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Abstract

Startingwith a rule basedprosodygenerationsystem,we
try toimprove thenaturalnessf thegenerategrosodyby using
a corpusbasedapproachwithout losing the advantagef the
rule basedmethod. To achieve this, a prosodicunit selection
methodis introduced,which is similar in its approachto the
waveformunit selectionusedby large unit inventorywaveform
concatenatiosystems.

Trying to avoid the problemof incompleteunit description
in existing prosodicdatabases new methodof datacollection
andlabelingis introduced. A small databasef the proposed
kind wascollected,andresultsof applyingselectionalgorithm
to it aregiven.

The approachdescribedn this papercould be useful for
improving prosodynaturalnessand assistingin personalizing
prosody It requiresrelatively little expert manualwork, and
canbeusedfor smallfootprint TTS systems.

1. Intr oduction

Recently corpusbasedorosodymodelingandgeneratiormeth-
ods have beenshavn to be able to producenatural-sounding
prosodyfor TTS systemg1][2][3][4]. However, thesemethods
are proneto produceunnaturalprosodyoccasionally On the
otherhand,rule basedprosodygeneratiorhasthe advantageof
giving consistenguality prosody Comparedvith thecitedcor
pusbasednethodstherule basednethodallowsaconveniently
explicit way of handlingvariousprosodiceffects.

This work suggesta methodto combinethe robustnesof
the rule basedmethodwith a more natural(and speaker adap-
tive) corpusbasedmethod. Note that our synthesizef5] does
not make useof a large databas®f speectunits, thusthereis
no natural prosodyextractedfrom the selectedacousticunits
which we coulduseor fall-backto (note,also,thatthe prosodic
unit databasesan be usedby a small footprint synthesizeras
it storesonly the prosodyof recordedspeechwhich is highly
compressible).

Therule basedmethodproducesa setof intonationevents
- it selectssyllableson which there would be either a pitch
peakor dip (or a combination),and producesthe parameters
which arethenbe usedto generatéhe nal shapeof theevent.
Our goalis to replacethis syntheticshapeby a natural(human-
producedkhape.

We usethe following terminology distinguishingbetween
two tasksinvolvedin prosodygenerationi) interpretation- the
decisionon the speci ¢ nuancethat the utterancewill convey
(e.g. thetypesandlocationsof the intonationevents),and 2)
realization- the productionof the nal shapefor theseevents.
Thisdistinctionis strictly informal - it only senesto explainthe
motivationfor thiswork.

In theseterms, our goal is to usethe interpretationpro-
ducedby therule system,andreplacethe syntheticrealization
by a naturalone. The way we proposeto accomplishthis is
by usinga prosodicunit selectionalgorithm,which selectshe
“bestmatching’unitsequencérom alargedatabasef prosodic
units.

In order for such a methodto work, the selectedunits
(which are“choppedoff” from differentutterancesyhouldbe
“similar enoughfor theresultof their concatenatioto benatu-
ral. Thisalsoappliesto [1][2][3], whereanimplicit assumption
is thatthefeaturequsede.g. by the CART method)canexplain
all (or most) of the phenomenaeenin the training database
(or, at least, that the missingfeaturescould be added). It as-
sumeghatthe setof all thesefeatureggivesa closeapproxima-
tion of theintonation(or at leastsome“averageintonation”) of
the speakr. In otherwords- two eventswhich have identical
featuresvere(or “shouldhave been”)saidin the sameway:.

However, thereare mary waysto say ary sentenceand
speci cally, there are mary possibleinterpretationsfor each
sentenceWe cansay (informally, again)thatthe unknavn in-
terpretationactslike a 'hidden layer' betweenthe text andthe
realizationprocess. This hiddenlayer consistsof things like
semanticsemotion, attitudesetc, which currently are not ex-
plained, or even described by ary generallyacceptedrame-
work. Theseare factorswhich, currently we can not useas
additionalfeaturedor, e.g.,building theregressiortrees.

Sinceit is not known whatinterpretatiorthe spealkr used,
we do not have a full descriptionof the units, and thus are
forcedto treatdissimilarunitsassimilar - eithersplicingdissim-
ilar unitsto eachother or averagingparametersver dissimilar
events,which resultsin addingnoiseto themodeling.

In section2, amethodof datacollectionto reducethis prob-
lem is suggestedThe implementatiorof the prosodicunit se-
lection methodis then describedn section3. The resultsof
anevaluationof this methodusinga smalltrainingdatabasare
presentedn sectiond, followed by conclusionsin section5.

