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Abstract

Oneof the mostseriouschallengedor speechsynthesids the
systematidreatmenbf eventsin languageandspeectthatare
known to have low frequenciesof occurrence.The problems
thatextremelyunbalancedrequeng distributionsposefor rule-
basedor data-drven modelsare often underestimatedr even
unrecognizedThis paperdiscussesheseproblemsin the con-
texts of morphology syllabification, segmental duration and
unit selectionandalsosuggestpossiblesolutions.The design
of databasefor restrictedapplicationdomains,wherethe dis-
tributions of linguistic and phoneticfactorsareknown, is also
critically reviewed.

1. Intr oduction

In this paperwe intendto point out two commonconceptsn
speectsynthesighatwe consideelicate jf notmisguidedand
wrong. Thefirst of theseconceptss the oftennonchalantreat-
mentof phenomendn languageandspeectthatareknown or
assumedo have low frequencie®f occurrence.

In the contet of text-to-speectsynthesigTTS), suchlow-
frequeng eventsplay animportantrole in linguistic text anal-
ysis, in the form of extremely uneven word frequeng distri-
butions,causedo alarge extent by productie word formation
processesgsection2.1), aswell asin the contet of syllabifica-
tion (section2.2). Heavily skewed frequeng distributionsare
alsoobseredin sggmentadurationmodeling,wherethemajor
ity of relevantfeaturevectorsis sparselyor notatall represented
in trainingdatabasegsection2.3). Thefourthareain TTS con-
versionthatis affectedby imbalancedrequeng distributions
is the designof acousticunit inventoriesfor data-drienspeech
synthesigsection2.4).

Thesecondtoncepthatwe considelquestionablés theno-
tion of a“restricted”applicationdomain(section3). We suggest
thatword or syllableconcatenatioschemesgreonly feasiblein
strictly closeddomainsj.e. thosedomainghathave afixedand
unchanging/ocalulary.

2. Rareevents

Several phenomenan languageand speechcan be character
izedasbelongingto the LNRE classof distributions. LNRE is
the acrorym for Large Numberof Rare Events LNRE classes
have the propertyof extremelyunesen frequeng distributions:
while somemembersf the classhave a high frequeng of oc-
currencej.e. they aretypeswith a large token count, the vast
majority of the classmemberds extremelyrare. In our work
on Germanand multilingual speechsynthesiq1, 2] we have
encountered NRE distributionsin threecontets: in linguistic

text analysis,in sggmentaldurationmodeling,andin acoustic
inventorydesign.

Many TTS systemgely on a full-form pronunciationdic-
tionaryin conjunctionwith genericpronunciatiorrules. Words
in theinputtext arelookedupin thepronunciatiordictionaryor,
if notlistedthere,transcribedoy rule. The main problemwith
this approachs the productivity of word formation processes,
both derivational and compositional,in particularin German
but moregenerallyin almostary naturallanguage.

The work of Harald Baayen([3] reveals that monomor
phemiccontentwords, viz. nouns,adjectves and verbs, are
outsidethe LNRE zone, but that word frequenciesof affixes,
for instancewhich arethe main meanf derivation, have pro-
totypical LNRE distributions. The LNRE zone,accordingto
Baayen,is the rangeof samplesizeswhereone keepsfinding
previously unseenwords, no matterhow large the samplesize
is. For word frequeng estimationsgevenlarge corpora(tensof
millions of words)are generallywithin the LNRE zone. This
meansthat in open-domainTTS, the probability of encoun-
tering previously unseerwordsin the input text is very high.
A TTS systemthereforeneedsto be capableof analyzingun-
known words(section2.1).

Syllable type frequeng distributions in languageswith
complec syllable structule, suchas English or German,also
display typical LNRE characteristics. A few hundredsylla-
ble typesaccountfor the majority of realizedsyllable tokens
in speechproduction, whereasthe vast majority of syllable
typesare very rarely used. Preferredapproacheso syllabifi-
cationarethereforethosethatcanassignprobabilitiesto under
representedr evenunseersyllabletypes(section2.2).

Similarly unpleasanfrequeng distributions are obsered
in sgmentalduration modeling(section2.3). The factorsand
featuresthat have an effect on the durationof speechsounds
jointly definealargefeaturespacefor EnglishandGermartens
of thousandf distinctfeaturevectorsexist [4, 5]. Durational
featurevectorsbelongto the LNRE classof distributions: the
majority of obsered featurevectorshasa very low frequeng
of occurrence.

