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Abstract

Startingwith a rule basedprosodygenerationsystem,we
try to improvethenaturalnessof thegeneratedprosodyby using
a corpusbasedapproach,without losing theadvantagesof the
rule basedmethod. To achieve this, a prosodicunit selection
methodis introduced,which is similar in its approachto the
waveformunit selectionusedby largeunit inventorywaveform
concatenationsystems.

Trying to avoid theproblemof incompleteunit description
in existing prosodicdatabases,a new methodof datacollection
and labeling is introduced. A small databaseof the proposed
kind wascollected,andresultsof applyingselectionalgorithm
to it aregiven.

The approachdescribedin this papercould be useful for
improving prosodynaturalnessand assistingin personalizing
prosody. It requiresrelatively little expert manualwork, and
canbeusedfor smallfootprintTTSsystems.

1. Intr oduction
Recently, corpusbasedprosodymodelingandgenerationmeth-
ods have beenshown to be able to producenatural-sounding
prosodyfor TTSsystems[1][2][3 ][4]. However, thesemethods
areproneto produceunnaturalprosodyoccasionally. On the
otherhand,rulebasedprosodygenerationhastheadvantageof
giving consistentqualityprosody. Comparedwith thecitedcor-
pusbasedmethods,therulebasedmethodallowsaconveniently
explicit wayof handlingvariousprosodiceffects.

This work suggestsa methodto combinetherobustnessof
the rule basedmethodwith a morenatural(andspeaker adap-
tive) corpusbasedmethod. Note thatour synthesizer[5] does
not make useof a largedatabaseof speechunits, thusthereis
no naturalprosodyextractedfrom the selectedacousticunits
whichwecoulduseor fall-backto (note,also,thattheprosodic
unit databasecanbe usedby a small footprint synthesizer, as
it storesonly the prosodyof recordedspeech,which is highly
compressible).

Therule basedmethodproducesa setof intonationevents
- it selectssyllableson which therewould be either a pitch
peakor dip (or a combination),and producesthe parameters
which arethenbeusedto generatethe�nal shapeof theevent.
Ourgoalis to replacethissyntheticshapeby a natural(human-
produced)shape.

We usethe following terminology, distinguishingbetween
two tasksinvolvedin prosodygeneration:1) interpretation- the
decisionon the speci�c nuancethat the utterancewill convey
(e.g. the typesandlocationsof the intonationevents),and2)
realization- theproductionof the �nal shapefor theseevents.
Thisdistinctionis strictly informal- it only servesto explainthe
motivationfor thiswork.

In theseterms,our goal is to use the interpretationpro-
ducedby the rule system,andreplacethesyntheticrealization
by a naturalone. The way we proposeto accomplishthis is
by usinga prosodicunit selectionalgorithm,which selectsthe
“bestmatching”unit sequencefrom alargedatabaseof prosodic
units.

In order for such a method to work, the selectedunits
(which are“choppedoff ” from differentutterances)shouldbe
“similar enough”for theresultof theirconcatenationto benatu-
ral. Thisalsoappliesto [1][2][3], whereanimplicit assumption
is thatthefeatures(usede.g.by theCART method)canexplain
all (or most) of the phenomenaseenin the training database
(or, at least,that the missingfeaturescould be added). It as-
sumesthatthesetof all thesefeaturesgivesacloseapproxima-
tion of theintonation(or at leastsome“averageintonation”)of
the speaker. In otherwords- two eventswhich have identical
featureswere(or “shouldhave been”)saidin thesameway.

However, thereare many ways to say any sentence,and
speci�cally, there are many possibleinterpretationsfor each
sentence.We cansay(informally, again)that theunknown in-
terpretationactslike a 'hidden layer' betweenthe text andthe
realizationprocess. This hiddenlayer consistsof things like
semantics,emotion,attitudesetc, which currentlyarenot ex-
plained,or even described,by any generallyacceptedframe-
work. Theseare factorswhich, currently, we can not useas
additionalfeaturesfor, e.g.,building theregressiontrees.

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

In section2,amethodof datacollectionto reducethisprob-
lem is suggested.The implementationof theprosodicunit se-
lection methodis then describedin section3. The resultsof
anevaluationof thismethodusingasmalltrainingdatabaseare
presentedin section4, followedby conclusions,in section5.