2. The Training Database

In orderto reducethe problemof incompleteunit description,
we suggesthe useof a differentmethodfor the collectionof a
trainingdatabasefor creatingthe databasewe askthe spealkr
to imitate the syntheticspeectproducedby therule basedsys-
tem.

By imitating the synthesizerthe problemof unknavn in-
terpretationis reducedatleastto the degreethe speakr s able
to imitatethe synthesizer)aswe let the synthesizeproducethe
interpretation.This may not be the 'best' interpretation(in the
sensahata humanspealer may not have chosenit undernor-
mal circumstances)ut the importantfactoris thatit is x ed,
known, anddescribedy asetof concretepnambiguousalues



Figure 1. Examplecomparisonof synthetic(dark curve) and
imitation (light curve)intonations. Horizontal lines showsyl-
lable boundaries,and crossesshowthe location of intonation
events. Thisis an exampleof a successfuimitation - although
thecurvesclearly differ, theoverall structueis conserved.

- obtainablefrom the runtime internal dataof the synthesizer
This additionalknowledge canbe usedto improve the quality
of thegenerateghrosody

2.1. Recording Procedure

Thetrainingdatabasés createcby rst synthesizingspeectby
our rule basedsystem andthenaskinga professionateaderto
“imitate thesynthesizer”1) to presere the nuanceof theutter
anceasspolen by the synthesizer2) to follow thelocationsof
thepeaksanddipsin theintonation,and3) to try andstill sound
natural. Using the abore terminology- to usethe sameinter-
pretationasthe synthesizerbut to producea naturalrealization
of theprosody

For the recording,the speakr rst hearsthe synthesized
speecl?-3times,andthenimitatesit. Therecordedmitationis
immediatelycomparedo the syntheticspeech.Figure 1 illus-
tratesthe the methodof comparisorbetweerthe syntheticand
imitation utterancesThetime alignedpitch curve of theimita-
tion is superimposedver the syntheticpitch cune. If theim-
itation failed to follow the generalshapeof the syntheticcurve
- e.g. missor insertpitch peaks(the decisionis currentlydone
by simple obseration, but could be automated6]), or if the
speakr or controllerjudgesthe imitation not to sound'right’,
thesentencés re-recorded.

A setof 268sentencewere“‘randomly” choserfrom news
and entertainmensites on the Internet, and recordedas de-
scribedabore. The sentencesre relatively short (most are
aroundl10 words,the longestis 18 words),aslongersentences
aremoredif cult toimitate. Thesetof sentencescludesabout
50 questionand10 exclamationsentencesT hetotal recording
time for thesesentencess quite short(about12 minutesin to-
tal). For afull scalesystemwe expectalargertrainingset,with
abalanceccoveragewill berequired.

After recordingthe sentencestwo quick testswere con-
ducted. In the rst, natie listeners(which were not aware of
therecordingconditions)con rmedthattherecordingsounded
natural. In the secondtest, the “correctness’of the imitation
wasevaluated.An informal countof insertedanddeletedpoeaks
in theimitation of 25 sentenceshavedarateof roughly5%for
both peakinsertionsandpeakdeletions.

2.2. DatabaseConstruction

Eachof the sentences thetraining setis run throughtherule
synthesizerln additionto thegenerateavaveform,featuresare
extractedfrom the synthesizes internalrepresentationf each
sentence.
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Figure2: Contet inclusivefeature vectos usedby the unit se-
lectionfor themiddlesyllable Filled circlesrepresentyllables
with events blank onesrepresentsyllableswithoutevents.The
smallblankcirclesonthetop showthe context usedfor syllable
featues, and the lled circlesin the bottomshowthe contet
usedfor theeventfeatues.

Ourrule basedrosodyusesatonesequencerosodymodel
(relatedto ToBI [7]), consistingof accent,phrase,boundary
and auxiliary tones. Eachof which canget varioussymbolic
and quantitatve values(e.g. not just low, but also how low).
The tonesare compoundedvith an overall declinationcoef-
cient, which setsa (declining) envelopefor the pitch rangeas
the utteranceprogressesEachof thesetonesis associatedavith
onesyllable(a syllablecanhave morethanonetoneassociated
with it).