LNRE distributions also poseproblemsfor the designof
acoustic unit inventoriesfor concatenatie speechsynthesis
(section2.4). This obsenration holds especiallyfor corpus-
basedsynthesissystemsthat perform an online unit selection
from alargeannotatedpeecldatabaseBut diphone-basesys-
temsusinga pre-definedunit setmaybe affectedaswell.

2.1. Mor phological productivity

Text input to a general-purpos@TS systemis likely to con-
tain wordsthat are not listed in the TTS lexicon. All natural
languagesave productie word formation processesandthe



communityof spealersof alanguagecreatesovel words(and
namesysneedarises.

It has beensuggestedhat productvity be distinguished
from creatvity [6]. Productvity is a notion basedon linguis-
tic rules. Wordsformedby meansof productive morphological
processeare usuallynot noticedby the listenerasnew words
and not formed by the spealer by ary conscious,intentional
effort. Creatvity, in contrast,is not restrictedto morphology
but rathera generalcognitive ability. Words formed by cre-
ative processearecarefullyandintentionallyproducedandof-
tenpercevedasnew words.

Productve word formation patternsareunlimited. In Ger
man and a numberof other languagesderivation and com-
pounding are the most important meansof productve word
formation,andthey cangeneratean unlimited numberof new
words. Theconstructiorof afinite, exhaustve lexiconthatcon-
tainsall thewordsin thelanguages thereforeimpossible.

In alanguagdike Germanwherederiving the pronuncia-
tion of aword from its spellingis difficult andwherepronuncia-
tion andsyllabicstresgulesrequireaccesso themorphological
structureof theword,a TTS systemneedsacomponenthatlin-
guisticallyanalyzesvordsthatareunknavn to thesystem.This
is wherethe distinction betweenproductvity andcreatvity is
relevant. Productve processearemorphosyntacticallygndse-
manticallyregular: thisis why new wordsformedby productve
processearenotconsciouslycoinedandnotrecognizedaisnen
words. It is thereforeusefulto know which word formationpat-
ternscanbe modeledby rulesandwhich oneshave to belisted,
andquantitatve studiescanprovide this knowvledge.

A simplestatisticalestimateof productvity hasbeensug-
gestedandapplied,by Baayen7]. Baayens approactexploits
the obserationthatthe proportionof hapaxiegomenan atext
databasés muchhigherfor intuitively productive affixesthan
for unproductie ones. Hapaxlegomenaare heredefinedrel-
ative to a text corpus. Given a particularmorphemeall word
typesin thecorpusthatareformedby this morphemearelisted
andtheir frequenciesare counted;a hapaxlegomenonis a—
morphologically complex—word type with a token count of
1. Undercertainsimplifying assumptionshe productvity in-
dex (P) of a morphemecan be expressedas the ratio of ha-
paxlegomengnl) to thetotalnumberof tokenscontainingthat
morphemen thedatabaséN): P = n1/N.

An analysiscomponentor morphologicallycomple un-
known words(andnames}hatincorporateBaayens approach
hasbeenintegratedinto the linguistic text analysisof the Bell
Labs GermanTTS system[1]. This componenis basedon a
modelof the morphologicalstructureof wordsandthe phono-
logical structureof syllables building on aquantitatve studyof
theproductvity of word formingaffixes[8]. Thus,theTTSsys-
temhasthe capabilityto morphologicallydecompos@nknavn
wordsandto provide for thesewordsanannotatiorwhosegran-
ularity approacheshatof the annotationof wordslistedin the
TTSlexicon.

The productvity index (P) correspondso the slopeof the
vocahulary growth curve pertainingto a given morphological
process.Thevocahlulary is definedasthe numberof types(or
lemmata}hatthe processangenerateA truly productve pat-
ternmaybecharacterizedy aninfinite vocalulary, whereasan
unproductie patternmaybeexpectedo have afinite, andoften
quite small, vocahlulary [9]. Basedon a given text corpus,we
obtainthevocalulary gronth curve of amorphologicalprocess
by plottingthenumberof distincttypesobseredasweincrease
thenumberof tokensformedby theprocesgFigurel). Thevo-
calulary grownth curve of an unproductie processwill flatten
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Figure 1: Typical shapesof vocalilary gronth cures
(V=types, N=tokens): the curve pertainingto an unproduc-
tive patternwill flattenout (left panel),whereaghevocahulary
of aproductve patternwill continueto grow indefinitely (right
panel).Adaptedfrom [9].

