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Abstract

Concatenatie data-drven synthesismethodsbasedon a
large databasef soundsand a unit selectionalgorithm
are gaining more interestin the computermusic world.
We briefly describerecentrelatedwork andthenfocuson
new developmentsin our CATERPILLAR synthesissys-
tem: the advantageof the addition of a relational SQL
databasework on sggmentationby alignment,the refor-
mulationandextensionof the unit selectioralgorithmus-
ing a constraintsatisaction approachand new applica-
tionsfor musicalandspeectsynthesis.

1 Intr oduction

Data-drvenconcatenatie soundsynthesisnethodsare
gainingmoreinterestin the computemmusiccommunity
In speeclsynthesisthey arewidely usedn multiple com-
mercialandresearctsystemsresultingin a considerable
gainin quality of the synthesizedpeech.

Data-driven concatenatie synthesismethodsuse a
largedatabasef sourcesoundssegmentednto units and
a unit selectionalgorithmthat finds the units that match
bestthe soundor phraseto be synthesisedgalledthe tar-
get Theunitscanbenon-uniformi.e. they cancomprise
asoundsnippetanote,upto awholemusicalphraseThe
selectionis performedaccordingto the descriptorf the
units, which arecharacteristicextractedfrom the source
soundspr higherlevel descriptorattributedto them.The
selectedunitsarethentransformedo fully matchthetar-
get specification,and concatenatedHowever, if the da-
tabasds sufficiently large, the probability is high thata
matchingunit will be found, so the needto apply trans-
formationsis reduced.

Usualsoundsynthesisnethodsarebasedn amodelof
the soundsignal. It is very difficult to build a modelthat
would realisticallygeneratehe fine detailsof the sound.
On the contrary concatenatie synthesispy usingactual
recordingspreseresentirelythefine detailsof sound.In
thedata-drivenapproad, insteadof supplyingrulescon-
structedby carefulthinking asin a rule basedappmad,
therulesareinducedfrom thedataitself. Findingsin other
domainsge.g. speectrecognition,corroborateahe general
superiorityof data-drvenapproaches.

2 RelatedWork

Sincethe publication of (Schwarz 2000), data-drven
concatenatie synthesismethodshave attractedmorein-
terest.Someprojectsare:

Plunderphonics (Oswald 1999)is JohnOswald’s artis-
tic projectconsistingof songsmadeup from tensof thou-
sandsof snippetsfrom a decadeof pop songs,selected
andassembledby hand.

Soundscapes (HoskinsonandPai 2001)generategnd-
lessbut never-repeatingsoundscapefor installationsby
splicingsegmentdrom arecording.lt keepshe“texture”
of the original soundfile, avoiding discontinuities.

Soundmosaicing (Hazel 2001) constructsan approxi-
mationof onesoundout of small piecesof othersounds
usinganunspecifiednatchfunctionwithout payingatten-
tion to concatenatiouality.

Musical Mosaicing (Zils andPachet2001) performsa
kind of automatedaemix of songs.It is limited to asound
databasef pop musicandusesonly few descriptorsput
includesconcatenatiomjuality.

La Légendedessiecles is atheatrepieceperformedat
the Conedie Frangaise 2002, using real-time effects on
thevoice. Oneof thesdransformationsisesadata-drven
synthesismethodinspiredby our work: Prerecordedu-
dio is analysedor enegy andpitch. The FFT framesare
storedin a dictionaryandorganisednto clusters.During
the performancethis dictionary is usedwith an inverse
FFT and overlap-addto resynthesizesoundwith target
pitch andenegy givenby thelive audioinput.

3 The CATERPILLAR System

The CATERPILLAR software systemhas beendevel-
opedto perform data-driven concatenatie unit selection
soundsynthesislts componentare(figure 1):
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Analysis The source sound files are segmentedinto

Spectral Descriptors Spectral centroid, spectralftilt,

units (3.1) and analysedto expresstheir characteristics spectrakpreadspectradissymmetry

with sounddescriptorg3.2).

Database Sourceanddatafile referencesynitsandde-
scriptorsarestoredin arelationaldatabas€3.3).