2. The Training Database
In orderto reducethe problemof incompleteunit description,
we suggesttheuseof a differentmethodfor thecollectionof a
trainingdatabase:for creatingthedatabase,we askthespeaker
to imitatethesyntheticspeechproducedby therule basedsys-
tem.

By imitating the synthesizer, the problemof unknown in-
terpretationis reduced(at leastto thedegreethespeaker is able
to imitatethesynthesizer),aswelet thesynthesizerproducethe
interpretation.This maynot bethe 'best' interpretation(in the
sensethata humanspeaker maynot have chosenit undernor-
mal circumstances),but the importantfactor is that it is �x ed,
known, anddescribedby asetof concrete,unambiguousvalues



Figure 1: Examplecomparisonof synthetic(dark curve) and
imitation (light curve) intonations. Horizontal lines showsyl-
lable boundaries,and crossesshowthe location of intonation
events.This is an exampleof a successfulimitation - although
thecurvesclearlydiffer, theoverall structure is conserved.

- obtainablefrom the runtimeinternaldataof the synthesizer.
This additionalknowledgecanbe usedto improve the quality
of thegeneratedprosody.

2.1. RecordingProcedure

Thetrainingdatabaseis createdby �rst synthesizingspeechby
our rule basedsystem,andthenaskinga professionalreaderto
“imitate thesynthesizer”:1) to preserve thenuanceof theutter-
anceasspokenby thesynthesizer, 2) to follow thelocationsof
thepeaksanddipsin theintonation,and3) to try andstill sound
natural. Using the above terminology- to usethe sameinter-
pretationasthesynthesizer, but to producea naturalrealization
of theprosody.

For the recording,the speaker �rst hearsthe synthesized
speech2-3 times,andthenimitatesit. Therecordedimitation is
immediatelycomparedto thesyntheticspeech.Figure1 illus-
tratesthe themethodof comparisonbetweenthesyntheticand
imitation utterances.Thetime alignedpitch curve of theimita-
tion is superimposedover thesyntheticpitch curve. If the im-
itation failedto follow thegeneralshapeof thesyntheticcurve
- e.g. missor insertpitch peaks(thedecisionis currentlydone
by simple observation, but could be automated[6]), or if the
speaker or controllerjudgesthe imitation not to sound'right',
thesentenceis re-recorded.

A setof 268sentenceswere“randomly” chosenfrom news
and entertainmentsites on the Internet, and recordedas de-
scribedabove. The sentencesare relatively short (most are
around10 words,thelongestis 18 words),aslongersentences
aremoredif�cult to imitate.Thesetof sentencesincludesabout
50 question,and10 exclamationsentences.Thetotal recording
time for thesesentencesis quiteshort(about12 minutesin to-
tal). For afull scalesystem,weexpecta largertrainingset,with
a balancedcoverage,will berequired.

After recordingthe sentences,two quick testswere con-
ducted. In the �rst, native listeners(which werenot awareof
therecordingconditions)con�rmedthattherecordingssounded
natural. In the secondtest, the “correctness”of the imitation
wasevaluated.An informalcountof insertedanddeletedpeaks
in theimitationof 25sentencesshowedarateof roughly5%for
bothpeakinsertionsandpeakdeletions.

2.2. DatabaseConstruction

Eachof thesentencesin thetrainingsetis run throughtherule
synthesizer. In additionto thegeneratedwaveform,featuresare
extractedfrom thesynthesizer's internalrepresentationof each
sentence.

Syllable features

Event features

Figure2: Context inclusivefeature vectors usedby theunit se-
lectionfor themiddlesyllable. Filled circlesrepresentsyllables
with events,blankonesrepresentsyllableswithoutevents.The
smallblankcirclesonthetopshowthecontext usedfor syllable
features,and the �lled circles in the bottomshowthe context
usedfor theeventfeatures.

Ourrulebasedprosodyusesatonesequenceprosodymodel
(relatedto ToBI [7]), consistingof accent,phrase,boundary,
andauxiliary tones. Eachof which canget varioussymbolic
andquantitative values(e.g. not just low, but alsohow low).
The tonesarecompoundedwith an overall declinationcoef�-
cient, which setsa (declining)envelopefor the pitch rangeas
theutteranceprogresses.Eachof thesetonesis associatedwith
onesyllable(a syllablecanhave morethanonetoneassociated
with it).

The basicunit handledby the systemis referredto asan
intonationevent. Eachintonationeventcorrespondsto onesyl-
lableassociatedwith tone(s).Weconstructadatabasebyadding
oneentry for eachof the intonationevents.Theentry for each
eventcontainsa context inclusive featurevector.