outandconvergeto aconstanvalueafterenoughdatahasbeen
sampled.The vocalulary of a productve patternwill continue
to grow indefinitely

More recently Baayenhas developedmuch more elabo-
ratestatisticalmethoddor estimatingword frequeng distribu-
tions and morphologicalproductvity [3] and, more generally
for coping with the extremely uneven LNRE distributions of
word frequencies Oneimportantconclusionfrom this work is
that the vocalulary growth curve, and thereforealso the pro-
ductiity index (P), is a function of the samplesize;in other
words, it is hard,if notimpossibleto comparethe product-
ity of two morphologicalprocessesvith substantiallydiffering
samplesizes. Anotherrelevantimplication is thatthe text cor
porausedn theearlierstudieq10, 8] weretoosmallfor reliable
estimates—tosmallby severalordersof magnitude Asit turns
out, evenlarge corpora(tensof millions of words)aregenerally
still within the LNRE zonejthatis, asthesamplesizeincreases,
onekeepsfinding previously unseernword types,andit is hard
to predictthefuture growth rate.

In a researchproject on derivational and compositional
morphologyof German(DeKo, [11]) a numberof problems
pertainingto the applicationof the productiity measuresvas
encounteredror instancejt wasdemonstratethatcorpusdata
have to bethoroughlypreprocesseteforethey canbe usedin
thestatisticaimodelsappliedto thequantitatve analysisof mor-
phologicalproductvity [12, 9]. It wasfurther shavn thatonly
manualclean-upandcorrectionwill yield reliableinput to the
models.Unfortunatelymanualpreprocessings notfeasiblefor
corporaof the requiredsize, and automaticprocedureswhile
yielding someimprovementover the uncorrectediata,are not
sufiiciently reliable[12, 9].

Figure 2 displaysraw and manually correctedvocatulary
growth curvesfor the Germanadjective-forming sufixes-bar
and-sam Only the correctedcurvesreflectthe expectedchar
acteristics=-bar is intuitively productve, whereassamis intu-
itively unproductie. Theraw curvessuggesthatthe two mor-
phologicalpatternshave very similar productvity rates.

To make mattersvorse automatigpreprocessing noteven
reliableasa basisfor further manualcorrectionbecausét has
beenshavn to producemisleadingresultsin mary cased9].
We concludethatsufficiently reliablecorrectionresultscanonly
be achiezed by a morphologysystemthat, besidesderivation
and compoundinganalysis(and generation)capabilities,also
computeghe hierarchicaktructureof complex words,building
on amodelof the orderin which word formationprocessesp-
erateon a simplex form.
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Figure2: Vocalulary gronth cunesof the Germaradjective-formingsufiixes-bar and-sam Theraw curves(continuoudines)suggest
thatthetwo morphologicapatterndhave very similar productvity rates.Only aftermanualkorrection(dottedlines)dothecurvesreflect
the expectedcharacteristics:bar is intuitively productie, whereassamis intuitively unproductre. Adaptedfrom [9].

2.2. Syllabification

Syllabificationis an importantcomponenif speechsynthesis
systems.In mary languageshe pronunciationof phonemess

afunctionof theirlocationin thesyllablerelative to the syllable
boundariesLocationin the syllablealsohasa strongeffect on

the durationof the phoneandon thetemporalalignmentof the

fundamentafrequeng contourwith the segmentalchain[13,

14], andisthereforeacrucialpieceof informationfor segmental
durationandintonationmodels.

The phonotacticsof English and Germanallow comple
consonantlustersin both the onsetandthe codaof syllables.
The maximumnumberof consonantsn the onsetis 3 in both
languagesln Germarcodasglustersof upto 5 consonantsan
be obsered, whereasEnglishallows up to 4 codaconsonants.
Thus,the maximumnumberof consecutie consonant&cross
syllableboundariess 9 in Germanand?7 in English.

The compleity of syllable onsetand codastructureposes
serious problems for a syllabification algorithm because—
despiterestrictionsasto which consonantsor classesf con-
sonantsmay occurin ary given position within the onsetor
codaof asyllable—ambiguouandmultiple alternatie syllable
boundarylocationsareusuallyobseredin polysyllabicwords,
notablyin compounds.