The basicunit handledby the systemis referredto asan
intonationevent Eachintonationeventcorrespond$o onesyl-
lableassociatewith tone(s).We constructadatabaséy adding
oneentry for eachof theintonationevents. The entryfor each
eventcontainsa contet inclusive featurevector

Therearetwo kindsof featuresn this context inclusive fea-
ture vector: Eventfeatues - which describeevent properties,
andSyllablefeatues- which describethe syllables.By having
thesetwo kindsof featuresve areableto describeboththelocal
andthe moreglobalenvironmentaroundeachof the events.

The featurevector holds the following features(for each
feature we also store 5 values before and after the current
event/syllable):

Eventfeatures:the type of tone (accentphrase pound-
ary, or a combinationin caseone syllable is assigned
morethanonetone),partof speechof respectie word),
the parametersf the event(type, andtargetamplitude),
thedeclinationvalueatthe event,andthe sentenceype.

Syllabicinformation:syllablesggmentalstructure sylla-
ble stresspartof speechgduration- syntheticandnatural
(obtainedrom thealignedrecordings seebelaw), aver-
ageFO0 - syntheticandnatural,andFO0 slope.

The constructionof the featurevectorfor oneutterances
shavn in gure 2. Thefeaturevectorassociatedvith the event
in the middle holdsvaluesfrom both surroundingsyllablesand
events.

After thetrainingdatabasés recordedeachrecordeditter
anceis timealignedto its syntheticversion(usingdynamictime
warping). Thetime alignmentallows to automaticallyobtainan
approximatesggmentallabelingandsyllableboundariegor the
recordedspeech.Thefactthatthe spealkr is imitating the syn-
thesizehelpsthe DTW alignerto produceaccurategesults.

Using this alignment,intonation events (and their associ-
atedfeaturevectors)are projectedonto the imitation speech,



thusautomaticallyproducingalabelingfor therecordedspeech
(avoiding the needfor manuallabeling). The projectedfea-

turevectorssene asthe searctkeys for the databasef natural

prosodyunits.

Notethatall of the dataprocessings donecompletelyau-
tomatically with manual supervisiononly during recording.
Speci cally, no prosodiclabeling or segmentallabeling are
done.

3. ProsodicUnit Selection

In this work, we pursuetheideaof selectingandconcatenating
naturalunits (not subjectto ary modeling)from the recorded
databasepreferablyusing sequencesf units which occurred
continuouslyin therecordedspeech.As in [2], the systemex-
tractsthe prosodyfrom a prosody-onlydatabase However, in
[2], the selectionis doneover whole clausesat a time, look-
ing for perfectmatchesandif nonearefound, an alternatve
(again for thewholeclause)s selectedandvaluesareinterpo-
latedacrosaunspeci edphonemes.

In the methodpresentechere,we usea richer description
for theevents,increasinghenumberof possiblevariationsover
awholeclause With averylargedatabaseyothmethodsvould
producesimilar results but whena perfectmatchfor a clauses
notpresentthis methodtriesto piecetogethematchingnatural
piecesfrom different utterancesratherthan use modi cation
andinterpolationof units.

3.1. SelectionAlgorithm

The selectionalgorithmis similar to that suggestedn [8] for
segmentalunit selectionusedfor waveform concatenatiosyn-
thesis.Thealgorithmusesa Viterbi-like dynamicprogramming
methodto nd aminimumecostpath. Thecostfunctionis asum
of distortioncosts(representinghe matchbetweera candidate
unit anda target unit), and concatenatiorcosts(the matchbe-
tweena candidateunit anda candidatdor a previousunit).

Before the selectionis performed,the rule basedsystem
processeshe text, decideswhereto placeevents,and creates
featurevectorsfor theseevents(usingthe sameformat asthe
featurevectorsin the unit databaselescribedabore). The se-
lectionthenruns,trying to nd the bestmatchingsequencef
unitsfrom thedatabase.

In the currentimplementationthe position of the events
x estheway databaseinitswill beused- how mary syllables
aroundthe actuallyselectedeventswill betakenandused(cur-
rently - a split down the middle, ascanbe seenby the syllable
groupingin gure 3). In future, this split maybedonedynami-
cally.

3.2. SelectionFeatures

The basicfeaturesextractedfor eachof the sentencesn the
trainingdatabasareusedfor calculatingtheselectiorprocess
distortionandconcatenatiocosts.Notethatnotall featuresare
usedfor both costs. For example, the naturalspeechaverage
syllable FO is usedfor the continuationcost (trying to obtain
continuoud~0 over concatenatiopoints),but it cannotbeused
for the target cost(asthe naturalFO is unde nedfor the target
unit).