Therearetwo kindsof featuresin thiscontext inclusivefea-
ture vector: Eventfeatures - which describeevent properties,
andSyllablefeatures- which describethesyllables.By having
thesetwo kindsof featuresweareableto describeboththelocal
andthemoreglobalenvironmentaroundeachof theevents.

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

� Event features:the typeof tone(accent,phrase,bound-
ary, or a combinationin caseone syllable is assigned
morethanonetone),partof speech(of respectiveword),
theparametersof theevent(type,andtargetamplitude),
thedeclinationvalueat theevent,andthesentencetype.

� Syllabicinformation:syllablesegmentalstructure,sylla-
blestress,partof speech,duration- syntheticandnatural
(obtainedfrom thealignedrecordings- seebelow), aver-
ageF0 - syntheticandnatural,andF0slope.

The constructionof the featurevector for oneutteranceis
shown in �gure 2. Thefeaturevectorassociatedwith theevent
in themiddleholdsvaluesfrom bothsurroundingsyllablesand
events.

After thetrainingdatabaseis recorded,eachrecordedutter-
anceis timealignedto its syntheticversion(usingdynamictime
warping).Thetimealignmentallowsto automaticallyobtainan
approximatesegmentallabelingandsyllableboundariesfor the
recordedspeech.Thefact thatthespeaker is imitating thesyn-
thesizerhelpstheDTW alignerto produceaccurateresults.

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



thusautomaticallyproducinga labelingfor therecordedspeech
(avoiding the needfor manuallabeling). The projectedfea-
turevectorsserve asthesearchkeys for thedatabaseof natural
prosodyunits.

Notethatall of thedataprocessingis donecompletelyau-
tomatically, with manualsupervisiononly during recording.
Speci�cally, no prosodic labeling or segmental labeling are
done.

3. ProsodicUnit Selection
In this work, we pursuetheideaof selectingandconcatenating
naturalunits (not subjectto any modeling)from the recorded
database,preferablyusingsequencesof units which occurred
continuouslyin therecordedspeech.As in [2], thesystemex-
tractsthe prosodyfrom a prosody-onlydatabase.However, in
[2], the selectionis doneover whole clausesat a time, look-
ing for perfectmatches,and if noneare found, an alternative
(again,for thewholeclause)is selected,andvaluesareinterpo-
latedacrossunspeci�edphonemes.

In the methodpresentedhere,we usea richer description
for theevents,increasingthenumberof possiblevariationsover
awholeclause.With averylargedatabase,bothmethodswould
producesimilar results,but whenaperfectmatchfor aclauseis
notpresent,thismethodtriesto piecetogethermatchingnatural
piecesfrom different utterances,ratherthan usemodi�cation
andinterpolationof units.

3.1. SelectionAlgorithm

The selectionalgorithm is similar to that suggestedin [8] for
segmentalunit selectionusedfor waveformconcatenationsyn-
thesis.ThealgorithmusesaViterbi-likedynamicprogramming
methodto �nd aminimumcostpath.Thecostfunctionis asum
of distortioncosts(representingthematchbetweena candidate
unit anda target unit), andconcatenationcosts(the matchbe-
tweena candidateunit anda candidatefor a previousunit).

Before the selectionis performed,the rule basedsystem
processesthe text, decideswhereto placeevents,andcreates
featurevectorsfor theseevents(usingthe sameformat asthe
featurevectorsin the unit databasedescribedabove). The se-
lection thenruns,trying to �nd thebestmatchingsequenceof
unitsfrom thedatabase.

In the current implementation,the position of the events
�x estheway databaseunitswill beused- how many syllables
aroundtheactuallyselectedeventswill betakenandused(cur-
rently - a split down themiddle,ascanbeseenby thesyllable
groupingin �gure 3). In future,this split maybedonedynami-
cally.

3.2. SelectionFeatures

The basic featuresextractedfor eachof the sentencesin the
trainingdatabaseareusedfor calculatingtheselectionprocess's
distortionandconcatenationcosts.Notethatnotall featuresare
usedfor both costs. For example,the naturalspeechaverage
syllable F0 is usedfor the continuationcost (trying to obtain
continuousF0overconcatenationpoints),but it cannotbeused
for the targetcost(asthenaturalF0 is unde�nedfor the target
unit).

