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EXECUTIVE SUMMARY

Speechsynthesids the technologythat underliesthe ability of computergo talk. Talking machinesare

currentlybeingdeplgedin avariety of applicationgangingfrom messagingystemghatcanreadones e-

mail overthephoneto aidsfor thevisuallyimpaired who oftendependupontalking machinesastheironly

accesso theWorld Wide Webandthewealthof informationcontainedherein.And thereis every reasorto

believe thatthe useof speechsynthesidgechnologywill increasan thecomingyears,andexpandinto areas
suchaslanguagdnstruction,automatecannouncemergystemsandtelephoneaccesdo internetservices
andinformationfor the majority of peoplewithout online accessIn short,speectsynthesigechnologyis

having anincreasingmpacton how we work andlive in our high techsociety

But despitethe actualandfuture potentialof speechsynthesisusersarenot generallyhapyy with the
quality of currentsystems.The humanearis wonderfully sensitve to spolenimperfectionsanddeviations
from thenorm,andthusspeectsynthesizersmustmeethigh perceptuastandardshut donotyetdoso. There
are a variety of reasonsvhy currentsystemsare not up to par: both the analysisof the input text (most
applicationsof speechsynthesizerstartwith text asthe input) and the different mechanismsassociated
with generatinghe speechwaveform areimperfect,leadingto inappropriaterenditionsof a sentenceand
perceptuahrtifactsthat togethergive syntheticspeechan unnaturalquality. Solving theseproblemswill
involve fundamentakesearchn a variety of areas,including basicunderstandingf the productionand
perceptiomf humanspeechandlanguageandhow to constructcomputationamodelsof theseprocesses.
Thisreportoutlineswhattheseareasare,andwhatkind of researchs needed.

The reportalso outlinesa numberof sub-topicsthat the speechsynthesisresearchcommunity must
addressThemultilingual natureof theworld andof our own societydictatesthatwe solve theseproblems
notjustonce(for English),but mary times,for multiple languagesWe mustunderstanavhatdistinguishes
different speakingvoices, stylesand moodsandbe able to reproducethem. We mustbe ableto produce
syntheticspeechthatcanbe understoodn adwerseconditions;for example,in noisy ervironmentsor when
the listenerhas competingdemanddor their attention. We needto explore how to effectively combine
speechsynthesiswith other computerinterface modalities; for example, in dialog systemswith speech
recognition,andfacialanimationsynchronizedvith speech.

Unfortunatelyfor atleasttwentyyears— sincetheendof the MITalk researciprogramin synthesisat
MIT — essentiallyall of theresearchin speectsynthesisn the United Stateshasbeencarriedout at large
industriallabsor elseat small privately held companiesvhosesole businesss building andselling speech
synthesissystems.In particular therehasbeenlittle governmentfunding availablefor suchwork. Thisis
unlike the situationin automaticspeechrecognition which hasreceved substantiahmountsof government
funding andis now moving towardsmainstreanadoption. It is alsounlike the situationin Europewhere
governmenfundingof anumberof multi-yearprojectshastakenplace andwheresuchusefulachiezements
asthe opensourceFestivaltext-to-speectsystemfrom the Centrefor SpeechlechnologyResearclat the
University of Edinkurgh have beentheresult.

Thework in the United Statesattheindustrialsiteshasadwancedhe stateof theartin speectsynthesis,
but arguablynot at the rate at which it might have adwvancedif public funding hadbeenavailable. This is
for expectedreasonscompaniesghathave investedin speechsynthesigechnologydo sowith the desireto
getatechnological'edge” over their competitors While suchcompetitiondrivesinnovation, it doessoata



costof wide replicationof the sameor similar kinds of work at differentsites.And while someresultsfrom
industrial sitesare published theseresultsare often hardto replicatesincethey frequentlydependupon
databasethat are not public. We thereforebelieve that future improvementof the technologycrucially
dependsipontheinvolvementof governmentfundingagenciesvho areableto supportalarge-scalgublic-
domainresearcteffort.

Therecommendationef this reportareasfollows:

e Support annual workshopsfor reporting progress.

A regular procesdor bringing togetherspeechsynthesigesearcherwill facilitate sharingof ideas,
training of new researcherspeerreview of researchandthe opportunityto evaluateandreporton
adwancesin this field. Therefore this reportrecommendsupportfor workshopsevery year which
would be devotedin partto reportingresultson commonspeechsynthesigasks.

e Support a broad portfolio of reseach.

In the twenty yearssincethe researchby the MITalk group at MIT, governmentresearchunding
for speechsynthesisn the United Stateshasbeenextremelylimited. The resultis a nearabsence
of university researchin the area: only a handful of US academichave someinterestin the area
and perhapslessthan a half dozengraduatestudentsare focusingon speechsynthesisproblems.
Therefore,this reportrecommendsupportfor a broadrangeof independentesearchactuvities to
increasehelevel of long-termresearcton a hostof fundamentaspeechsciencassuesto encourage
explorationof adiversityof computationamodelsandto developagreatetbaseof expertisein speech
synthesidor ongoingacademi@ndcommerciakfforts.

e Build a speechsynthesisreseach infrastructur e.

Databasesf text, recordechumanspeechandotherdataarefundamentato speectscience.Shared
high quality analyse®f thesedatabaseplus standardoolsfor manipulatingthe dataarea key com-

ponentof the proposedesearchnfrastructure Affordabledatabasedecreaséhebarriersto entry of

new researchergto thefield, facilitatescientificcomparisorof researcthat differentsites,andallow

researchert focuson scientificissuegatherthanthe mechanicf datacollection. The collection,
labellinganddistribution of databaseis expensve andtime-consumingo anextentthatis prohibitive

for mostinstitutions— especiallyacademidnstitutions. Therefore this reportrecommendsupport
for producingresearchdatabase$or speechsynthesisfor developmentof commonresearcttools
thatsupportusageof the databases;ommonevaluationtools,andstandard$or exchangeof text and
speecltdatain commonformats.

e Support multi-disciplinary centersof excellence.

In mary fields, includingthe closelyrelatedfield of speectrecognition,the establishmentf oppor
tunities for researcherso collaboratefor extendedperiodsof time (weeks,monthsor longer) has
driven research.For speechsynthesisthe specialneedsfor suchcollaborationare for the training
of new researcheras academidnvolvementis reestablishedndfor facilitating multi-disciplinary
environmentsthat combinethe necessargfforts of researcherom computerscience gngineering,



linguistics, psychologyand other fields — researchersvho typically work in distinct institutions.
Thereforethis reportcontainsspecificrecommendationfor funding of centerof excellence.



1 INTRODUCTION:
THE NEED FOR IMPROVED SYNTHESIS

On August6-7,1998the Workshopfor DiscussingResearchPrioritiesandEvaluationStratgiesin Speech
Synthesisvasheld at the National Science~oundation Arlington VA. The participantslistedin Appendix
A, represented variety of backgroundsjncluding industry and university expertson speechsynthesis,
linguistics,speeclrecognition technologistwith aninterestin applyingspeechsynthesidechnologyand
governmentrepresentates. The statedgoalsof theworkshopwere:

e To assesthestate-of-the-arin speechsynthesigesearctandthedriving applicationneeds;

¢ To identify promisingtechniqueghat shouldbe researchedb significantlyadwancethe state-of-the-
art;and

¢ Toidentify evaluationparadigmsandinfrastructurehatcandrive theresearctagenda.

Thisreporthasevolved out of presentationanddiscussionsluringandsubsequenb thatworkshop.

After severaldecade®f researchnto text-to-speeci{TTS) corversion,mary highly intelligible speech
synthesizerareavailablefor a variety of languagesComparedo speecirecognitionsystemgwhich have
also startedto becomewidely available), TTS systemsare often computationallycheap,requiring com-
paratvely small amountsof memoryand computingpower. Fifteenyearsago, TTS systemswere com-
monly soldwith specialpurposehardware: the Digital EquipmentCorporation for example,solda special
DECTalk box thatpluggedinto ones computer Todaypracticallyall commerciallyavailable TTS systems
aresoftware-onlyandrun on standardPC’s.

Concomitantith the availability of higherquality TTS systemscoupledwith their decreasinglemand
onavailablecomputationatesourceshasbeenanincreasen applicationsnvolving synthesisThisincrease
hasbeenpartly dueto thefactthatspeechrecognitionhasbecomemorewidely available:if onehasasystem
that “understands’speechpneoftenwantsit to be ableto talk back. It is partly duealsoto the growth of
the messagingndustry: more and more customersare demandingcorvenient, ubiquitousaccesdo their
electronicmessagesand mary servicesof this kind — e.g.,e-mail readingover the phone— require TTS.
But theincreaseof applicationgnvolving synthesishasalsobeenduein partto the belief that synthesiss
“ready” for the market in a way thatit wasnot tenyearsago. Somecurrentand potentialapplicationsof
speecltsynthesisaredetailedin Section2. As we shallargue,the onething thatall of theseapplicationsof
speeclsynthesidave in commonis thatthey areclearlybeneficialto theuserswhowill interactwith them.
In mary casesthey provide the only meansby which someonecanget accesdo informationwhenthey
wantit.

Becauseof the greatpotentialof synthesisandthe factthatit is alreadybeingdeplo/ed in a number
of applicationsthereis atendenyg to think of speectsynthesisasa solved problem. However, the reality
is that usersare not hapgy with the quality of available synthesizersMany peoplefind themseles using
systemaot becausehey like them, but becausehey have no otherchoice. Thusvisually impairedusers
will oftenusespeectoutput(the only otherchoicebeingbraille displays)asanalternatve displaydevice to
helpthemnavigatearoundascreenput thisdoesnotmeanthatthey arehapgy with thequality. Forinstance,
mostblind seniorcitizensinstantlyrejectreadingmachinesecausef their perceptionof the voice astoo
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synthetic. In addition, mary commercialapplicationdevelopersintentionally constrainthe functionality
offered by a systemso asto avoid the useof TTS, sincethe unnaturalquality of the outputdetractsfrom
systemqguality asperceved by consumersClearly synthesiss nota solved problem.

What males synthesizersoundunnatural? The answeris not simple; it is dueto a comple set of
issuesncludingimperfectlinguistic analysisof theinput, lack of understandingf therelationshipbetween
linguistic structureandtheacousticcuesto thatstructurejnability to appropriatelynodulatethepitch of the
voice,andpoormodelsof the voiceitself. We will try to explicatethesemattersmorefully in the sections
thatfollow.

What limits the ability of the speechsynthesigesearclcommunityto betterattacktheseproblemsis
thelack of sufiicient resourcegor researclin synthesisit is this lack of resourceshatis the majortopic of
thisreport. Twentyyearsagoalandmarkprojectin text-to-speecttonversionwaswrappingup: the MITalk
system developedin the ResearchLaboratoryof Electronicsat MIT duringthe 19705 wasthe last major
speechsynthesiseffort (focusingon all aspectsf the problem)carriedout at a US academidnstitution.
Sincethen, nearly all researchin this areahasbeencarriedout at corporations. This is quite unlike the
situationin Europeandelsavhere,wherefundedacademiaesearchn synthesiss anactive enterpriseand
hasyielded suchimportantaccomplishmentasthe open-sourcéestval TTS system[Black etal., 1998,
discussediateron.