Syllable structurein Englishand Germandisplaystypical
LNRE characteristics. It has beenobsered that out of the
morethan12,000distinctsyllabletypesin eitherlanguageonly
about500typesaresystematicallyandregularly usedin speech
production. According to the conceptof a mental syllabary
[15, 16], thesehigh-frequeng syllablesare storedascomplete
gesturalprogramswhich are executedduring speechproduc-
tion, whereaghe vastmajority of low-frequeny andvery rare
syllablesis assemblednline by usingthe sgmentalandmetri-
calinformationprovidedby the phonologicakencoder

Typicalstate-of-the-arsyllabificationmethodsanbechar
acterizeckitherassupervisedearningof syllablestructurefrom
annotatedraining dataor asunsupervisedearningfrom unan-
notatedtraining data. For instance the finite-statesyllabifica-
tion methodusedin someversionsof theBell LabsTTS system
[1, 17] wasconstructeddy obtainingsyllablesaswell astheir
internal structuresand their frequenciesof occurrencerom a
lexical database Weightson the transitionsbetweenstatesof

thetransducewerederiveddirectly from thefrequencie®f on-
set,nucleusandcodatypesin the databaseTheweightsreflect
the plausibility of onsetnucleusandcodatypes.

This approaclrelies on the coverageof syllable typesby
the training data. A post-hochand-tuningprocedurehasbeen
provided to copewith syllabletypeswhosenumbersof obser
vationsareextremelylow or which do not occurin thetraining
dataatall.

An unsupervisedtraining method on unannotateddata
which inducesprobabilisticsyllableclassedy meansof multi-
variateclusteringhasalsorecentlybeenproposed18]. Thisap-
proachappliesmultidimensionaEM-basedclusteringto sylla-
ble structure modelingeitherthreedimensiongonset,nucleus,
coda)or five dimensiongstressandposition,additionally). The
adwantageof this probabilisticmethodis thattheinducedmod-
els assignprobabilitieseven to syllabletypesthat are not cov-
eredby thetrainingdatabasehusofferingareasonablsolution
to the LNRE problemin thedomainof syllabification.

2.3. Duration modeling

Thetaskof thedurationcomponenin aTTS systemisto predict
thetemporalstructureof syntheticspeectfrom symbolicinput.
Among the mostimportantfactorsin mary languagesrethe
positionof theword in thephraseor utterancetheaccentstatus
of the word, syllabic stressandthe sggmentalcontet. These
factorsandtheir valuesdefinea largefeaturespace.

The prevalent type of durationmodelis a sequentiakule
systemsuchasthe one proposedby Klatt [19]. Startingfrom
someintrinsic value, the durationof a sgmentis modified by
successiely appliedrules,whichareintendedo reflectcontex-
tual, positionaland prosodicfactorsthat have a lengtheningor
shorteningeffect.

Whenlarge speectdatabaseandthe computationameans
for analyzingthesecorporabecameavailable,new approaches
were proposedbasedon, for example, Classificationand Re-
gressionTrees(CART [20]) [21, 22] andneuralnetworks [23].
It hasbeenshavn, however, thatevenhugeamountsof training
datacannotexhaustvely cover all possiblefeaturevectors[24].

Manual databaseonstruction,on the other hand,is only
feasibleif the factorial spaceis not too large. Unfortunately
at least17,500distinct featurevectorshave beenobsered in



AmericanEnglish[25].

Themajority of obseredfeaturevectorshasaverylow fre-
queng of occurrenceDurationalfeaturevectorsthusbelongto
the LNRE classof distributions. It would be misguided how-
ever, to acceptpoor modelingof the rare vectorsor to ignore
themaltogether The reasonis that the cumulative frequeng
of rarevectorsall but guaranteethe occurrenceof atleastone
unseervectorin ary givensentenceln ananalysisfor English,
van Santer{4] computeda probability of morethan95%thata
randomlyselectedb0-phonemesentence&ontainsa vectorthat
occursatmostoncein amillion sggments.

Thereforethe durationmodelhasto be capableof predict-
ing, by someform of extrapolationfrom obsened featurevec-
tors, durationsfor vectorsthatareinsuficiently representeéh
thetraining material. CART-basedmethodsandothergeneral-
purposepredictionsystemsare known for coping poorly with
sparsetraining dataand, most seriously with missingfeature
vectortypesbecausehey lack this extrapolationcapability Ex-
trapolationis further complicatedby interactionsbetweenthe
factors.