Duringtheselectionprocess,thecalculationof theconcate-
nationcostsneedsto take into accountthetwo differenttypesof
contexts (syllables/ events)presentin thefeaturevectors.Fig-
ure3 illustratesthehandlingof thedifferentcontext types:the
shift of index in featurevectorsbelongingto two consecutive

Previous vector

Current vector

Previous vector

Current vector
Syllable features

Event features

Figure3: Calculationof theconcatenationcostsin theselection
algorithmbetweentwo feature vectors (for the two circledsyl-
lableswith events)- thefeature context windowsare compared
with differentshift for thesyllableandeventfeatures,asshown
by the connectinglines. The lines above the syllablesin the
middleof the�gure showthegroupingof thesyllables- which
eventthesesyllableswill actuallybetakenfrom.

events,is 1 for event features,andfor thesyllablecontext it is
thedistance,in syllables,betweenthetwo events(for theexam-
ple shown in the �gure - 3). Thesettingof theweightsfor the
context window is differentfor bothcases,aswell.

Thefeaturesusedby theselectionare:
� Distortion-Syllable:syllablesyntheticduration,syllable

syntheticF0, syllablestructure,syllablestress,declina-
tion valueat syllable,syllableis silence.

� Distortion-Event: tone type, word POS, declination
value,targeteventamplitude,sentencetype.

� Concatenation-Syllable:syntheticand natural F0 and
duration,declinationvalueat syllable,syllablestructure
andstress,syllableis silence

� Concatenation-Event:eventtype,targeteventamplitude,
declinationvalue

3.3. FeatureWeights

As in [8] for waveformunits,oneof theproblemswith these-
lectionalgorithmis thesettingof therelativeweightsfor eachof
thefeatures- trying to determinetherelativeimportanceof each
feature[8][9]. Despitedifferencesresultingfrom thedifferent
application(ononehanda largersearchspace,andontheother
shortersequencesandsimplersimilarity measure),asimilarap-
proachshouldbe applicablefor determiningfeatureweights.
However, dueto thesmallsizeof thetrainingdatabase,theset-
ting of the weightswasmanuallydone,with no realeffort for
optimization.

s t r ay k
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Figure4: Piecewiselinear copyingof syllablepitch: sourceand
target syllablesare dividedto 3 parts,helpingto avoidrelative
shiftsin thelocationof pitch movements,in casesyllabicstruc-
ture differs. Theoriginal andcopiedpitch curvesare shown.



Figure5: SmoothingF0 acrossconcatenatedunits. Thepitch
contour is smoothedbetweenthe middle of one unit and the
middleof thenext, sothat the�nal contourconservesthepitch
in themiddleof theunits,andgoesthroughtheaverage F0 in
theconcatenationpoints.

3.4. Unit Concatenation

Thegenerationof the�nal prosodyis doneby transplantingthe
prosodyfrom therecordedspeechinto thetargetutterance.

Eachsyllable in the syntheticsentenceis associatedwith
anevent (asshown in �gure 3). Theprosodyfor thesequence
of syllablesassociatedwith a target event, is taken from the
sequenceof syllablesin thesamerelative positionto thecorre-
spondingselectedevent. The transplantationof theprosodyis
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 piecewise pitch copying helps
avoid shifts in therelative locationof pitch movements,which
might occur if the selectedand target syllableshave different
phoneticstructures.

In orderto avoid F0 discontinuitiesat concatenationpoints
betweentwo prosodicunits, an F0 smoothingis performedas
shown in �gure 5: the F0 at the concatenationpoint is set to
themiddlevalueof thediscontinuity, anda linearly increasing
offset is addedto the eachunit so that the unit's middle F0 is
notchanged,andtheedgeF0 is setto themiddlevalue.

An additionalsmoothingis appliedin thecasewherea the
pitchof aselectedsyllableis copiedinto asyllablewith amuch
shorterduration(again, the occurrenceof this is expectedto
decreaseas the training database's size increases).A simple
copy of the pitch might result in “wild” pitch movements.To
avoid this,thesystemautomatically�attens thepitchmovement
whenever the duration of a syllable is shortenedby a factor
greaterthana threshold(2.0).

3.5. Duration Assignment

Segmentalduration is modi�ed by valuestaken from the se-
lectedunits,but this is notasstraightforwardascopying pitch,
sincethedurationis moresensitive to differencesin phonemes
andsyllablestructures.