TheUS companiesnvolvedin TTSresearcthave beenquite varied,rangingfrom majortelecommuni-
cationsandcomputercompaniesvith largein-houseresearctabs,down to smallprivatelyheldcorporations
whosesolebusinessds the productionof synthesissystems.The major dravbackof this commercialbasis
is obvious: preciselybecausehe concernsnvolved arecommercial therehasbeenlittle interestin sharing
data,methodsor results.Papersareoften published but realisticallyit would be very difficult for othersto
replicatethe work sinceit is usuallydoneon proprietarydata. Thereis little doubtthatthis situationis in
theshort-terminterestof companiesvho have investedn synthesigesearchthey arenaturallydisinclined
to give away resultsthat they have paidfor. However, it is not in the longterminterestof advancingthe
stateof the art, sincesucha situationinevitably leadsto a statewherethe sameor equivalenttechniquesare
reinventedin parallel. Furthermorejt hasled to a situationwherevery few studentsaretrainedin synthe-
sistechnology soindustry hasdifficulty hiring knowledgeablestaf. Sinceso muchwork is commercial,
research-orientesiynthesitoolsarescarceconstrainingacademiavork in synthesidut alsoimpactingoth-
er aspectof speechresearchthatbuild on this technology suchasresearclon communicationslisorders.
Thereforethisreportrecommendsa programfor comprehensi funding of speectsynthesisasoutlinedin
the Executve Summaryanddetailedin Section5.

2 SOCIAL IMPACT OF SPEECHSYNTHESIS

Speectsynthesigechnologyis becomingincreasinglyimportantin our society Speeclsynthesisystems
arebeingdeplgedin awider andwider variety of applications Furthermorethereis a significantminority
— peoplewith variousphysicaldisabilities— for whom synthesidechnologyhasbeenimportantalreadyfor
mary years. However, synthesisalsohasa muchbroaderimpact,for universalaccesgo computersnore
generally aswell ason commercialgrowth andscientificadvancement.Theseissuesare exploredin the
sectiondo follow.



2.1 Currentand Future Applications

To putthemattersimply, speeclsynthesisllows accesso information,informationwhich, for variousrea-
sonsincludingphysicaldisability or lack of avisualdisplaydevice, onecannotaccesdy othermeansThis
pointis illustratedby the rangeof applicationgn which speechsynthesisystemsare currentlyemployed.
Amongtheseare:

e Messaging systems:Universal messagingsystemsprovide one point of accesso e-mail, paging,
fax, voice-mailandothermessagesver the phone. Speeclsynthesiss requiredfor e-mail, paging,
sometimegax andothernon-audiomessagéormats.

¢ ReversedirectorysystemsTheuserentersatelephonewumberandthesystenreadsghename(syand
address(e9)f the businessor individual with thatnumber Or perhapghe useris interestedn all the
drug storeswithin a certainzip codethat participatein a particulardrug plan: the userentersthe zip
codeusingthe telephonekeypad,andthe systemreadsthe namesandaddressesf the participating
businesses.

¢ Interactive voice responsesystems:For limited domains,suchas automatedcall routing systems,
goodquality synthesicanbe achiezed andthe resultingautomationcanhave a majorimpacton the
numberof callsthatcanbeserviced.

¢ Alternativeaccesgo information: For peoplewith certainphysicaldisabilities,speechsynthesisan
enableaccesdo web pagesnews reportsandotherelectronicallydisseminatedhformation. Indeed,
screenreadersand voice browsersfor the visually impaired constituteone of the bestestablished
applicationsof speectsynthesigechnology Thereis alsoa groving demandor toolsto aid people
with readingdisabilitiesmore generally suchasdyslexia. Otherdevices might include a handheld
scannerndtext-to-speectsystemhatwould be usedin storesby thevisuallyimpairedto readlabels
anddescriptve information.

e Dualpartyrelay: Thistelecommunicationserviceis offeredto peoplewhoarehearingmpaired.The
hearing-impairedisertypeswith a specialteletypemachine andthis typedmessagés automatically
corvertedto speecltfor the hearingparty atthe otherendof theline. Theresponsés transcribedy a
humanoperator(currentspeectrecognitiontechnologyis not suficient for this task)andsentbackto
the hearing-impairegbersons teletype. Although a humanoperatoris still neededn theloop, users
of suchsystemsreferhaving the operatodisteningto only half of the conversation.

¢ Augmentativeeommunication:Speectsynthesisactsasthe voice for peoplewho have lost or never
hadtheability to speak.Probablythe mostfamousndividual in this cateyory is the physicistStephen
Hawking.

Onecanaddto this list by consideringpotentialfuture applicationsapplicationswhich are not com-
mercially real at presentbut where speechsynthesissystemscan clearly be deplged. In eachof these
applicationdomains,the key factorthat continuesto inhibit deploymentis not the availability of speech
synthesissystemsnor generallytheir price. Instead,it is that the quality of the existing systemss not
acceptabléo the majority of potentialusers.



e Foreignlanguaye instructionandothertutoring systemsMuch languagenstructioninvolvesdrilling
on examples. Traditionally this hasbeenhandledby native speakrsrecordingmary hoursof drills
onto tape,to be replayedby the languagdearner If synthesizer®f sufficiently high quality were
available,this processouldbeautomatedat a substantiatavings. Furthermorethedoorwould then
be opento moreflexible language-instructio systemsvherenen materialscould be generatedand
“recorded”on the fly. For example,foreign languageinstructioncould vary the pitch (intonation)
to illustrateits effects on meaningof wordsand phrases.Languagenstructionis not the only ped-
agogicalcontet in which speechsynthesissystemscould be usedto advantage.Interactive literacy
programsfor both children and adults could benefitfrom high quality synthesisthat goesbeyond
existing pre-recordeghhrasesHandheldeducationatomputergamedor childrencouldincludespo-
ken explanationsof mathematicabr scientificconceptssincesynthesizegpeeclhtypically requires
far lessstoragethanrecordedspeech.Readingtutors could readaloud storiesgeneratedn the fly,
insertinginformationrelatedto eachpersons readinglevel andinterestsandincludingthe persons
name.

e Firstlanguage instructionfor the hearingimpaired. Aligning facialanimationto the syntheticspeech
providesan additionalvaluabledimensionin languageutoring. Childrenwith hearing-impairment,
for example, requireguidedinstructionin speechperceptionand production. Although thereis a
long history of usingvisible cuesin speechrainingfor individualswith hearingloss,thesecueshave
usuallybeenabstractor symbolicratherthandirect representationsf the vocal tract. Someof the
distinctionsin spolenlanguagecannotbe heardwith degradedhearing— evenwhenthe hearingloss
hasbeencompensatedhy hearingaids or cochlearimplants. To overcomethis limitation, visible
speechcanprovide speechtargetsfor the child with hearingloss. Furthermoremary of the subtle
distinctionsamongspeectsggmentsarenotvisible ontheoutsideof theface.In additionto providing
information aboutthe outsideof the face,the skin of a wireframemodelcanbe madetransparent
in orderto shawv the articulatorsthat are normally hidden. One motivation for developing a hard
palate teethandtongue[Cohenetal., 1998 wasto instructchildrenwith hearinglossby revealing
theappropriatarticulationvia the hardpalate teethandtongue.

¢ Jobtraining simulations:Simulationsusingsynthesizedoice canbe usedfor training pilots asthey
talk with air traffic controllers,andto provide voice reportsof the resultsof taking certainactions
(e.g.,movementof a control suriacethat could not be seenby a maintenancg@ersonon an aircraft).
Thesesimulationsmayin time extendto two-way corversationsasin salesskills practice.

e Technical supportfor comple tasks: For example,techniciangepairingcomplec equipmentoften
have their handsand eyes occupied,andwould benefitfrom having their instructionsreadto them.
For large piecesof equipment(for instance,a comple telephoneswitch) the repair manualmay
comprisethousandsf pagesandit is anexpensve andtime-consumingpropositionto pre-recordll
of this. A speechsynthesiglevice deplg/edin a portableor wearablecomputer or oneaccessety
telephonaewould be ableto readrelevant pagesof the manualto the technicianworking in the field.
This architecturecanbe appliedto arangeof applicationgn which the useris hands-bsy, eyes-lusy
or both, andwhere corventional display-basedomputeroutputis impractical. Examplesinclude:



describingstepsandlocationsfor shuttingdown or repairinga vesselin a chemicalplant; driving to

a specifiedocationwith voice promptsfrom a global positioningsystem(GPS);providing guidance
while the userperformssoftware functions(voice prompts);andsettingup an electroniccircuit and

takingmeasuremenis alearninglahb.

AutomatedannouncemergystemsAt airports,train stationsandotherpublic places public address
systemsareusedto announcemportantinformation. Many of theseannouncementarehighly styl-
ized(“Passengersn UA flight 342to Clevelandshouldnow proceedlirectlyto gateB43"), andmuch
of this could be handledby speectsynthesissystems.Note alsothat suchannouncementare often
madein morethanonelanguageandthe personreadingthe announcemens frequentlynot very
competentn language®therthantheirown. In suchcasesynthesizertave thepotentialto bemore
effective thantheir humancounterparts.

Information and serviceaccess: Automatedannouncemergystemsare a sub-clasof the rangeof
informationandserviceprovision systemsA largenumberof interactve voiceresponsasystemsiow
deplored on the telephonenetwork could be mademoreflexible andpowerful if responsesould be
dynamicallygeneratedvith speechsynthesis:for example,systemghatusetouchtoneinputto get
accesdo movie timetables restaurantocations,or productcatalogs. Similarly, mary of the self-
serviceapplicationsprovided on internetweb sitescould be enhancedvith speechsynthesisaspart
of amultimodalinterfaceto simplify the computetinteraction.

Human-centexd computersystems:Interfacesthat allow spolen languagecommunicationpoth as
inputandoutput,will enableabroadersegmentof societyto accessomputersandwill make human-
computeiinteractionmoreefficientfor thosewho arealreadycomputetliterate. Visualspeectsynthe-
sisfor multimodalinteractionwill addto theappeabf suchinterfacesfor mary people.Suchsystems
requireresearcton speeclrecognitionandlanguageunderstandindgor successfuspeechnput, but

progressn this areahasbeenrapidandis ongoing.

Speeb-to-speels translationsystemsSpeechranslationsystemsarevery appealingor peopletrav-
elingto countrieswheretheirlanguages notwidely spolen,or evenfor telephone-basedansactions.
Prototypesystemsalreadyexist, but areonly successfulvhenoperatingn very constrainedlomains.
Again, the succes®f this applicationalsodependon adwancesn speechrecognitionandlanguage
translation.

A speechsynthesigesearctprogrammusthave asoneof its underlyingobjectvesthe aim of making

practicalmost,if notall, of the applicationtypesdescribedabove. Thefactorthatmostoftendistinguishes
betweenwhat is a potentialapplicationand what is nov a deplg/ed and widely usedapplicationis the
willingnessof usersto acceptthe currentquality level of speechsynthesizers.Wherethe useof speech
synthesidgs an absoluterequiremento supportan application,whereusershave no alternatve meansof
receving computeroutputbut throughspeechsynthesispr wherea specificnicheexists, speechsynthesis
is now used. But evenwith theseconstraintsijt is often reportedthat useracceptancean be problematic
andthatobtainingandretainingcustomerss difficult.
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Theseealandpotentialapplicationsll seneto underscoréhebasicpointthatwe madeatthebeginning
of this section: speechsynthesistechnologyis becomingincreasinglyimportantin all sggmentsof our
societyandhastremendougpotentialto improve access$o electronianformationandservices.Theshrinking
of computingdevicesandincreasinguseof remotecomputercommunicatiorwill make speechinterfaces
anecessity Furthermorejncreasinglyglobal marketswill demandmultilingual capabilities. The US must
increasdts supportof speechtechnologyresearchn generalbut particularlyin synthesisto maintainits
leadershipositionin informationtechnology

2.2 SpeechSynthesisasan Assistive Technology

Marny of the currentapplicationsof speechsynthesidisted at the startof the previous sectionare aimed
at improving communicationfor peoplewith disabilities. It is true that a small fraction of peoplewith
disabilitiesdependhearily on speechsynthesisechnologyalready andwill continueto do so no matter
how otherdevelopmentdn speectsynthesidare. However, far morewould make useof speechsynthesis
if the quality were better Accessto the written word is limited for a significantportion of our society
Disability or physicallimitations are a significantsegmentof this. Peoplewith vision impairmentsand
learningdisabilitiesoften cannotaccesgrinted material,or aremuchlessproductve in reading. A large
proportionof seniorcitizenshave mild to severevisual impairments. Peoplewith physicaldisabilitiesor
motorimpairmentsnaynotbeableto handlewritten materialto readit. A significantportionof our society
is alsolimited by theinability to speakor to speakclearly Many deafpeoplearenotableto speak.Thelack
of signlanguagenterpreteramakesthis limitation have greatsignificance.Peoplewith motor disabilities,
or peoplewho have haddiseases®r injuriesthataffect their speechabilities, may alsonot be ableto speak
atall or speakclearly

Unfortunatelythe lack of naturalsoundingspeechsynthesiscreatesbarriers: the majority of people
with disabilitiesandthe peoplethey interactwith arenot satisfiedwith the quality of currentsystemswhich
provide degradeccommunicatiorandaccess$o informationrelative to naturalspeecttommunicationThese
barriersare worth remaving. Speechsynthesigechnologydirectly impactsthe 20-40 million Americans
with disabilities,but alsoindirectly theirfriends,familiesandco-workers. Furthermoreassistre technology
is oftena steppingstonefor productsthateventuallyfind broaderconsumeapplicationsasrapidly groving
computempower drivesdown productcosts.