Duringtheselectiorprocessthecalculationof theconcate-
nationcostsneedgo take into accounthetwo differenttypesof
contets (syllables/ events)presenin the featurevectors.Fig-
ure 3 illustratesthe handlingof the differentcontext types:the
shift of index in featurevectorsbelongingto two consecutie
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Figure3: Calculationof theconcatenatiorrostsin theselection
algorithm betweertwo featue vectos (for the two circled syl-

lableswith events)- the featue context windowsare compaed
with differentshift for the syllableand eventfeatues,as shown
by the connectinglines. Thelines above the syllablesin the
middleof the gure showthe groupingof the syllables- which

eventthesesyllableswill actuallybetakenfrom.

events,is 1 for eventfeaturesandfor the syllablecontext it is
thedistanceijn syllables betweerthetwo events(for theexam-
ple shawn in the gure - 3). The settingof the weightsfor the
context window is differentfor both casesaswell.
Thefeaturesusedby the selectionare:

Distortion-Syllable:syllablesyntheticduration,syllable
syntheticFO, syllable structure syllable stressdeclina-
tion valueat syllable,syllableis silence.

Distortion-Eent: tone type, word POS, declination
value,targeteventamplitude sentencéype.

Concatenation-Syllablesyntheticand natural FO and
duration,declinationvalueat syllable,syllablestructure
andstresssgyllableis silence

Concatenation-Eant: eventtype,targeteventamplitude,
declinationvalue

3.3. Feature Weights

As in [8] for waveformunits, oneof the problemswith the se-
lectionalgorithmis thesettingof therelative weightsfor eachof
thefeatures trying to determingherelative importanceof each
feature[8][9]. Despitedifferencesesultingfrom the different
application(on onehandalargersearchspaceandontheother
shortersequenceandsimplersimilarity measure)asimilar ap-
proachshould be applicablefor determiningfeatureweights.
However, dueto the smallsizeof thetraining databasethe set-
ting of the weightswas manuallydone,with no real effort for
optimization.
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Figure4: Piecaviselinear copyingof syllablepitch: souceand
target syllablesare dividedto 3 parts, helpingto avoidrelative
shiftsin thelocation of pitch movementsin casesyllabicstruc-
ture differs. Theoriginal and copiedpitch curvesare shown.



Figure5: Smoothing=0 acrossconcatenatedinits. The pitch
contouris smoothedbetweenthe middle of one unit and the
middleof the next, sothatthe nal contourconserveshe pitch
in the middle of the units, and goesthroughthe average FO in
theconcatenatiorpoints.

3.4. Unit Concatenation

Thegeneratiorof the nal prosodyis doneby transplantinghe
prosodyfrom therecordedspeechinto thetargetutterance.

Eachsyllablein the syntheticsentencds associatedvith
anevent(asshavnin gure 3). The prosodyfor the sequence
of syllablesassociatedvith a target event, is taken from the
sequencef syllablesin the samerelative positionto the corre-
spondingselectecevent. The transplantatiorof the prosodyis
donesyllableby syllable.

The copying of the pitch is doneby dividing the selected
andthetargetsyllablesinto 3 parts(pre-vowel, vowel, andpost-
vowel). Within eachpart, the pitch is copiedby linear time
stretching(see gure 4). This piecavise pitch copying helps
avoid shiftsin therelative locationof pitch movementswhich
might occurif the selectedand taiget syllableshave different
phoneticstructures.

In orderto avoid FO discontinuitiesat concatenatiofoints
betweentwo prosodicunits, an FO smoothingis performedas
shawvn in gure 5: the FO at the concatenatiompoint is setto
the middle value of the discontinuity anda linearly increasing
offsetis addedto the eachunit so thatthe unit's middle FO is
notchangedandthe edgeFO0is setto the middle value.

An additionalsmoothingis appliedin the casewhereathe
pitch of aselectedyllableis copiedinto a syllablewith amuch
shorterduration (again, the occurrenceof this is expectedto
decreasas the training database' size increases).A simple
copy of the pitch might resultin “wild” pitch movements.To
avoid this, thesystemautomaticallyattens the pitch movement
wheneer the duration of a syllable is shortenedby a factor
greaterthanathreshold(2.0).

3.5. Duration Assignment

Sggmentaldurationis modi ed by valuestaken from the se-
lectedunits, but thisis not asstraightforward ascopying pitch,
sincethe durationis moresensitve to differencesn phonemes
andsyllablestructures.