In thecurrentapplication,only a simplehandlingof dura-
tion is supported:

� If theselectedsyllableexactly matchesthe target sylla-
ble in its segmentalstructureandstressassignment,the
durationfor eachof the syllable's phonemesis directly
copiedfrom theselectedunit, with no durationnormal-
ization(this is acceptablesincetherecordedspeechimi-
tatesthesyntheticrhythmaswell aspitch).

� Otherwise,a simplelinearstretchingof thewholesylla-

Target sentence:

Source sentences:

The prince a-rrived with the pre-si-dent of the foun-da-tion.
31 2

1) She says the ma-yor in-tends to ...

2) ... -ring as ra-cia-lly mo-ti-va-ted ...

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

Figure6: Exampleof unit selection:top - target sentence, be-
low - the source sentencesfromwhich the selectedunderlined
partswere chosen.'-' markssyllableboundary, anddotsmark
syllablesassignedan intonationevent.

ble is done. The syllabledurationis determinedby an
interpolationbetweenthedurationsof thesyntheticand
theselected(natural)syllables.Theinterpolationweight
dependsonthesimilarity betweenthetargetandselected
(natural)syllables.

A bene�t of this durationcopying is that when trying to
synthesizeasentencewhichis includedin thetrainingdatabase,
its prosodywill be directly copiedfrom the original, which is
a useful featurefor a domainspeci�c synthesizer. This will
alsowork for a “prosodicallyequivalent” sentence(i.e. same
interpretationandsyllabicstructure).

3.6. Synthesisexample

Figures6 and 7 show an example run of the unit selection
prosodygeneration.

First, the rule basedsystemis run on the target sentence
shown at thetop of �gure 6. Thesystemanalyzesthetext, and
placesintonationeventson appropriatesyllables(markedwith
dots).Theselectionprocessthenselectsthebestmatchingunits
from the database.In this case,the selectionchosethreecon-
secutiveunit sequences(underlinedpartsof thetargetsentence),
takenfrom themarkedpartsin thethreesourcesentencesbelow.

The top part of �gure 7 shows the rule generatedprosody
for the target sentence.Below it, the concatenationof the se-
lectedunits canbe seen- the rule generatedunits, andbelow
that, the imitation units (note that in this part of the �gure no
time alignmentwas performedwithin eachconsecutive part).
Theconcatenationpointsbetweenconsecutivepartsaremarked
by thethick vertical lines.

At thebottomof the�gure is theresultof transplantingthe
prosodyfrom theselectednaturalunitsinto thetargetsentence.

4. Evaluation
A limited listeningexperimentwasheld, in which 7 listeners
listened(in randomorder)to 21 pairsof sentences,introduced
in randomorder. In eachpair, onewasproducedusingtherule
prosody, andtheotherusingthesuggestedmethod.Thelisten-
erscould listento eachpair asmany timesasthey wanted,and
werethenaskedto choosetheversionthey preferred.

Theresultsshowed that in 65%of thecases,listenerspre-
ferredtheselectionprosody. Lookingatthemajoritypreference
persentence,andexcludingsentenceswherelistenerswereal-
mostequallydivided (4 against3), selectionprosodywaspre-
ferredfor 12 sentences,while the original rule basedprosody
waspreferredonly for 2.



Figure7: Prosodygeneration: Fromtop to bottom: rule based
prosody, selectedunits(in their rule basedform),selectedunits
(imitation recording), resultof selectionprosodyafter concate-
nationandsmoothingof recordedimitation units.

5. Conclusion

Looking at prosodygenerationasmadeup of two tasks(inter-
pretationand realization),we have suggesteda prosodygen-
erationsystemwherea rule basedprosodymethodis usedto
producetheinterpretation,anda prosodicunit databaseis used
by a dynamicunit selectionmethodto producethe realization
of the�nal prosody.

In order to improve the descriptionof the units in the
database,a new methodof collectinga prosodicdatabasewas
introduced,wherethespeaker imitatessyntheticspeech.

A dynamicprogrammingmethodfor unit selectionusesthe
unit databaseto producea continuoussequenceof naturalinto-
nationunitscloseto thedesiredtargetprosody.

Thedatabaseusedfor this methodholdsonly prosodicin-
formation(no needfor the actualspeechwaveform),andthus
doesnot requirea largestoragespace.

A limited experimentshowedpromisingresults,encourag-
ing thecollectionof alarger, bettercontrolleddatabase,in order
to obtainthefull bene�t of theproposedmethod.
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