2.3 SpeechSynthesisand Universal Access

As a society informationaccesss critical for education,employmentand an informedcitizenry An in-
creasingnumberof legislative efforts are attemptingto requirethis accessaspartof civil rights, telecom-
municationsandgovernmenfprocuremenactiities. The Americanswith DisabilitiesAct andthe Telecom-
municationsAct of 1996 both have provisionsthat provide for improved accesgo informationfor people
with disabilities. The new federalSection508legislationhasextensve provisionsplacingtheburdenonthe
federalgovernmento make informationaccessibléo all citizenson anequalbasis,with a high standardf
effort to malke this possible.

Speechsynthesiscanandshouldplay a partin improving universalaccesdo information. Universal
accesaimsto provide all peoplewith affordable,effective andtimely accesgo the widestpossiblerange

11



of informationand services.Note that universalaccesss not just anissueof physicaldisabilities;it also

meansmakingthe information available on the internetandthe power of computersavailableto citizens
who arenot computerexperts.Our societyis headingn adirectionof information“haves” and“have nots”,

wherethosewho arenotableto acces®r usecomputers- still the majority of the population-will become
disenfranchisedThe developmentof spolen languagecomputerinterfaces which includevoice outputas

well asinput, canhelpfight this trendbecausex muchlarger percentag®f the populationhasaccesso a

telephone.

A final dimensionof accesghat needsto be considereds whereinformation canbe accessed With
audiointerfaceson small devices(telephonesmobile phonespersonadigital assistantand,in the future,
microvaves)speechsynthesisill enableinformationaccessvithoutthe traditionaldesktopdisplay-based
computerinterface. Thusspeechsynthesiasthe potentialto enableaccesgo informationby morepeople
andin morelocations.

In the context of this discussionit is of particularnote that thereis a nev multi-year researchifocus
on UniversalAccessunderthe auspicef the Human-Computetnteractionand Knowledgeand Cogni-
tive Systemswithin the Informationandintelligent SystemsDivision of the National ScienceFoundation.
Speeclsynthesiss a key componentechnologyof UniversalAccess.andaresearcliocuson speechsyn-
thesisundertheauspice®f oneor moreNSF programswvould thereforebetimely.

2.4 SpeechSynthesisand the Scientific Infrastructur e

Becausepeectsynthesigesearchioucheson somary disciplines,it alsohasthe potentialfor broadimpact
on scientificadvancemenin several fields. Linguistsand speechscientistshave frequentlyusedspeech
synthesisystemsasaresearchiool in experimentsaimedat developinga betterunderstandingf thespeech
communicatiorprocess.Improved synthesisystemswill improve the experimentalparadigmandmalke it
possibleto pursuedeeperquestionsAs arguedin [Cole, 1995,

Putting effort into synthesiswill pay off in termsof betterquality synthesisaswell asbetter
understandingf spolenlanguagewhichwill in turnleadto improved modelsfor recognition
andunderstanding.

In additionto automaticspeechrecognitionand understandingimproved modelsof speechcanimpact
low bit rate coding [Flanagaretal., 1980 SchroeteandSondhi,1994, aswell as medicalapplications.
An accuratemodel for humanarticulation could potentially be usedto estimatethe shapeof the vocal

tractusingonly the acousticsignal— a challengeknown asthe speechinverseproblem(see,for example,
[SchroeteandSondhi,1994). A non-irvasive, analyticaltechniquesuchasthiswould contritutetheability

to investigatevariouscommunicationslisorders Givenabetterunderstandingf vocaltractphysiology the

effect of certainsugical procedure®n the vocal cordsor vocaltract could be studiedprior to performing
the procedure.This would benefitboth patientsandsuigeonsalike. Finally, animproved understandingf

articulationandtheability to synthesizespeectrom anarticulatorydescriptiorhave applicationdor speech
theray andlanguagenstruction,asdescribedn the previous sectionon applications.
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3 BACKGROUND ON THE TECHNOLOGY

This sectionreviews, in sometechnicaldetail, the history of speeclsynthesigesearchthe currentstatusof
thetechnologyandassessmemhethodologiesthe commercialsystemaow available,andareasof active
research.(As a referenceor the non-specialista glossaryof technicaltermsis includedin AppendixB.)
In reviewing all the areasof speechsynthesighe reportidentifiesareasin which increasedesearchwill
drive improvementsn overall quality, which areelaboratednin Section4. In Section5, we make specific
recommendationsn aresearclprogramin theseareas.

3.1 A Brief History of SpeechSynthesisReseach

In orderto understandhe currentstateof the art aswell asthe future of speechsynthesigechnology it
is necessaryo have a generalsenseof the history of the field. To this end, we presentin this sectiona
brief overview of work on speectsynthesisandtext analysidor text-to-speectsynthesisCompletereviews
arefound elsavherein publishedmaterials,from which muchof the currentmaterialis dravn, including
[Klatt, 1987, Allen, 1992 Olive, 1997.

3.1.1 The Synthesisof SpeechSounds

Thehistory of speectsynthesicanbetracedto the late 18th centuryandthefirst attemptsoy Kratzenstein
andvon Kempelerto build mechanicatlevicesto mimic thesoundgroducedy thehumanvocalapparatus.
Thesedevicesconsistedf bellows (functioningas*“lungs”), anda reed(“vocal chords”),which excited a
resonancehamber(“vocal tract”). Onecould generatelifferentspeech-lik soundsby manuallyaltering
theshapeof theresonancehamberjust asthetongue lips andjaw areusedin humanspeechproductionto
changehe shapeof thevocaltract.

While Kratzensteirandvon Kempelers devicesdemonstrated practicalunderstandingf someof the
basicaspect®f speectproduction,t wasnt until the mid 19thcentury with studiesby von Helmholtzand
othersthatthe acoustidbasisof speechproductionbeganto beunderstoodA critical resultof thesestudies
wastherealizationthatdifferentspeechsoundsouldbeproducedy carefulcontrolof therelative loudness
of differentregionsof the spectrum Sincesoundscouldbe producecklectricallyaswell asmechanicallyit
followedthatonecouldsynthesizespeectby electricalratherthanmechanicameans.

The synthesisof speechby electronicmeansbeganin the 19205 with work of J. Q. Stevart on the
productionof staticvowel sounds.Thefirst electronicsystemwhich allowed oneto synthesizentelligible
sentencewvasthe Voder developedby HomerDudley at Bell Labs. It consistedf two independensound
(or “excitation”) generatorspnefor periodicsoundgvocal chordsduring voicedsoundsyandthe otherfor
noise(turbulencecausedy constrictionsn thevocaltract). A manuallyoperatedilter mimickedtheeffects
of thevocaltract,andanadditionalcontrolwasavailableto controlpitch. Demonstratedtthe 1939World’'s
Fair, the Voderclearly shaved the potentialof the electronicproductionof speech.It wasalsonotablein
thatits fundamentatlesignwasbasedon a separatiorof the source (periodicor noisy excitation) from the
filter (the vocaltract),andthusanticipatedhelater source-filtermodelof speeclproduction.

While this earlywork on speectsynthesislearlydemonstratedn understandingf speectproduction,
speeclsciencavashandicappethy thelack of ameandor visuallyrepresentingpeechn awaythatclearly
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shavedthedifferencedetweerdifferentclasse®f soundsThesoundspectograph, developedatBell Labs
by Potterandothersin thelate 19405, wasthefirst device to accomplistihis. Thebookdescribinghiswork,
entitled\Visible Speeh [Potteretal., 1947, Potteretal. cataloged large numberof soundcombinationsn
English(andselectedtherlanguages)ijlustratingfor thefirst time preciselyhow soundsaredistinguished
from oneanothelby differencesn enepy atdifferentfrequenciesSoundspectrogram@houghproducedy
digital ratherthananalogmeanshrestill afundamentatool of speectscientistdoday Sincespectrographic
representationsf speechallowedresearcher® discover robustacousticcorrelateof differentmovements
of the vocal apparatusjt becamepossibleto conceve of automaticallygeneratingspeechby rule. The
soundspectrogranwasalsoimportantfor the developmentof the source-filter modelof speectproduction,
mentionedabore, and developedmost notably by GunnarFant at KTH in Stockholm. Simply put, the
source-filtertheorystateghat speecttanbe modeledasoneor moreperiodicor noisesourcegthe glottis
or in thecaseof fricatives,a constriction) which arethenfilteredby anacoustidube,namelythevocaltract
(sometimegoupledwith the nasaltract) from the point of the sourceonwardsto the lips. Much modern
work onspeecltsynthesiglependdo a greateror lesserextentuponthis model.

Anticipatingsomavhatthediscussionn alatersectionmodermapproachew synthesicanbeclassified
alongtwo partly-independendimensions.Thefirst dimensionrelatesto the degreeto which the approach
hascontrollableparameters— is parametric The approachmay be highly parametric,with mary inde-
pendentlycontrollableparametersthis is the typical situationwith articulatoryor formant-basedystems
discussedelown. Or the approachmay have few or no variableparametersthis is the casein someof the
waveform-base@pproachet concatenatie synthesighatwe shalldiscusdateron. Thesecondlimension
relatesto how the parameterarederived: the parametersnay be derived by rule — rule-basedsystems—
or may betrainedfrom speectcorpora;the mostcommoninstanceof thelatter are concatenatie systems,
wherethe derved parametersake theform of storedandprocessedegmentsof realspeech.

Thetwo approacheto highly parametricsynthesisarearticulatory andformant-base@pproachesAr-
ticulatory synthesisattemptsto producespeechby first understandindgiow the vocal apparatushanges
shapeduringspeectproductionthenunderstandingheacoustigoroblemof how thosemovementdranslate
into sounds Formantsynthesisloesaway with thefirst stepandattemptsnsteado derie rulesthatdirectly
control the acousticsgiven the string of soundsto be synthesized For concatenativesystemswherethe
parameterarein theform of storedsggmentsof speechpneof themainchoicegaswe shallseelateron)is
thesizeof theunitsthatareusedin theinventory:in mostcaseshe minimal unit thatis practicalto useis a
transitionbetweertwo soundstermeda diphone andthisis theunit thatwasusedin thefirst concatenatie
systems.