In the currentapplication,only a simple handlingof dura-
tion is supported:

If the selectedsyllable exactly matcheghe target sylla-
ble in its sggmentalstructureandstressassignmentthe
durationfor eachof the syllable's phonemess directly
copiedfrom the selectedunit, with no durationnormal-
ization(thisis acceptablsincetherecordedspeechmi-
tatesthe syntheticrhythmaswell aspitch).

Otherwise a simplelinear stretchingof thewhole sylla-

Target sentence:

. 1 - 1T D T C
The prince a-rrived with the pre-si-dent of the foun-da-tion.

1 2 3
Source sentences:

1) She says'the ma—yo; in-tends to ...
2) ... -ring as ra-cia-lly mo-ti-va-ted ...

3) ... she thought eve-ry-thing would be ea-sy.

Figure 6: Exampleof unit selection:top - target sentencgbe-
low - the source sentence$rom which the selectedunderlined

partswere chosen.-' markssyllableboundary and dotsmark
syllablesassignedhnintonationevent.

ble is done. The syllable durationis determinedby an

interpolationbetweerthe durationsof the syntheticand

theselecteqnatural)syllables.Theinterpolationweight

depend®nthesimilarity betweerthetargetandselected
(natural)syllables.

A benet of this durationcopying is that whentrying to
synthesiza sentenceavhichisincludedin thetrainingdatabase,
its prosodywill be directly copiedfrom the original, which is
a useful featurefor a domainspeci ¢ synthesizer This will
alsowork for a “prosodically equivalent” sentencdi.e. same
interpretatiorandsyllabicstructure).

3.6. Synthesisexample

Figures6 and 7 shaw an examplerun of the unit selection
prosodygeneration.

First, the rule basedsystemis run on the target sentence
shavn atthetop of gure 6. The systemanalyzeshetext, and
placesintonationeventson appropriatesyllables(marked with
dots). Theselectiorprocesghenselectghebestmatchingunits
from the databaseln this case the selectionchosethreecon-
secutve unit sequenceg@inderlinedpartsof thetargetsentence),
takenfrom themarkedpartsin thethreesourcesentencebelow.

Thetop partof gure 7 shaws therule generategrosody
for the target sentence Below it, the concatenatiorf the se-
lectedunits canbe seen- the rule geneated units, and belav
that, the imitation units (notethatin this part of the gure no
time alignmentwas performedwithin eachconsecutie part).
Theconcatenatiopointsbetweerconsecutie partsaremarked
by thethick verticallines.

At thebottomof the gure is theresultof transplantinghe
prosodyfrom the selectechaturalunitsinto thetarmgetsentence.

4. Evaluation

A limited listening experimentwas held, in which 7 listeners
listened(in randomorder)to 21 pairsof sentencesntroduced
in randomorder In eachpair, onewasproducedusingtherule
prosody andthe otherusingthe suggestednethod. Thelisten-
erscouldlistento eachpair asmary timesasthey wanted,and
werethenasledto chooseheversionthey preferred.

Theresultsshaved thatin 65% of the caseslistenerspre-
ferredtheselectiorprosody Looking atthemajority preference
per sentenceandexcluding sentencesvherelistenerswereal-
mostequallydivided (4 against3), selectionprosodywaspre-
ferredfor 12 sentencesyhile the original rule basedprosody
waspreferredonly for 2.



Figure7: Prosodygeneation: Fromtop to bottom: rule based
prosody selectedinits(in their rule basedform), selectedinits
(imitation recoding), resultof selectionprosodyafter concate-
nationandsmoothingof recodedimitation units.

5. Conclusion

Looking at prosodygeneratioras madeup of two tasks(inter-
pretationand realization),we have suggested prosodygen-
erationsystemwherea rule basedprosodymethodis usedto
producetheinterpretationanda prosodicunit databasés used
by a dynamicunit selectionmethodto producethe realization
of the nal prosody

In order to improve the descriptionof the units in the
databasea new methodof collectinga prosodicdatabasevas
introducedwherethe spealkr imitatessyntheticspeech.

A dynamicprogrammingnethodfor unit selectioruseshe
unit databas¢o producea continuoussequencef naturalinto-
nationunits closeto the desirectargetprosody

The databaseisedfor this methodholdsonly prosodicin-

formation (no needfor the actualspeechwaveform), andthus
doesnotrequirealarge storagespace.

A limited experimentshaved promisingresults,encourag-

ing thecollectionof alarger, bettercontrolleddatabasean order
to obtainthefull bene t of the proposednethod.
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