Factorinteractionsalso prevent simple additive regression
models[26], which have good extrapolationproperties,from
being an efficient solution. This assertionholds even though
theinteractionsareoftenregularin the sensehatthe effectsof
onefactordo notreversethe effect of anotherfactor

The sums-of-productamethod proposedby van Santen
[27, 24] hasbeenshavn to be superiorto CART-basedap-
proachesfor several reasong?28]. First, it needsfar fewer
training datato reachasymptoticperformance. Second,this
asymptoticperformancas betterthanthatof CART. Third, the
differencein performancegrowvs with the discrepang between
training andtestdata. Fourth, addingmoretraining datadoes
notimprove the performancedf CART-basedapproaches.

Building a sums-of-productglurationmodelrequireslarge
annotatedspeechcorpora, sophisticatedstatisticaltools, and
the type of linguistic and phoneticknowledgethatis incorpo-
ratedin traditionalrule systems.The approachusesstatistical
technigqueghat cancopewith the problemof confoundingfac-
torsandfactorlevels and, mostimportantly with datasparsity
causeddy the LNRE frequeng distributionsof durationalfea-
turevectors.

Van Santers methodhasbeenappliedto a numberof lan-
guagesncludingAmericanEnglish[25, 24], MandarinChinese
[29], Japanesg80], andGerman5].

2.4. Concatenatie speechsynthesis

Evidently LNRE distributionsalsoplay a crucialrole in data-
driven concatenatie speechsynthesis.Beutnageland Conkie
[31] reportthatmorethan300diphonesut of a completesetof

approximately2,000diphoneswhich sene asthe coreacous-
tic unit inventoryin the demiphone-basedT&T TTS system,
occuronly oncein atwo-hourdatabaseecordedor unit selec-
tion.

Theserarediphoneswvereactuallyincludedin the database
only by way of embeddinghemin carefully constructedsen-
tencesthey werenotexpectedo occurnaturallyin therecorded
speechat all. The authorsobsere thatthe unit selectionalgo-
rithm preferstheserarediphonedor targetsentencesnsteadof
concatenatinghem from the smallerdemiphoneunits, which
meansthat they alsogeneratesuperiorsynthesisquality com-
paredto thedemiphonesolution.

Fortheconstructiorof thedatabaséor anew Japanessyn-
thesissystem[32] 50,000multi-form units were collectedthat

coverapproximately’5%of Japanestxt. Multi-form unitsare
designedo cover all Japanessyllablesandall possiblevowel
sequencesiealizedin a variety of prosodiccontets. In con-
junctionwith anothersetof 10,000diphoneunitsthis database
accountdor 6.3 hoursof speech.Given the relatively simple
syllablestructureof Japanesethe emphasishouldbe on only
75%coverage.

Increasingthe unit inventory to 80,000doesnot resultin
a significantly higher coverage,andthe grownth curve appears
to corverge to about80% [32, Fig. 2]. The authorsstatethat
for unrestrictedext the actually requirednumberof units ap-
proachesdnfinity, and that the majority of the units is rarely
used—acharacteristiof LNRE distributions. The questionof
how to getto near100%coverageremainsunansweredn fact
evenunasled.

3. Closeddomains

It hasoftenbeensuggestethatfor restricteddomainsaversion
of the unit selectionsynthesisstratgly might be feasiblethat
exploits units largerthandemiphonesphonespr diphones.In
the mostrecentversionof the synthesicomponendeveloped
in the Verbmobil project[33], a word concatenatiormpproach
hasbeenimplemented34].

The Verbmobil domain comprisesa fixed vocalulary of
about 10,000 words from the travel planningdomain. Each
word in the domains lexicon was recordedin a variety of
prosodicand positionalcontets. The only signal processing
stepappliedwasa simpleamplitudesmoothingon all adjacent
wordsthatdo not co-occurin the database.

Unfortunatelythe Verbmobildomainis notentirelyclosed.
Its lexiconhasaloopholethatallows propemamego sneakinto
thedomain.To synthesizéhesenamesandnovel wordsin gen-
eral,thesystenresortgo diphonesynthesisThisstratgy is not
altogethersatisactory becausehe quality differencebetween
phrasegeneratedy word concatenatiomndthe high-entroy
novel wordssynthesizedrom diphoness too striking. A fea-
sible alternatve might be to generatesyllablesfrom phoneme
realizationsandwordsfrom syllables[34].

A systembasednwordandsyllableconcatenatiohasalso
beenpresentedor the limited domainof weatherforecasting
[35]. Thesystemhasaninventoryof 2,000recordedmonosyl-
labic andpolysyllabicwords.