Articulatory, formant,andconcatenatie approacheto synthesidave hadaroughlyequallylong histo-
ry. The earliestarticulatorysynthesizeranclude[NakataandMitsuoka,1965 Henlke, 1967, Coker, 1968.
and the earliestformant synthesizemwas [Kelly andGerstman1961. Finally, the conceptof diphones
was discussedn [Petersoretal., 1954, with the first working diphone-basedynthesizebeing that of
[Dixon andMaxey, 1969.
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3.1.2 TextAnalysisand Prosody

In the previous sectionwe sketchedthe history of attemptdo produceatrtificial speectgiventhatoneknows
thesoundghatonewantsto synthesizeaswe have seentheinvestigationof this problemdateshackabout
two hundredyears.But synthesizingspeectis only half of the problemof text-to-speels synthesisa text-
to-speectsynthesizemustnot only be ableto synthesizespeechfrom a setof soundsput it mustalsobe
ableto figure out an appropriatesequencef sounds— aswell asotherpropertiessuchasthe appropriate
pitch contourto use— giventext. Work on text analysisand prosodicmodelingin synthesishasa much
shorterhistory

Oneof thefirst systemdor full text-to-speectcornversionfor any language— and certainly the best
knowvn — wasthe MITalk AmericanEnglishsystem,developedat the MIT Research.ab for Electronics
duringthe 19705 [Allen etal.,1987. MITalk wascapablenot only of pronouncingmost)ordinarywords
correctly but it alsodealtsensiblywith punctuationnumbersabbreiationsandso forth. Theseproblems
werehandledwith a combinationof rulesanddictionaries:productve modelsof word formationbasedon
morphemicanalysisvereincludedsothatmary wordsthatwerenotexplicitly listedin thedictionarycould
be handled. Part-of-speeclanalysisand a phrase-leel parserprovided input for the prosodicrules. (The
actualsynthesizei MITalk wasaformantsynthesizera closekin of the well-known Klatt synthesizeras
well asthecommerciaDECTalk system.)TheMITalk projectwasimportantnotonly for beingapioneering
full text-to-speectsystemput alsofor thefactthatthetext analysiscomponentsf thesystemwereinformed
by linguistics— in particularthe geneative linguisticsthathad beenunderdevelopmentfor morethana
decadeat MIT. This helpedsetthe tonefor muchsubsequenivork in synthesiswhich hasgenerallybeen
well informedaboutlinguistic matters.

The late 19805 sav a blossomingof full text-to-speechsystemsfor numeroudanguagesaswell as
muchfurtherwork on technigquedor text analysis. Approacheghat are broadly speakingbasedon hand-
constructeduleshave remainedoopular in particularfor thedevelopmenf so-calledetter-to-soundules,
which corvert from letter stringsinto appropriatesound(moretechnicallyphonemgsequencesHowever,
therehasbeenanincreasednterestin alternatve approachesncludingvariouspartially-supervied or fully
self-oganizing statisticalmodels. Two exampleswill sufice. First, several groupshave investigatedhe
useof neuralnetsin learningletterto-soundcorrespondenceagivenatraining corpusof spelledwordsand
their pronunciationsSecondyariouscorpus-base@pproacheso disambiguatiorhave beenappliedto the
problemof deciding,for example,whetherthe string 1/20 shouldbe readasonetwentieth or Januarythe
twentieth Suchapproachestartwith a corpusof examplestaggedwith the correctchoice,andlearnwhich
kindsof elementsn the contet (e.g.,grammaticapropertiesof wordsin theimmediatecontext, or nearby
words)arethemostreliableindicatorsof eachsense.

Of course,it is not enoughjust to predictwhat phonemego producefrom a text: one mustalsode-
terminehow to “chunk” sentenceito phraseschoosewhich wordsto emphasizecomputedurationsof
the phonemesndthe appropriateenegy andintonationcontoursassociatedvith the utterance.Thesedif-
ferentelementof speecharecollectively referredto asprosody Aspectsof prosodyin speechproduction
have beeninvestigatedn variousphoneticandlinguistic traditionsfor centuries put their investigationin
the context of speechsynthesids, of course muchmorerecent. For example,accordingto [Klatt, 1987,
the first implementedalgorithmfor determininga pitch contourwasdoneby IgnatiusMattingly in 1966,
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andwasincorporatednto the Holmesrule-basedsynthesizer Intonationpatternswere constructedising
threebasicintonationaltunes(“falling”, “rising”, and“fall-rise”) which werealignedwith thefinal promi-
nentsyllablesin clauses. A much later, but quite influential model was the “tone and target” model of
[Pierrehumbert198(, wherepitch contoursverederivedfrom combinationof abstractigh andlow tonal
tamgets. This theoreticaimodelformedthe basisfor the implementednodelthatwasuntil recentlyusedin
the Bell LabsAmericanEnglishTTS system.Nowadaysthereare mary differentimplementednodelsof
intonationincludinga variety of statisticallytrainedmodels.

Onefinal point relatesto multilinguality: notonly aretheremoreandmorefull text-to-speectsystems
available, but increasingnumbersof them have beenappliedto more than one language. Of these,at
leastsomesystemsare startingto emepe that are truly multilingual in the following restrictedsense:a
multilingual text-to-speele systenmis onethathasbeenappliedto morethanonelanguageandat the same
time, for eachcomponentf the system,usesthe sametools and algorithmsfor eachlanguage. Thusa
systemthat producesspeechfor Englishand French,but which hastwo completelydistinct text-analysis
modulesfor the two languagesis not multilingual in this sense.Modernmultilingual systemsncludethe
Festval system ETI-Eloquencel|nfovox, andtheBell LabsTTS system.

3.2 Current TechnologyReview: What We Can Do Now?

In this sectionwe describein somedetailthetechnicalchallengesnvolvedin synthesizingspeectanddis-
cusspastandcurrentapproacheto meetingthesechallengesin additionto enumeratinghechallengeshe
pointis madethatsolvingthe speectsynthesigproblemrequiresa multidisciplinarystratey thatintegrates
both theoreticaland appliedknonvledgefrom the fields of linguistics,computerscience signalprocessing
and more. Following this sections coverageof the researchareas,Section4 recommends programof
researchactiities in areasthat will drive improvementsin the quality of speechsynthesis.Finally, Sec-
tion 5 providesthe detailedrecommendationsef the reportfor a coordinatedesearchprogramto address
thecomple, multidisciplinarychallengesiescribechere.

Speeclsynthesiss a problemthatis typically broken up into two main sub-problemsasdescribedn
Section3.1. Thefirst phaseof speechsynthesigs the analysisor generatiorof input text andits corver-
sioninto a representatiofrom which synthesiscanthentake place. Minimally sucha representatiomvill
includeinformationon the actualphonemeso be uttered which wordsto accenf(i.e.,emphasize)andhowv
to sensiblychunkup sentencemto “information units” (technicallytermedprosodicphrase$. Determining
the appropriategphonemesequencend prosodicstructure(accentsand phraseshpre coupled,but they are
oftentreatedasseparatg@roblemshencethe separatiorin thediscussiorto follow. Inevitably eventhe best
algorithmsfor text analysisandprosodicmodelingwill fail to producethe desiredresultin someinstances.
In suchcasesandto facilitate communicatiorwith a languagegeneratiormodule,somestandardize@x-
ternalmarkuplanguagds neededo annotatehetext in appropriatevays,sowe alsoinclude herea short
sectionon markup schemes. The secondphaseof speechgenerationinvolves synthesizinga waveform
giventhe symbolicrepresentatiomf the utterance.This stagecanbe divided into problemsof predicting
the continuous-glued acousticparameterassociateavith the prosodicand segmentalcontet definedby
the symbolstreamandusingsignal processingechniquego combinethe differentelementgo obtainthe
final waveform. Again, the prosodyandsegmentalcomponentsvill be separatedh the discussionthough
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they areclearly related. Finally, sincemulti-modalcommunicatioris oneimportantapplicationof speech
synthesiswe alsoincludea sectionon synthesiof visualcomponent®f speeclHi.e., “talking heads”).

3.2.1 TextAnalysisand Generation

Text Analysis. As we notedabove, thefirst phaseof text-to-speecttornversionis theanalysisof theinput

text, andits cornversioninto a representatiofrom which synthesiscanthentake place. At the very least,

oneneedsto have a transcriptionof all the wordsthatoccurin thetext. Now, derving the pronunciation
of individual wordsinvolves muchmore thansimply looking up the wordsin a dictionary: no dictionary

containsall of thewordsthatonemightencountein text, andbesideordinarywords,onemustalsobeable

to pronounceabbreiations, numberstrings,and otherkinds of material,which onewould not generally
expectto find in adictionary In addition,onemustoftenchoosebetweerseveral alternatve pronunciations
for agivenword.

An examplewill sene toillustratethekind of problemsfacedby atext-analyzer:

Dr. Abate lives at 175 Park Dr. He weighs 175 |b. Hi s hobbies in-
clude nusic. He plays bass in a blues band and he al so plays clar-
inet in the |local synphony orchestra. He also |likes fishing: |ast
week he caught a 20 | b bass.

Presumablyew competenEnglishreadersvould have difficultiesin readingthis shortparagraplaloud,yet
thereareactuallya numberof problemsthat mustbe solved by a speechsynthesisystemin orderfor it to
performasa humanreademwould. Naturallyit mustpronouncenvordssuchasweighsor hobbiescorrectly
but thesearerelatively easysincethereis really only oneway to pronounceéhem.But othercasesarenotso
easy For instance:

e Therearetwo periodsin thefirst sentencebut only one of themmarksthe endof the sentencethe
otheronemerelyservingto markthe abbreiation, Dr., for doctor.

e Dr. occurstwice in this paragraphThefirst instanceshouldbereadasdoctor, thesecondasdrive.

e Abate if it wereanordinaryEnglishword, would be pronounceasif it werespelleda-BAIT. Butin
this caseit is anameof Italian origin: it shouldbe pronounced-BAH-tee

¢ lives in othercontets, could be pronouncedo rhymewith jives Hereit is a verbandrhymeswith
gives

e 175 andothernumberstendto be pronouncedlifferentlyin somecontets (suchasaddresseghan
they arein others.Many peoplewould sayoneseventyfive Park Drive., but onehundied andsesenty
fivepounds

e |b. canbereadasboth poundandpounds roughly speaking,t shouldbe poundsif the preceding
numberis plural, andthe phraseX poundsis not modifying a following noun(the secondnstances
twentypound bas3.
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e bassis eitheramusicalrangeor instrumentpronouncedsbasg, or elseafish (rhymingwith mas3.

As we canseefrom this shortexample,text analysisposesnumerougproblemsfor aTTS system.The
problemst includescanbeclassifiednto varioussubproblemsncluding,but notlimited to: word/sentence
sgmentation,abbr&iation expansion,numeralexpansion,word pronunciation,and homographdisam-
biguation.(Additional problemsof accentuatiomndprosodigohrasingwill bediscussedh thenext section.)
All of theseproblemscanbethoughtof ashaving two componentsThe first components the problemof
enumeating thelegal possibilitiesfor a giveninput; the secondconsistof disambiguationor the selection
of the contextually appropriateanalysis. A coupleof exampleswill illustratethe point. ConsiderDr.. a
text-analysissystemfor Englishmustknow thatthis abbreiation canbe expandedasdoctor or drive (and
in otherwaystoo). Thus,it mustbe ableto enumeratehe possibleexpansionsof this abbreiation and
to disambiguateamongthem given the context. Text analysismethodsfor TTS have beenreviewed in a
numberof places,ncluding [Klatt, 1987 Dutoit, 1997 Sproat,1998. Here,we will only briefly describe
the variousapproacheshat have beentaken to the more prominentproblems,namelyword pronunciation
andhomographdisambiguation.

Thearchitecturallysimplestapproacho word pronunciation involvesletterto-soundrules. Theseare
rulesthat map sequencesf lettersinto sequencesf soundsalongwith otherinformationsuchasstress
placement. This approachs naturally bestsuitedto languagedike Spanishor Finnishwherethereis a
relatively simplerelationbetweernorthographyandphonology For languagedike English,however, it has
long beenrecognizedhatfor accuratevord pronunciatioroneneedsa pronouncingdictionarythat (at the
very least)includeswordswith irregular pronunciations.

But a simplelist is generallynot sufiicient: words canbe morphologicallyderived from otherwords
(e.g.,giraffishnessanbe derived from giraffe), andthe setof morphologicalderivativesis open-endedin
varioussystems standardechniquedor morphologicalanalysisare appliedto morphologicallycomple
words, andthe pronunciationof the whole is thencomputedirom the pronunciationof the known parts,
applyingappropriatgphonologicakuleswherenecessarjAllen etal., 1987.