Target Thetargetspecificationis generatedrom asym-
bolic score(expressedn notesor descriptors),or anal-
ysedfrom an audio score(using the sameseggmentation
andanalysismethodsasfor the sourcesounds).

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

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

3.1 Segmentationby Alignment

Beforeinclusioninto the databasethe sourcesounds
have to be time-s@mentedinto units. This canbe done
by blind segmentationor beatsegmentation. However,
to obtainwell-segmentedandlabeleddatabasefrom in-
strumentrecordings,when a Midi scoreis available, a
large amountof work has been devoted to segmenta-
tion by alignmentof the audiosignalwith the score,de-
scribedin (Orio and Schwarz 2001). We usea Dynamic
Time-Warping algorithm, basedon peak structuredis-
tance(PSD),which matcheghe expectedharmonicpar
tials with the obsered ones. Note that this extendswell
to polyphonicmusic. Improvementof this techniquefor
the alignmentof multi-instrumentmusicaredescribedn
(Soulez,Rodet,and Schwarz 2003), with which a suffi-
cientprecisionof 23msis reachedInformationcontained
in the score e.g. notenumbersor rest,the lyrics sung,or
playinginstructionsareattachedo the units. This sym-
bolic datacanlaterbe exploitedfor unit selection.

Oneachnotesggmentasub-sgmentatioris performed
thatfurthersubdvidesit into anattackandareleasesemi-
note Thereleasesemi-noteof a unit andthe attacksemi-
note of the following unit togetherform a transitionseg-
ment.

3.2 Descriptors

We distinguishthreetypesof descriptorsCategory de-
scriptors are booleanand expressthe membershipof a
unit to acategory or classandall its baseclassesn thehi-
erarchy(e.g.violin — strings — instrumenfor thesound
sourcehierarchy). Staticdescriptos area constantvalue
for aunit (e.g. Midi notenumber),anddynamicdescrip-
tors are analysisdataevolving over the unit (e.g. funda-
mentalfrequeng).

The descriptorausedaregivenin the following (Rodet
andTisserand2001). The perceptuabalienceof someof
thesedescriptorglepend®n thesoundbaseused.

Signaland Perceptual Descriptors Eneigy, fundamen-
talfrequeng, zerocrossingate,loudnesssharpnesgim-
bral width

Harmonic Descriptors Harmonic enegy ratio, har
monic parity, tristimulus,harmonicdeviation

Temporal Descriptors  Attack andreleaseime, ADSR
ervelope centerof gravity/antigravity

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

All of these exceptthe symbolicsourceandscorede-
scriptors,areexpressedsa vectorof characteristicval-
uesthat describethe evolution of the descriptorover the
unit:

e arithmeticandgeometricnean standardieviation

e minimum,maximum,andrange

e slope, giving the rough direction of the descriptor
movementandcurvature(from 2" orderpolynomial
approximatior)

e valueandcurve slopeat startandendof the unit (to
calculatethe concatenatioguality)

o thetemporalcenterof gravity/antigravity, giving the
location of the mostimportant“elevation” or “de-
pression’in thedescriptorcurve andthefirst 4 order
temporalmoments

o thenormalised~ourier spectrunof the descriptorin
5 bands,andthefirst 4 ordermomentsof the spec-
trum. Thisrevealsif thedescriptorthasrapidor slow
movementor if it oscillates.

3.3 Database

Thedatabaséoldsreferenceso theoriginalsoundfiles
andto thedatafiles from analysis It storeshedefinitions
of thedescriptorsthe unitsandtheir data.

Asthequality of thesynthesigrowswith thesizeof the
sounddatabasean efficient architecturas required.This
is provided by using the open-sourceelational DBMS
(databasenanagemensystem)PostGieSQL Although a
relational DBMS resultsin an overheadfor dataaccess,
theadwantagesn datahandlingprevail:

Data Independence Using a relationaldatabaseonly

the logical relationsof the dataare specifiedin the da-

tabaseschema not the physicalorganisatiorof the data.
Accesstakes placeusingthe declaratve querylanguage
SQL, specifyingwhatto do, nothowto doit. Thisleads
to unprecedenteflexibility andopennesso change.