Thereare numerousproblemswith this approach.For in-
stancemonosyllablesare embeddedn a fixed-cont&t carrier
phraseduring recordings,making them almost automatically
inappropriatgor recombination Also, someof therecombina-
tion rulesappearto be of anad-hocnature,suchasto cutthree
periodsfrom the startor endof syllableswhoseonsetwor codas
are periodic. The authorsadmit that suchruleswill probably
have to bemodifiedfor othervoicesor recordingrates.

Theseproblemsnotwithstandingthe authorsare confident
that their synthesisstratgly can be extendedto much larger
databaseandto unrestrictedT TS scenariosin thelight of the
depressingesultsof van Santers [36] study on the coverage
index of training databasefor unit selectionsynthesiswe are
led to believe thattheir optimismis unwarranted.

4. Conclusion

TheLNRE characteristicef languagexandspeectareoftenun-
recognizedandthe pertinentproblemsunderestimated-or ex-
ample,it is acommonattitudeto acceptpoor modelingof less
frequentlyseenor unseercontets becauséthey arelessfre-



quently usedin synthesis”[37, page228]. The penersena-

tureof LNRE distributionsis thefollowing: the numberof rare

eventsis so large that the probability of encounteringat least

oneof theseeventsin a particularsample suchasin asentence
to besynthesizedapproachesertainty

In this papemwe have discussedahallengedy LNRE prop-
ertiesto four componentsf aTTS systemmorphologicahnal-
ysis, syllabification,segmentaldurationmodeling,andacoustic
inventory design. In the contet of lexical and morphological
analysiswe have arguedthata TTS systemshouldbe equipped
with a componentthat performsan adequateanalysisof un-
known words, yielding an annotationof the internal structure
of suchwordsthatis suficient to drive general-purposgro-
nunciationrules. The unknavn word analysiscomponenim-
plementedn the Bell Labs GermanTTS system[1] relieson
a grammarof the structureof morphologicallycomplex words
and incorporatesresultsfrom a study on the productvity of
word formation processes Furtherimprovementsmay be ex-
pectedfrom a morphologysystemthat, besidesderivation and
compoundinganalysis(andgenerationapabilities,alsocom-
putesthehierarchicabtructureof complex words,building ona
modelof the orderin which word formationprocessesperate
on a simplex form. Sucha systemwould apply sophisticated
statisticalmodelsthatarecapableof dealingwith LNRE prop-
erties to thequantitatve analysisof morphologicaproductvity
[12,9].

A probabilistic approachto syllabification has beendis-
cussedthat offers a reasonablesolution to the LNRE proper
ties of syllabletype frequeng distributions. The advantageof
this multidimensionalEM-basedclusteringmethodis that the
inducedmodelsassignprobabilitiesevento syllabletypesthat
arenot coveredby thetrainingdatabas§18].

In the context of modeling segmentaldurationswe con-
cludedthatrarefeaturevectorscannotbeignored,becausehe
cumulatve frequeng of rarevectorsall but guaranteeghe oc-
currenceof at leastone unseervectorin ary given sentence.
Thedurationmodelthereforehasto beableto predictdurations
for vectorsthat are insuficiently, or not at all, representedn
the training material. The suggestedolutionto this problem
was the applicationof a classof arithmeticmodelsknown as
sums-of-productsodels[27]. Thesemodelshave beenshavn
to copewith the problemof confoundingfactorsandwith data
sparsitycausedby the LNRE frequeng distributions of dura-
tional featurevectors.

No concretesolution has been offered for the coverage
problemsencounteredn the context of corpus-basedpeech
synthesis.The uneven performancehat characterizesinit se-
lection basedspeechsynthesissystemscan be partially at-
tributed to complity and combinatoricsof languageand
speechin general,andto LNRE propertiesin particular Yet,
we suggestthat the most promising avenueof researchis to
increasethe coverageof speechdatabasedy carefully defin-
ing the linguistic andphoneticcriteriathatthe databasshould
meet.

Thedesignof databasefor restrictedapplicationdomains,
wherethe distributions of linguistic and phoneticfactorsare
known, might be a feasiblestepin this direction. Two caveats
werediscussedn this context. First, we havetriedto pointout
the differencebetween,on the one hand,a strictly closeddo-
mainwith afixed vocalulary and,on the otherhand,a merely
restricteddomainwith loopholeghatmayrequireamix of syn-
thesisstratgies, possiblyresultingin very uneven speechout-
putquality.
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