Oneclassof wordsthat often requiresspecialtreatmentis personalnames. In the United States for
example,mary personahamesarenot of Englishorigin, andspecialrulesof pronunciatiorapply: areader
who knows that Dutoit is a Frenchname,will alsogenerallyknow thatthe “oi” is pronouncedwa” and
thatthe final “t” is silent. In somecasesmorphologicalanalysiscanbe appliedto derive pronunciations
for complex namesrom knowvn morphologicalpiecepartse.g.,Phillipsonfrom Phillip plusson However
thisis not alwaysthe bestapproachandotherapproachebave beentried, including reasoningoy analogy
[Golding, 1991, DedinaandNusbaum 1996. For example,if we have thenameCalifanoin our dictionary
andknow its pronunciationthenwe can computethe pronunciationof a hypotheticalnameBalifano by
notingthatbothnamessharethefinal substringalifano.

Finally, oneapproacto word pronunciatiorthathasbecomepopularrecentlyis self-oganizingmeth-
ods.A typicalapproachnvolvestraininganeuralnet,or otherstatisticalearningmethod,onalist of spelled
wordspairedwith their pronunciations.Thesemethodshave mostly beentried on English,whererelevant
resourcesuchasonline pronouncinglictionariesabound.

Text analysisproblemsnaturallybreakdown into two parts,namelyenumeratiorand disambiguation.
What we have just discussedn word pronunciationconstituteshe enumeratiorpart of the problem: the
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methodspreviously describedwill returna setof pronunciations— thoughoften a setwith a singlemem-
ber In caseswherethereis more than one viable candidate,one must have somemethodfor choos-
ing betweenthem, a problemreferredto ashomograph disambiguation. One approachis describedn
[Yaravsky, 1997. One startswith a training corpuscontainingtaggedexamplesin context of eachpro-
nunciationof a homograph. Significantevidencefrom both narrav andwide context (e.g.,n-gramword
patternscontainingthe homographn questionor wordsthat occurarywherein the samesentencewhich
arestronglyassociatetb oneof thepronunciationsjs usedto construcadecisionlist: in thelist, eachpiece
of evidenceis orderedaccordingto its strength(log likelihood of eachpronunciationgiven the evidence).
A new instanceof the homographs thendisambiguatedby finding the strongesipieceof evidencein the
contet in which the novel instanceoccurs.

How well do we do? A cursoryreadingof the literatureon text analysisfor TTS might corvince one
that the text analysisproblemis almostsolved. Onefindsthatin mary areas resultsin the mid to high
90% rangeare quoted. But what do thesenumbersreally mean? The first point to obsere is that while
the percentagef errorsfor any givensubproblemmay be small,therearealot of subproblemsandsmall
errorstendto accumulateThatmeanghatfor any reasonablsizedtext input, the chancehattherewill be
at leastonetext analysiserroris actuallyquite high. Furthermorehe numbersgiven above are someavhat
misleading. In someof thesecasesthe resultsare actually betterthanwhat the numberssuggest.Word
pronunciatiorresultsarereportedby type meaningthatif you go down arandomdictionaryof wordsand
namesyou expectto getaroundd5%correct.But TTS systemdevelopersnaturallywork hardesbnmaking
surethatthe mostcommonwordsarepronouncedorrectly with theresultthata 95%correctscoreby type
will almostcertainlytranslateinto a higherscoreby token. On the otherhand,word pronunciatiorrates
arefor “ordinary words”: they typically do notinclude“unusual” stringssuchasURL's, mixed-casetems
(WINNT), radiostationcall letters(KARL), stocksymbols(AMZN) andsoforth. Oftenthesekindsof strings
requirespecialtreatment.Onemight objectthatthesearereally problemsfor a preprocessoanddon't fall
underthe rubric of word pronunciation. But this is a quibble aboutterminology: the factis thata TTS
systemmustbe ableto pronouncesuchstrings,and just because systemhandlesmost ordinary words
in areasonabléashionis no guaranteehatit will be ableto dealreasonablywith thesekinds of elements.
Finally, evaluationsof homographdisambiguationncludeonly thehomographd®eingconsideredA system
may have modelsfor a few tensof homographshut oneoftenfinds mary othersthatarenot treatedat all.
For example,a systembuilt to readthe Wall StreetJournalwould notwork aswell for email.

Sotext analysisfor TTS is not nearlyassolved a problemasit would at first appearto be: to put it
simply, the text analysisproblemwill only be solved whenall stringsin a text are pronouncedccorrectly
andemphasizedorrectly andwhenall sentencearephrasedcandintonedcorrectly We have not achiered
this stateyet. Furthermoretext analysiserrorscontritute significantlyto the perceptof unnatualnessand
unpleasantnessf existing TTS systems.

Still, one might objectthat, while the text analysisproblemfor geneal text is not solved, thereare
mary applicationsof TTS involving limited domainswherefull text analysiscapabilitiesarenot required.
This is true. However, one mustunderstandhat thereare mary currentapplicationsthat are not limited:
amongtheseare e-mail reading(one of the mostpopularapplicationsof TTS at present) aidsfor people
with disabilities(e.g.,pagereaderdor the blind) andgeneralaccesdo informationon theweh In noneof
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theseapplicationscanonelimit theinputto the TTS system.Furthermoregvenseeminglylimited-domain
applicationdik e “reverse-directory’{entera telephonenumber andthe systemreadsthe nameandaddress
associatedvith that number)have open-domairproblems,sincethe vocatulary changesnorefrequently
thanis practicalto updatemanually In this particularcaseonemustdealwith personabndcompany names,
variouskind of standardandnon-standar@bbreiations,andsoon, all of which canpresendifficulties for
aTTSsystem.

Text Generation. In TTS systems,jmproved text analysismeansthat more of the structure,meaning,
andfunctionof a stringwill becomeapparentln concept-to-speecfCTS) systemspn the otherhand,the
meaningandfunctionis given asinput, andboth the string andits acousticrenderingmustbe computed.
One sstartswith a data-or meaning-orientedepresentatiof whatis to be said, ratherthana text string.
CTS applicationsinclude human-computedialog, machinetranslation,explanationgeneration training,
andreportgenerationAs in TTS, thegoalis to producenatural-soundingpeechoutput.

Althoughtheideaof CTSwasintroducedwentyyearsago[YoungandFallside,1979, therewasrela-
tively little actiity for mary yearsbecausef limitationsin otheraspect®f speeclandlanguagdechnology
Recentsuccessem speechunderstandindnave madeit possibleto envision human-computedialogsand
hencehelpedto increasdanterestin CTS.

CTScorversioncombineshaturallanguagegeneratiorwith speechsynthesis At first blush,this looks
like a doubly-dificult taskbecause(1) concept-to-tet generatioris hard,and(2) text-to-speechsynthesis
is hard. However, the picture brightenswhenwe considerthat a languagegeneratoican passvery useful
information, abore and beyond text string, to a speechsynthesizer For example,conceptsn a meaning
representatiorcan influenceword pronunciationvery accurately A generationsystemthat says“wind”
alreadyknows whetherit is talking about“wind thatblows” or “wind a clock”.

Usingconceptgo determingoronunciatioris but oneexampleof a majorthemein CTSresearchMore
generally researchnvestigateshow informationproducedduring the languagegeneratiorprocesscanim-
prove the quality of synthesizedpeech Oneline of researctstudiesthe influenceof informationstructure
on prosody For example,discourseinformationsuchasthe given/nev distinctionhasbeenshavn to in-
fluenceintonationalprominencegHirschbeg, 1993 while reflectionof theme/rhemen syntacticstructure
candrive the placemenbf contrastie stresgSteedman]199§. Both typesof informationhave beenused
effectively in CTS systemgDavis andHirschbeg, 1988 Prevost,1995. While statisticalalgorithmshave
beendevelopedto derive someof this informationfrom text (in particular given/nev [Hirschbeg, 1993),
the resultsare errorful (asis mosttext analysis);in contrast,this informationis naturally producedand
usedduring the courseof languagegenerationto determinesentencdorm andthus, CTS systemshave
more accurateinformation available to improve speechquality Other researcHooks at differencesin
accuray for prosodyassignmenbasedon part-of-speechags, constitueng structure,or semanticroles
(e.g., agent,patient), when accuratelydeterminedby languagegenerationor derived using text analysis
[PanandMcKeown, 1998.

While CTSsystemdo datehave exploitedinformationthatcouldconcevably bederivedby text analysis
techniqueshoughwith lessaccurayg, emeging researclexploresthe potentialof informationthatwould be
difficult, if notimpossibleto derive from text. Semanticandpragmaticinformationthatis routinely used,
createdor representeduring the processof languagegeneratiorhasthe potentialfor evengreaterimpact
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onimprovementof prosodybecausé& would moredirectly correlatentonationwith meaning.For example,
in planningthe contentand organizationof text, hierarchicaldiscourseplansaretypically constructedand

rhetoricalrelationsbhetweerplanelementdabelled(e.g.,asexample contrast or sequence While previous

work [Hirschbeg andGrosz,1999 hasexploredthe effect of discoursestructureon intonation,it seems
likely that function of one elementin relationto another such as exemplification, should also have an

impact. Informationsuchasthe type of eachsemanticrole and speakr intentionis availablein input to

CTS systemsand could also play a role in assigningprosodicfeatures. In combination,thesecould be

usedto study the impactof affect on intonation. Doesa spealr, for example, communicatesurprising
information (e.g., unexpectedabnormalinformationin medicalbriefingsor unexpectedplaysin a sports
game)differently than the norm? Studiesof the effect of a wide variety of information on synthesiss

possiblewithin a CTS contet becausét is alreadyusedto determinehelanguagegroduced.

Sofar, we have examinedthe influenceof languagegeneratioron synthesis.Yet, the factthat speech
is the outputmediumalsoplacesdemandsn and providesopportunitiesfor languagegeneratiorresearch
[PanandMcKeown, 199G. Mostwork in languagegeneratiorhasbeendonefor thewritten medium.How
shouldsyntacticstructureandword choicechangewhenspeechs the outputmedium?We know, for ex-
ample thathumanspolenlanguagéas morecolloquialandlessgrammaticain mostsituationghanwritten
language but how muchof thatdo we wantto duplicatein computergeneratedpeech?Canan explana-
tion be shortersincethe spolen versionhasprosodyto help cornvey meaning?Finally, spolen language,
an auditorymedium,is often usedin combinationwith othervisual media. In thesemultimediacontexts,
whendeterminingcontentandform of its output,a spolen languagegeneratomusttake into accountthe
informationthatis presentedn other mediaandits form. Again, this placeshnenv demandson the lan-
guagegeneratiorprocessaffecting generatiorof referencesselectionof paraphrasegndorganizationof
informationin sentencefMcKeawvn etal., 1997.

How well do we do? Researcton CTS hasonly scratchedhe surfaceof the problem. The useof
discourseinformationin CTS hasdemonstrate@ marked improvementin the naturalnes®f synthesized
speechandthus, illustratesthe potentialof this approach.However, useof therich, accuratenformation
producedby languagegeneratiorfor synthesishasbeenstudiedfor a very limited setof features.Much
moreremainsto bedone.