1Any descriptorcanbe manuallyattributedto the units, beit subjec-
tive descriptorgsay “glassiness”),or otherinformation not automati-
cally derivablefrom the soundsignal.

2We useLegendrepolynomials,which have the desirableproperty
thatthe lower-orderpolynomialsarevalid, albeitmore coarseapproxi-
mationsof the cure.
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Figure2: CATERPILLAR databasschemahaowing tables
(rectanglesandrelationshipglozenges)

Consistency The consisteng of the datais assuredy

theconceptof atomictransactionswhich areeithercom-
pletely executed,or rolled backto the previous stateof

the databaseif an error occurred. This meansno inter

mediateinconsistenstateof the databasés ever visible.

Another safguardare the automaticconsisteng checks
accordingto the relationsbetweendatabaseablesgiven
in the schema.This is an enormousadvantagewhile de-
veloping, becauserogrammingerrorscant corruptthe
database.

Client—Sewer Architecture Concurrentmulti-userac-

cessover the network, locking, authenticationandfine-

grainedcontroloverusersaccespermissiorarestandard
featuresof DBMS.

The databasés clearly separatedrom the restof the
systemby a databaseinterface Therefore,the DBMS
used can be replacedby a different system, or other
existing sound databasesan be accessedg.g. using
the MPEG-7 indexing standard,or the resultsfrom the
CUIDADO or ECRINSprojects(Vinet, Herrera,and Pa-
chet2002) on soundcontentdescription. For low level
accessrom Matlab, we wrote mex-extensionsthat send
a query to the databaseand return the resultin a ma-
trix. The SoundDescriptioninterchange~ormat (SDIF)
(Wright etal. 1999)is usedfor well-definedinterchange
of datawith external programs(analysis,segmentation,
synthesis).

A simplified databaseschemain Entity—Relationship
notationis givenin figure2. Descriptorsareeithercat-
egories  Ofr featuretypes for analyseddynamic/static
descriptors. The systemis opento handleall possible
descriptorsvhich canbe addedor changeddynamically
Categgory membershipf aunit  is expressedasa binary
descriptorby the relationshipis in . Becausehe data-
basemodelsa containmentierarchyparent of units, it
is enoughto addthe highestparentunit (eventually the
wholefile) to a category. Becausave alsomodelanin-
heritancehierarchyis a amongcateyories,this addsall
the containedunits to the category andall its basecate-
gories.

The databasean be browsedwith the graphicaldata-
baseexplorer (figure 3), thatallows usersto visualizeand
play theunitsin thedatabase.
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Figure3: Databasexplorerfeatureview: Eachpointrep-
resentsa unit, plotted accordingto two selectablechar
acteristicvaluesof two features. Various characteristic
valuescanbe displayedwith the units, e.g. min/max,the
standarddeviation, or the meanslope(the shortlines ex-
tendingfrom theunits). Theellipsesenesto interactively
selectthe units for real-timeacousticexploration of the
database The currently playedunit within the ellipseis
highlightedby allittle circle.

3.4 Unit Selection

The classicalunit selection algorithm finds the se-
guenceof databasaunits u; that bestmatchesthe given
synthesigargetunitst . usingthreecosts: Thebasictar-
getcostexpresseshesimilarity of u; tot, by aweighted
sumof p featurecosts:C*(u;, t;) = >_1_, wh Ck(ui, tr)

The extendedtarget costincludesa context of r units
aroundthe target, weightedby w;, in orderto favour the
selectionof units out of similar contets in the database
andthetarget: C” (u;,t,) = Y., __, 0¥ C' (Uit trij)

Theconcatenationcostpredi tsthequality of thecon-
catenationbetweentwo units u;, u;. It is givenby a
weightedsum of ¢ featureconcatenatiorcost functions:
Ce(u;,uj) = >k wi Cf (ui,uy)

The concatenatiorostdependn the unit type: con-
catenatingan attack unit allows discontinuitiesin pitch
andenegy, a sustainunit doesnot. Consecutie unitsin
the databasénave a concatenatiorcostof zero. Thus,if
a whole phrasematchingthe targetis presentin the da-
tabasejt will be selectedn its entirety The optimal se-
guenceof unitsis foundby a Viterbi algorithmastheleast
costly paththroughthe network of databasenits.

