by Constraint Solving Although the
path-searchunit selectionalgorithmshows goodresults,
thealgorithmis too rigid andit is hardto integrateother
requirements,e.g. replacingjust onedispleasingunit in
a sequenceproposedby CATERPILLAR, or forcing all se-
lectedunitsto bedifferent.We reformulatedtheselection



algorithmasa constraintsatisfactionproblem(CSP)us-
ing the adaptivelocal search algorithmdescribedin de-
tail in (CodognetandDiaz 2001;Truchet,Assayag,and
Codognet2001). Satisfactionof a constraintis givenby
anerrorfunction,which allows to usethetargetandcon-
catenationcostsbetweenunits to expresstheconstraints.
Indeed,onecanarguethatpath-searchunit selectionis a
specialcaseof adaptive local searchunit selection.

4 Applications
High Level Instrument Synthesis Becausethe CAT-
ERPILLAR systemis awareof thecontext of thedatabase
aswell asthetargetunits,it cancreatenaturallysounding
transitions. Information attributed to the sourcesounds
can be exploited for unit selection,which allows high-
level control of synthesis,wherethe fine detailslacking
in the target specificationarefilled in by the units in the
database.As anexample,wemadeadatabasefrom pieces
for solo violin (J.S.Bach’s Sonataand Partita, over one
hour of music,playedby differentviolinists). The basic
unit is thesemi-note, two of which aregroupedto a tran-
sition segment(similar to a diphonein speech),allowing
moretransparentconcatenationin themorestablemiddle
partof thenotes.

Freesynthesis from heterogeneoussounddatabasesof-
fers a soundcomposerefficient control of the result by
usingperceptuallymeaningfuldescriptors.This type of
synthesisis interactive anditerative. The CATERPILLAR

systemsupportsthisby its graphicaldatabasebrowserand
the ability to freezegoodpartsfrom a synthesisandre-
generateothers,or to forcespecificunits to appearin the
synthesis.Ourdatabasecontainsvariousrecordingsof en-
vironmental,instrumental,voice,andelectronicsounds.

Resynthesisof audio with soundsfrom the database:
A soundor phraseis taken as the audioscore,which is
resynthesizedwith thesamepitch, amplitude,andtimbre
characteristicsusingunitsfrom thedatabase.

Artistic SpeechSynthesis An interestingnew project
usesCATERPILLAR to recreatethevoiceof adefunctem-
inent personalityto rendera given text. The goal here
is differentfrom fully automatictext-to-speechsynthesis:
highestspeechquality is needed(concerningbothsound
andexpressiveness),manualrefinementis allowed. The
roleof CATERPILLAR is to givethehighestpossibleauto-
maticsupportfor humandecisionsandsynthesiscontrol,
andto selecta numberof well matchingunits in a very
largebaseaccordingto emotionalandexpressivedescrip-
tors. The adaptationsthat hadto be appliedto the CAT-
ERPILLAR systemwere:

Addition of linguistic descriptorsfor prosody(word
stress,intra-wordposition),andphonetics(phoneme
class),which waseasy, becausethe databaseis de-
signedto allow extensionof descriptors.
Integrationof new distancefunctionsfor thenew de-
scriptorsinto theunit selectionalgorithm

Exploitationof thephonemeclassesaddedto theda-
tabasefor fasterunit search

5 Conclusions
The CATERPILLAR systemshows good resultsin in-

strumentsynthesis,andsurprisingsoundsfrom freesyn-
thesis,andwill soonbetestedwith artisticspeechsynthe-
sis. The conceptof high-level synthesisis confirmedby
theseresults,andalso, for speechsynthesis,by (Prudon
andd’Alessandro2001).

Integrationof anSQLdatabaseinto CATERPILLAR was
a quantumleapforward for theeaseandsecurityof data
handling. Finally, the use of a constraintsatisfaction
framework allows to combinethe requirementsfor cre-
ative synthesiswith the proven unit selectionalgorithm
from speechsynthesis,keepingmaximumflexibility .
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