3.2.2 ProsodyModeling

Prosodywhichincludesthe phraseandaccenttructureof speechaidsthelistenerin interpretingutterances
by groupingwordsinto larger information units and drawing attentionto specificlexical items. Thatis,
prosodyhelpsa listenerto more quickly and easily understandhe meaningof the incoming speechby
makingthe structuralorganizationof the sequencef wordsmoretransparentyvherestructuralorganization
includesboththe syntacticandsemantianterpretatiorof aword sequencaswell asthetopic structureand
spealkr intentions. The acousticcuesto prosodicstructureinclude modulationof fundamentafrequeng
(FO), enegy, relative timing of phoneticsggmentsandpausesandphoneticreductionor modification.
Prosodywhich includesthe phraseand accentstructureof speechjs oneof the leastdevelopedparts
of existing speechsynthesisystemsaccordingto [Klatt, 1987 Collier, 199 andmary participantsatthe
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workshop.Perhapshe mostoften cited reasorfor improving prosodypredictionin synthesids to improve
“naturalness”put prosodyalsoaffectsintelligibility. A domain-specifienodelof prosodycansignificant-
ly improve the comprehensiomf synthesizedpeecHSilverman,1993. Thoughimportant,prosodyhas
provedto bedifficult to modelandto evaluate,in partbecausehe acousticcuesareassociateavith struc-
turesoperatingat differenttime scaleg(from segmentaleffectsto paragraplor dialog structureto spealker
emotion)andin partbecausehe samesyntacticinterpretationof a sentenceanbe utteredwith morethan
oneacceptablgrosodicpattern,reflectinga flexibility thatmay be associatedavith speakingstyle, dialect
or otherfactors.

Like the overall synthesigproblem,prosodycontrolis often broken into two sub-problemsprediction
of symbolicmarlersto indicatephrasingandemphasisndgeneratiorof continuouscontrolparametergor
usein speechsynthesis.Both of theseaspectsequirestrongcollaborationbetweenthe engineeringand
linguisticscommunities.The two sub-problemsndcurrentresearctefforts aredescribedn thefollowing
sections.

Prediction of Symbolic ProsodicMark ers. Differentsystemsisedifferentinventoriesof prosodicmark-
ers,but thereis generakonsensuthatlabelsareneededor indicatingphrasestructureandemphasisSuch
labelsmay be usedinternally and/orasexternalcontrols(e.g.,breaksandemphasisn the SABLE markup
languagdgSproatetal., 199§).

Considetthefollowing exampleto illustratethe problemsof accentuatiomndphraseprediction:

| wastalking with Joe last night. He playsbassin a bluesbandand he also playsclarinetin
thelocal symphonyrchesta. Do youplayin a band?

Severalfactorsaffect the placemenbf accents.In thefirst sentenceJoe would be accentedf his nameis
first mentionedn this sentencebut night might beaccentedf the speakrshave alreadybeentalking about
him andthe new informationis whenthe speakr last talked to him. If the speakr wantedto especially
emphasizehetime, s’Themightaccentothlastandnight Nounphrasesuchasbluesbandandsymphony
orchesta posethe problemof whereto placethe main emphasis Many speakrswould sayBLUESband
but symphonyORCHESTRAWords may alsobe accentedo indicatecontrast,asin you (which contrasts
with Joe) in the lastsentenceProsodigphraseplacements similarly difficult. The secondsentences long
enoughthatonemight expecta goodreaderto breakthe sentencénto two phrasesThe mostnaturalplace
to do thatis betweernbandandand However, prosodicphrasesareoften represente@dsa hierarchy with
major phrasedeing composedf a sequencef minor phrases.With a phrasehierarchy one might put
minor phraseboundariesdeforethe prepositionsn the secondsentence Finally, thereis the issueof the
particulartype of intonationmarkerassociateavith accentandphraseboundariesFor example,onewould
generallyput a falling tone at the phraseboundariesassociatedvith the end of a declaratve sentencea
rising toneat the endof a yes-noquestion,andyet anothertone afterthe first instanceof bandto indicate
continuation.

The simplestalgorithmsfor accentuationinvolve makingthe accentingdecisionon the basisof broad
lexical categories,or partof speech.Contentwords(nouns,verbs,adjectves, mary adwerbs)aretypically
accentedfunction words (auxiliary verbs, determinersprepositions)are typically deaccentedand short
functionwords(to, a, etc.) aredeaccentea@venfurtheror cliticized Methodsdiffer to someextenton how
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finely they catgyorizewordsinto lexical classesandwhatexactuseis madeof thatinformation.In English,
and several other languagesaccentingnot only correlateswith lexical category, but also dependsupon
semantiaelationsbetweenwvordsandthe pragmaticfunction of words. Oneimportantsetof constructions
in Englishwherepartof speechalonecannotsufice arecomple nounphrases— a nounprecededy one
or more adjectval or nominal modifiers. One finds instancesof suchconstructionsvherethe accentis
on thefinal word (Park LANE, bananaPIE) but seeminglyparallelconstructionsvhereit is on an earlier
word (PARK Street BANANA bread. Approachedo this problemtypically involve someamountof lexical
and crude semanticanalysisfMonaghan199Q Sproat,1994. Accentingin English also appeargo be
sensitve to prosodigphrasestructurdan thatspeakrshave atendenyg to putaccentearlyandlatein aphrase
[Shattuck-Hufnagegtal., 1994. Finally, accentingin Englishis sensitve to propertiesof the discourse,
includingfactorslike givennesgHirschbeg, 1993 andcontrastasnotedabove.

As alsonotedabove, anotherimportantproblemis predictionof prosodic phrasing. Punctuatioris a
fairly reliablecueto a phrasebreak,assuminga text analysiscomponenthat candistinguishabbreviations
from sentenceboundariesbut thereare mary caseswhere phrasebreaksare not marked with punctua-
tion andvice versa.Otherfactorsincludesyntacticstructure which is usedto varying degreesby different
systemsfrom simplepart-of-speeclhabelsof tagetandneighboringvords[WangandHirschbeg, 1993 to
full syntactigparse$Bachenk andFitzpatrick,199Q. Phrasdengthappearso beafactor[Bachenk andFitzpatrick,199Q
OstendoriandVeilleux, 1994, andin addition,it hasbeenhypothesizedhatfocusplaysaroll in determin-
ing phrasestructure(e.g., last night forms a minor phrasein the example abore whenthe time is to be
stronglyemphasized).

For bothaccentandphraseprediction,all the differentfactorscanbeintegratedusinga variety of mod-
els,includingrule-basedpproachesisinghand-writtenor automaticallyiearnedrulesaswell asstatistical
models. The structureof the modelis animportantresearchproblem,particularly for automatictraining,
sincethereareinnumerablesyntactic/semantic/disurse contets to consideraswell asvariationsbetween
speakrs,moodsandspeakingstyles.Furthermoreyery little prosodicallylabeleddatais currentlyavailable
from whichto learnrulesor modelparametersHowever, text analysisis anequallyimportantlimiting fac-
tor, particularlywith respecto discoursestructure sinceprosodicparametersretypically predictedfrom
dataoutputfrom text analysis.

How well do we do? As in text analysisproblemsresultsfor accentandphrasepredictionof over 90%
arereportedput againtheseresultsaremisleading First, typical methodgor measuringhrasingoprediction
have a very high baseline:for somecorpora,over 90% canbe achiezed simply by placinga boundaryat
sentencendsandno boundarie®lsavhere.Furthermoretheaccuray is lower for the casewheremultiple
levels of boundariesare predicted,asis neededo accountfor obsered differencesin acousticcues. A
problemwith accentuatiormodelsis thatthey rarely predictthe strengthof accentuation A word canbe
accentedor emphasizedio varying degrees dependinguponmary factorsincludingits semanticor prag-
maticrelationto othertermsin thetext andthereaders intentions.Variationof strengthof accentunderthe
readers controlis partof goodreadingstyleandpartof whatmakesa goodhumanreadersoundnteresting,
andlack of suchvariationis animportantreasorwhy eventhe bestsynthesisystemssoundmonotonous.
A problemwith both accentand phrasepredictionresultsis that they tendto be tunedto a specificstyle
andgeneralizatiorio differentstyleshasnot beendemonstratedAs shavn in [RossandOstendorf,1994,

23



an algorithmthat gives very good resultsin one casehasperformancewvorsethan chancewhenusedon
datafrom a differentdomain. Finally, asarguedin the text analysiscase,errorsin differentcomponents
compoundhroughmultiple processes a speechsynthesizerandthe currenterrorratesaresimply notlow
enough.

Generation of Acoustic Control Parameters. Therearetwo mainacoustigparameterghatmostsystems
focuson: durationand fundamentafrequeng (FO). Additional acousticcuesto prosodiceventsinclude
variousenegy measurestotal enepgy, spectratkilt) andglottal sourceparametersSincepredictionof these
controlfactorsarelessdevelopedwe will focusthebackgroundeview ondurationandFO0, leaving discus-
sionof otherfactorsto Section4.

In naturalspeechthe duration of a phoneticsggmentis highly context dependentandcanvary by as
muchasa factorof ten. For syntheticspeecho soundnatural,thesecontextual effectsmustbe understood
and computed. This is far from easy becauséhe numberof contetual factorsis large (e.g., identities
of surroundingphonemessyllabic stress,word emphasisgffects of phraseboundariesgtc.), and these
factorsinteract.For example thelengtheningeffect of a voicedconsonanbn the durationof the preceding
vowel is substantiallarger whenthis consonants followed by a phraseboundary Methodsusedrange
from manuallycreatedknowledge-basedules(“if stressedadd50 ms”), to applicationsof generalpurpose
statisticaimethodge.qg.,classificatiorandregressiorireegRiley, 1997, to methodghatattempto integrate
knowledgein statisticalestimationprocedurege.g.,[van Santen]1993). Althoughcurrentmethodsappear
to produceperceptuallyacceptablelurationsit is clearthatfuture advancesn othersynthesiomponents
will requiresolvingsereraloutstandingoroblemsn durationresearchTheseproblemsncludemodelingof
localvariationsin naturalspeakingate,andunderstandingon-uniformcompressionsgansiam of phonetic
segments.

Durationis relatvely well understooccomparedo intonation,andthereare mary unresoled ques-
tionsin FO contour generation Currently thereis no agreemenbn how to characterizea fundamen-
tal frequenyg (FO) contour— whetheras a sequencef (time, frequeng) pairs betweenwhich a smooth
cune is dravn [O’'Shaughnessyl979 Pierrehumbert] 981 Hirstetal., 1991, Aubeigé, 1993, asa se-
guenceof quasi-lineamovementgCollier, 1991, TaylorandBlack, 1994, asa sequencef filtered tamget
functions (e.qg., pulses),[HiroseandFujisaki,1982 Andersoretal., 1984 vanSanterandMobius,1997,
RossandOstendorf1999, or a concatenatiomf local contoursdefinednon-parametricallyTraber 1992
Malfréreetal., 1994. Thereis disagreemenasto whetherphenomendik e the gradualdecreasén peak
heightwithin aphraseshouldberepresentetly addingphrase-leel andaccent-lgel contourdHirose andFujisaki, 1982
van SanterandMobius,1997 vs. predictedbasednlocal contet [Pierrehumbert1981, Silverman,1987.
Thefactorsthatareimportantfor predictingpitch rangeandrelative prominenceof accentedvordsarenot
well understoodso conserative choicesare madethat resultin only small amountsof variation. Fur
thermore,there are disagreementaboutwhich aspectf intonationare discretevs. gradient,what is
the inventory for the discretesubsetandwhatis the size of the low-level units, as evidencedby the dif-
ferencesin prosodiccontrol parametergor different speechsynthesissystems.Finally, asin all aspects
of synthesistherearedifferencesassociatedvith the possibleapproachestule-basede.g.,[Collier, 1991,
Silverman,1987; parametridut automaticallytrained.e.g.,[TaylorandBlack, 1994 RossandOstendorf1999;
anddata-drventemplateearning,e.g.,[Traber 1993.
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Giventhesebasicdisagreementst is no surprisethat our currentability to fit or predictnaturalfun-
damentafrequeng contourss quite limited. Severalfactorsmake this taskinherentlydifficult, in essence
having to do with our lack of understandingf the acousticinvarianceof fundamentafrequeng contours
that carry the samemeaning.For example,within a given dialect,a speakr doesnot have muchfreedom
on how to pronouncea given phoneme and even durationis fairly strictly controlled; however, thereis
significantfreedom(in English)in whatintonationalpatternto use.This makesit difficult to conductwell-
controlledexperimentsandto estimateparametersAs aresultof thesefactors,whatsounddike the same
intonational'meaning”mayvary significantlyin termsof the measuredrO contour In summarythe strate-
gy for acoustiantonationmodelingremainsanopenquestionatleastfrom the point of view of thespecific
requirement®f speectsynthesis.