The CATERPILLAR systemuses Euclideandistance
functionsonthedescriptowalues normalizedby division
by the standarddeviation, with handtunedweights.

Unit Selection by Constraint Solving Although the
path-searchunit selectionalgorithm showvs good results,
the algorithmis too rigid andit is hardto integrateother
requirementse.g. replacingjust one displeasingunit in

asequenc@roposedy CATERPILLAR, or forcing all se-
lectedunitsto bedifferent. We reformulatedhe selection



algorithmasa constraintsatisfiction problem(CSP)us-

ing the adaptivelocal seach algorithmdescribedn de-

tail in (Codognetand Diaz 2001; Truchet,Assayag,and
Codognet?001). Satishctionof a constraintis given by

anerrorfunction,which allows to usethetargetandcon-

catenatiorcostsbetweenunits to expressthe constraints.
Indeed,onecanarguethat path-searchunit selectionis a

specialcaseof adaptie local searctunit selection.

4 Applications

High Level Instrument Synthesis Becausethe CAT-

ERPILLAR systemis awareof the context of the database

aswell asthetargetunits,it cancreatenaturallysounding
transitions. Information attributed to the sourcesounds
can be exploited for unit selection,which allows high-

level control of synthesiswherethe fine detailslacking

in the target specificationarefilled in by the unitsin the

databaseAs anexample we madeadatabas&om pieces
for soloviolin (J.S.Bachs Sonataand Partita, over one
hour of music, playedby differentviolinists). The basic
unit is the semi-notetwo of which aregroupedto a tran-

sition sggment(similar to a diphonein speech)allowing

moretransparentoncatenation the morestablemiddle

partof thenotes.

Freesynthesis from heterogeneousounddatabasesf-
fers a soundcomposerefficient control of the resultby
using perceptuallymeaningfuldescriptors. This type of
synthesids interactive anditerative. The CATERPILLAR
systemsupportghisby its graphicaldatabasérowserand
the ability to freezegood partsfrom a synthesisandre-
generatethers,or to force specificunitsto appeaiin the
synthesisOurdatabaseontainsvariousrecordingsof en-
vironmental instrumentalyoice,andelectronicsounds.

Resynthesisof audio with soundsfrom the database:

A soundor phraseis taken asthe audio score,which is
resynthesizeavith the samepitch, amplitude,andtimbre
characteristicsisingunitsfrom thedatabase.

Artistic SpeechSynthesis An interestingnew project
usesCATERPILLAR to recreatehevoice of adefunctem-
inent personalityto rendera given text. The goal here
is differentfrom fully automatictext-to-speectsynthesis:
highestspeechguality is needed concerningboth sound
and expressveness)manualrefinements allowed. The
role of CATERPILLAR is to give thehighestpossibleauto-
matic supportfor humandecisionsandsynthesisontrol,
andto selecta numberof well matchingunitsin a very
largebaseaccordingo emotionalandexpressve descrip-
tors. The adaptationghathadto be appliedto the CAT-
ERPILLAR systemwere:

¢ Addition of linguistic descriptorsfor prosody(word
stressjntra-word position),andphonetic§{phoneme
class),which was easy becausehe databasés de-
signedto allow extensionof descriptors.

¢ Integrationof new distancefunctionsfor thenew de-
scriptorsinto the unit selectionalgorithm

o Exploitationof the phonemeclassesddedo theda-
tabasdor fasterunit search

5 Conclusions

The CATERPILLAR systemshaws good resultsin in-
strumentsynthesisandsurprisingsoundsfrom free syn-
thesis,andwill soonbetestedwith artisticspeectsynthe-
sis. The conceptof high-level synthesiss confirmedby
theseresults,and also, for speechsynthesispy (Prudon
andd’Alessandra2001).

Integrationof anSQL databasénto CATERPILLAR WaS
a quantumleapforward for the easeandsecurityof data
handling. Finally, the use of a constraintsatisaction
frameawork allows to combinethe requirementgor cre-
ative synthesiswith the proven unit selectionalgorithm
from speectsynthesiskeepingmaximumflexibility .
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