How well do we do? Thereare no good quantitatve measurego indicate performanceof curren-
t algorithms. While the mean-squared-erraneasurdas commonlyused,it doesnot take into accountthe
perceptuakignificanceor insignificanceof errorsin particularcontets, andit requiresprohibitively ex-
pensve hand-correctiorio have reliabletamget values. The bestassessmens in perceptuakxperiments,
but theseare complicatedby the distortionintroducedby waveform generatiortechniques Without being
guantitatve, we cansaythat currentmethodsare capableof generatingntonationthatis appropriatefor a
simplereadingstyle andshortpassagedyut the resultingintonationanddurationpatternsarenot reflective
of the variability obsered in naturalspeechandlongerpassagesoundmonotonousProsodymodelingis
probablythe oneareathatmostworkshopparticipantsagreeis the wealestlink in the synthesishainright
now.

3.2.3 Markup

Evenwith the besttext analysiscapabilities,we aresurelynot goingto be ableto geteverythingright all
thetime. If nothingelse,the decisionthata synthesisystemmalkeson how to rendera particularsentence,
thoughreasonablanay not correspondo whatthe userof the systemwants.(Comparehe caseof anactor
readinglinesin a play, andbeing correctedby the director) This implies the needfor synthesismarkup
schemeghatallow the userto control the system$ behaior, andsuchschemeshouldbe standadizedso
that developersand userscan switch betweensynthesissystemsand have reasonableonfidencethat the
behaior will bethesame.

A numberof proposaldor standardizatiorare on the table. Among the more seriousalternatves are
the Java SpeechMarkup LanguageW3C’s Cascadedtyle Sheetsand SABLE [Sproatetal., 1999. Each
of thesestandardss potentiallyusefulto the researcicommunitybecausehey provide acommonway to
markandexchangdextual data.Corversely thereis roomin speeclksynthesignarkupfor researcton how
to conciselyandreliably mark salientfeaturesn a way thatenablesspeectsynthesizerso producebetter
quality speech.This researcHield is only a coupleof yearsold andarerelatvely immaturein comparison
to otherareasf the speectsynthesigproblem.
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3.2.4 Waveform Generation

Waveform generatioris the procesof usingoutputsof the linguistic text analysisand prosodymodelsto
generatanintelligible, natural-soundingpeeclwaveform. Thisis an“ill-posed problem”in the sensehat
thelinguistic featureinput specifiesonly atiny fractionof theinformationneededo specifythe waveform.
The rest must come from basic knowledge and modelsof a particulartalker's speechbasedon speech
productionandperceptiorprinciplesand/orexamplesfoundin a speectcorpus.

Designinga waveform generatiorsysteminvolves specifyinga speechmodel that canfaithfully rep-
resentary speechsound,and specifying setsof model parameterdo synthesizea particular utterance.
Traditionally speechmodelshave beenlumpedinto three broadclasses- articulatory models,formant
models,andconcatenatie models— describedbelow. Articulatory andformantsynthesisareboth consid-
eredparametrianethodswhich have the advantageof a compactepresentatiofor a wide rangeof voices.
Concatenate techniquesirelessflexible, but tendto belessexpensve andareamorenaturalapproactor
mimicing a particularvoice.

Articulatory Methods. In articulatorysynthesisasit is performedoday a geometriaonodelof thevocal
tract with its articulators,suchasthe tonguebody, is written into software. The input parameterso an
articulatorysynthesizewusedto createspeechincludethe positionsof the modelarticulators,suchasthe
verticaldisplacemenof theupperlip, andtheseparameterarespecifiedastrajectorieghroughtime. There
may be otherinput parametershat are more aerodynamidn nature,suchassubglottalpressure Physical
modelsof aerodynamigrocessesnd of waveform propagationin a tube are usedto convert the input
parameter®sf the synthesizeinto sound. Two examplesof suchsynthesizersirethe onethatwasinitially
designedby [Mermelstein, 1973 and modified at HaskinsLaboratoriegRubinetal., 1981 and another
designedy [Maeda,1983.

Oneof themajorimpedimentgo theuseof articulatorysynthesisn creatingnaturalsoundingspeechhas
beenalack of knowledgeof the articulatorymovementpatterns.Further thereis a problemin identifying
the articulatorydegreesof freedomwhich are mostsalientto the productionandpropagatiorof sound. It
is necessaryo know the salientcomponent®f articulationbecausehereare simply too mary degreesof
freedomto hopeto make a practicalarticulatorysynthesizewithout suchknowledge.

Anothersignificantchallengen articulatorysynthesisasbeenmodelingof flow-inducedsoundgener
ation. Presentlywave propagatioris computedrom the linear wave equation.This ignoresthe effects of
fluid dynamicsasexpressedn the Navier-Stoles equations.Suchaerodynamieffects, particularly at the
glottis, can contritute significantlyto naturalness As a result, theseeffects have beenthe focusof much
recentstudy(e.g.,[Hirschbeg, 1992 Pelorsoretal., 198Q Pelorsoretal., 1994 Shadleetal., 1999). Sim-
ilarly, motion of thevocalfolds dueto fluid flow requiresfurtherexamination.

Formant Synthesis. Theothermajorparametricsynthesisapproacthasbeenformantsynthesissomein-

stance®f whichincludethewell-knowvn work of JohnHolmes[Holmes, 1973 andDennisKlatt [Klatt, 1980.
With formantsynthesighereis no longerthe problemof translatingarticulatorytrajectoriesnto acoustic
parametetrajectories becausehe input parametershemseles are acousticparameterssuchasformant
frequenciesTheformantsynthesizegenerates waveformfrom the formantvaluesandrelatedparameter
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values.

Althoughcertainisolatedphoneticunits canbecharacterizedlmostsolely by thedynamicsof their for-
mantfrequenciesthe formanttrajectoriesn naturalspeectareheavily influencedby context. For thisrea-
son,therulesin earlyformantsynthesisystemsvereoftenfairly complex. However, researchnto formant
timing andthe perceptuatelevanceof specificspectrographipatternshasled to improved models(suchas
the phone-and-transdan model[Hertz, 1991, HertzandHuffman, 1993), for formulatingrulesthatpredict
formantpatterns.Thesemodelshave notonly resultedn simplerandmoregenerarulesfor predictingfor-
manttrajectoriesn a particularlanguageput alsoin the expressiorof a wide rangeof language-uniersal
patterns.

The rulesfor formantsynthesisare generallyderived throughan iterative processof rule formulation
in accordancevith the underlyingmodel, evaluationsof the syntheticoutputthroughvisual and auditory
comparisonsvith naturalspeechandrefinementof the rules basedon the resultsof thesecomparisons.
This processhasbeenexpeditedby specialinteractie rule developmenttools, suchasthe Delta System
[Hertz,199Q HertzandZsiga,1999, which allow for straightforvard expressionandtestingof linguistic
andphonetichypothesesAs aresultof suchimprovedmodelsandtools,therulesfor predictingtherelevant
acoustigpatternsgn a givenlanguagecannow be developedby atrainedlinguistin a matterof months.

Most rule-basedsynthesissystemause a Klatt-style formant synthesizefKlatt, 198Q to generatehe
waveform from the acousticparameteraluesproducedoy therules. Copy synthesisin which synthesizer
parametevaluesaretunedby hand,hasshovn thatthe Klatt synthesizers capableof producingvery high-
quality speechHowever, someresearcherbave reporteddifficulty capturingthe voice quality of particular
speakrs. Onebasicquestionthatneedgo be addresseds whetherimprovementscanbe madeat the level
of thesynthesizeitself thatwill resultin theability to bettercapturethe detailsof a specificvoice.

TheKlatt synthesizeincludesapproximatelyforty input parametersHowever, high-quality synthesis
canbeachiezedby controllingfewerthanhalf of thesgparameterandsettingtheremaindeto defaultvalues
thatremainconstanbverthecourseof anutteranceor aspecificvoice. For ary giventypeof sggment,only a
handfulof parameterseedgo bemanipulated Someresearcherbave alsoattemptedo reducehenumber
of synthesizeparameter®y building on ideasfrom articulatorysynthesisand computingthe covariation
of acousticoutputvariablesthat resultfrom a single articulatorygesture. (For instance constrictingthe
glottis from amodalvoice posturewill resultin adecreasén bothspectraltilt andvoiceamplitude.)Quasi-
articulatorysynthesisasbeendevelopedto exploit the potentialadvantage®f articulatorysynthesisyhile
avoiding the currentdeficienciesn our knowledgeof articulationandits relationto acousticoutput. The
guasi-articulatorHLsyn [StevensandBickley, 1991 hasparameterfor upperarticulator nasalandglottal
constrictionsothatnoiseandvoicesourcesaswell asnasalizatiortanbemodeledn anarticulatorymanner
However, acoustigparametersuchasformantfrequenciesreincludedamongtheinputparameters place
of parameterslescribethe shapeof thetongueandlips.

Therearea numberof areasthen, for further researchn formant-basedynthesis.Theseinclude (1)
improvementsat the level of the synthesizeitself, (2) determinatiorof the optimal synthesizeparameters
to be controlled,and(3) continueddevelopmentof bettermethoddor predictingthe synthesizeparameter
values.Also, improved methoddfor extractingvoice quality andnoise-relategparameterérom the speech
waveform (see,e.g.,[Hanson,1997) will facilitate work in theseareas. Collectively, the improvements
madethroughfurtherresearclof this kind shouldresultin increasinglynatural-soundingpeectoutput.
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Concatenative Synthesis. This methodrelieson extractingmodelparameterérom speectdata(or often
just storingthe raw waveforms)andconcatenatingheseto createnew utterancesConcatenatie synthesis
is currentlythe mostpopulartechniquen commercialandresearchl TS systems.This approactoldsthe
promiseof representingll-understoodine detailin the voice andreplacinghand-optimizatiorof ruleswith
adata-dvenapproacto waveformgenerationHowever, eventhe bestconcatenatie synthesisalgorithms
still leave muchto bedesiredin termsof speectoutputquality.

Thereare two main problemsin concatenatie synthesis:unit selectionand waveform modification.
Unit selectioninvolvesdefiningthe inventory of units aswell asselectingthe appropriateunit for a given
phonetic(andprosodic)context. Waveform modificationis the procesf combiningthe waveform pieces
andmodifying theseto have the desireddurationandintonationpatternsandmethoddiffer in termsof the
signalmodel.

Most concatenavie algorithmsto datehave relied on tablesof diphonegqthetransitionfrom the middle
of onephoneto another)or othersuchunitsfor solvingtheunit selectionproblem.Implicit in thisapproach
is the idealizedassumptiorthat the units canfully characterizecoarticulationin all contexts. This is of
coursenot alwaystrue in naturalspeechandasa resultdiphonesynthesids often describedas sounding
“overarticulated. To compensatéor the mostsignificantdeviationsfrom this assumptionpthercontext-
dependentinitsmustbeaddedo thediphonetableby thedeveloper(e.g. to realizeaspiratedss. unaspirated
It/ for thesamediphonein differentsyllablepositions).An alternatve approachs to usesub-phonetiainits
thatdefinepotentialsplicepointsandthendynamicallysearcHor the sequencef suchunitsthatminimizes
context mismatchandconcatenatiocosts.In this way, unitswith sizevaryingfrom afractionof aphoneto
severalwordscanbeusedtogetherin adynamic,elegantway. Approachego this problemdrav heaily on
thestatisticaimodelingtechniqueslevelopedin the speechrecognitionfield overthe pastsereralyears(e.g.,
HMM modelclustering[Nock etal., 1997). Importantaspect®f this approachareclusteringfor defining
the unit inventoryanddefinition of the unit selectioncostfunction,andresearctchallengesemainin both
areas.

Theminimalrequirementor waveform modification modelsis independentontrolof thefundamental
frequeng (FO) contourandsegmentaldurationof thewaveform. In additionto this, othermodificationcon-
trols aredesirable:dimensionssuchasvoice quality characteristic§breathinessgreak,etc.), correlateof
emotionalstressphoneticreduction.andvoiceidentity couldalsobealteredto expandtherangeof synthe-
sizedeffectsrealizablefrom agivendatabaseT hereareseveralclasse®f speechmodelsthatallow varying
degreesof control over the different properties,including: linear predictve coding, basedon a source-
filter modelusinga syntheticsourcegfMakhoul, 1975 RabinerandSchafer1978; pitch-synchronousme-
domainmodelsthat usecopying, shifting and deletingof pitch-period-sizedvaveform samplegPSOLA
[MoulinesandCharpentierl99d, MBROLA [Dutoit andLeich,1993); andsinusoidaimodelsthatrepre-
sentthespeectwaveformasasumof time-varyingsinewaves[McAulay andQuatieri,1986 Geoge andSmith,1997,
Macon,1994. Tradeofs betweerflexibility, fidelity, andautomaticanalysiscapabilityexist with each.Al-
thougheachof theseapproachebasits own merits,nonehave yetbeenprovento simultaneouslgatisfyall
thedesiredpropertiesof a TTS waveformmodel.

How well do we do? It is difficult to quantify performanceof waveform generators.Copy synthesis
techniqguesxan generatespeechof extremely high quality for articulatory quasi-articulatoryand formant
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synthesis but this quality cannotyet be achiezed using automaticalgorithms. Assessmentsf word in-
telligibility in isolatedsentencegave over 90% accurag over a decadeago,thoughperformancen noisy
conditionsdegradedsubstantiallycf. [Klatt, 1987. However, sometimeshosesystemscoringhighestin s-
tandardsolatedword or sentencéntelligibility testswill beratedlowerthancompetingsystemsn perceved
naturalnessFurthermoregven the highestscoringsystemscanbe improved substantially(in the senseof
increasedranscriptionaccurag) with very simplemodificationsto the prosodiccuesin atelephone-based
systemreadingnamesand addresse$Silverman,1993. It is safeto saythatthereis no text-to-speech
systemavailabletodaythatwould be mistalenfor ahuman.

3.2.5 Synthesisof Visual Componentsof Speech

To date mostof theresearctanddevelopmentin speectsynthesisasbeenlimited to auditorysynthesislt
is well-known, however, thatinformationfrom the talker’s facecanprovide valuableinformationaboutthe
messag@articularlyif the auditorysignalis noisyor if the hearingof thelisteneris limited. A systematic
seriesof researchprogramshave demonstratedhat bimodal (auditory/visual)speechis moreinformative
thanjust auditoryspeecl{Massaro,1998. Syntheticvisible speechot only canprovide additionalinfor-
mationaboutthe speechnput, it canmalke the speectsoundmorenatural. Whenthe AT&T synthesisvas
combinedwith the PerceptuaBcienceLaboratorys talking head,Baldi [Massaro,1999, it wasplayedfor
theirvice presidentHeremarledthatthey hadmadegreatstridesin improving thequality of their synthesis.
The researcherseplied, “Unfortunatelynot. Closeyour eyes’ He did so andagreed,'Oh, you're right”
This exampleillustrateshow visible speectcanimprove the naturalnessf speecksynthesis.

Two generaklasse®f facialanimationtechniques— physicallybased PB) andterminalanalogugTA)
— have beendescribedMassaro,1999. The PB classinvolvesthe useof physicalmodelsof the structure
andfunction of the humanface. The typical approachereis to usemulti-layer tissuemodelswith quasi-
muscularcontrolsto changeheshapeof theface.FortheTA classthegoalhasbeento arrive attheterminal
endof the procesqa facesurface)without resortingto physicallybasedconstructs.The typical approach
usedto achiere this endis to employ a polygonsurfacewith keyframeor parametriccontrols.

Although there are hundredsof musclesthat control the face, only a small subsetof thesemuscles
controlthe speectlarticulatorsandthusthis techniquamight befeasiblefor visible speectsynthesisin fact,
onemotivation citedfor the useof physicallybasedatherthangeometricmodelsis thatthe physiological
controlsmightreducethe numberof degreesof freedomrequired.Thereis alsoa potentialadvantagen the
intrinsic simultaneityof visualandauditorysynthesidasedn the samephysicalstructure.

Under the PB approach,computeranimatedhumanfacesare madeby constructinga computational
modelfor the skin surface, muscleand bonestructuresof the face[PlattandBadler 1981 Waters,1987,
TerzoupoulousindWaters,1990. At the foundationof this type of modelis an approximationof the
skull andjaw including the jaw pivot. Simulatedmuscletissuesandtheir insertionsare placedover the
skull. This requirescomple elasticmodelsfor the compressibldissues. A covering surfacelayer then
changeshapeaccordingo the underlyingstructuresThedynamicinformationfor sucha modelis defined
by a setof contraction-relaxégon musclecommands.Many of the PB systemause Ekmanand Friesens
[EkmanandFriesen 1977 “Facial Action Coding System”(FACS) to control the facial model. These
codesare basedon about50 facial actions(“action units” or AU’s) definedas combinationsof muscle
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actions. Recently PelachaudBadler and SteedmarjPelachaudetal., 199 have extendedand updated
Platt’s [Platt, 1985 seminalPB model,addingmanuallysynchronizechaturalauditory speechaswell as
thedisplayof paralinguistianformation. A relatedproject[Casselletal., 1994 incorporatedsynchronized
speecltsynthesisandautomatiogesturegproductionby two automatanegotiatinga banktransaction.

Someresearcherdiave attemptedto derive the musclecommanddor driving a PB facefrom mea-
surement®f humanmuscleactions. For example, Vatikiotis-BatesonMunhall, Hirayama,Lee, and Ter
zopolis[Vatikiotis-Batesoretal., 1999 have embarled on a projectto drive a PB faceutilizing informa-
tion obtainedthroughneural-netanalysisof EMG and facial motion measurements.So far the project
hasyielded mixed results. A project of more immediateapplicationfrom the PB schoolis DECface
[WatersandLevergood,1993. In orderto achieve real-timeperformancg15 framesper secondwith tex-
turemapping)on a DEC Alphaworkstation this approactcompresse®Vaters’3D tissuemodelto a simple
2D mesh.A setof 55 “viseme” mouthshapekey-positionsis utilized with a physicallymotivatednonlinear
interpolationalgorithmusedbetweerthesepositions.Only this nonlinearityandthe history of the workers
gualifiesthe approachasphysicallybased It might alsobe viewed asmoreproperlyfitting in the TA class,
whichwe now discuss.

In a seminaldevelopment[Parke, 1972 Parke, 1974 Parke, 1975 Parke, 1982 Parke, 1991, Parke
modeledthe facial surface as a polyhedralobjectcomposedf about900 small surfacesarrangedn 3D,
joinedtogetherattheedgesandsmoothshadedIn hisoriginalwork [Parke, 1973, key-frameswereusedto
changethe shapeof theface,but in subsequentork thefacewasanimatecdoy alteringthelocationof vari-
ouspointsin thegrid underthe controlof 50 parametersAbout 10 of theseparametersvereusedfor speech
animation,suchasjaw rotation, mouthwidth, lip protrusion,andlower lip “f” tuck. Parke [Parke, 1974
selectedandrefinedthe control parametersisedfor several demonstratiorsentencedy studyinghis own
articulationframeby frameandestimatingthe controlparametewalues.

Oneadwantageof thepolygontopologystratey is thatcalculationsof thechangingsuriaceshapesn the
polygonmodelscanbe carriedout muchfasterthanthosefor the muscleandtissuesimulations.It alsomay
beeasierto achieve the desiredfacial shapedlirectly ratherthanin termsof the constituenimuscleactions.
Theanimationin the Perceptuabciencd.aboratory{CohenandMassaro1993 CohenandMassaro,1994
Cohenetal., 1999 is a descendantf the Parke softwareandhis particular3-D talking head. The modifi-
cationshave includedadditionaland modified control parametersa tongue(which waslacking in Parke’s
model),anew visualspeectsynthesicontrolstratgy with amethodfor coarticulationgcontrolsfor paralin-
guisticinformationandaffectin theface text-to-speeclsynthesisandbimodal(auditory/visualsynthesis.
Mostof thecurrentparametermove pointsonthefaceby geometridunctionsasrotation(e.g.,jaw rotation)
or translationof the pointsin oneor moredimensionge.g.,lower andupperlip height,mouthwidening).
Otherparametersvork by interpolatingbetweentwo alternatefaces. Many of the faceshapeparameters
suchascheekshape nheckshapeandforeheadshape,aswell assomeaffect parametersuchassmiling,
employ this stratgy. Parallelingmuchof thework in auditoryspeechsynthesisphonemesreusedasthe
basicunit of animatedspeectsynthesisPhonemaunitsareattractive becaus®f their relatvely smallnum-
ber Of course becausef coarticulation blendinga sequencef phonemesequiresmodificationsof each
phonemes realizationasa functionof its surroundingophonemes.

In contrasto these3D models,anumberof scientisthave used2D vectormodelsfor perceptuastudies
[MontgomeryandSooHoo, 1982 Brooke, 1989 Brooke, 1992 Brooke andSummerfield,1983. Individu-
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al key-pointsdefinevectorbasedshape®nthefacesuchasthemouthoutline. Thesecontrollingkey-points
move on the basisof articulatorytrajectoriesmeasuredrom humanspeech. Typical of this approachs
[Summerfieldetal., 1989, which usesfaceswith andwithoutteethto examinelipreadingperformance.
Thereare several other approacheso the developmentof a talking headthat are actvely being pur

suedby otherresearchersResearcherand developershave usedmorphingasa techniquefor animation
[HallgrenandLybeig, 1998. Theideais thatvideo clips of speeclsggmentsarestoredandchoseno rep-
resentsomeutterance However, this techniques dataintensve andmorelimited in the amountof control
thatcanbe provided. As an example,a parametricsynthesigoutinecangenerateemotionindependenof
speectcontentbut this cannotbe easilydonewith morphingtechniquesAnothercompan hasdevelopeda
systemcalledvideo rewrite in which morphedimagesare pastedon to an existing videoclip to createnew
messagefBregleretal., 1997. This methodwould have only morespecializedapplicationsn thatonly the
mouthareachanges.

How well do we do? A centralbut somaevhatuniqueaspecbf researcton visible speechanimationis
the empiricalevaluationof the visible speechsynthesiswhich is carriedout hand-in-handwith its devel-
opment[Massaro,1999. Theseexperimentsareaimedat evaluatingthe realismof their speectsynthesis
relative to naturalspeech.Realismof the visible speechs measuredn termsof its intelligibility to mem-
bersof the linguistic community The goal of this researchs to learnhow the syntheticvisualtalker falls
shortof naturaltalkersandto modify the synthesisaccordinglyto bring it morein line with naturalvisible
speechSuccessie experimentsdataanalyse®f the confusionmatricesandmodificationsof the synthetic
speechbasedon theseanalyseshave led to a significantimprovementin the quality of the visible speech
synthesis. The overall viseme(visually distinct speechsegmentclass)accurag acrossthreestudiesim-
provedsignificantly The averagedeficitrelative to naturalspeeclwas.222,.179,and.106,acrosghethree
successke experimentgMassaro,1999. We proposethat evaluationshouldbe a necessaryngredientof
fundedresearchn visible aswell asaudiblespeectsynthesis.

3.3 AssessmenMethodologies

Evaluationmustplay a prominentrole in ary researctprogramin speechsynthesis:simply put, we need
to knowv how we aredoing, andwhich methodgbe they short-term‘tweaks” of currentmethodologieser
fundamentallynenv approachesjrelikely to be mostbeneficial. As we shallargue,while therehave been
mary proposaldor evaluationmethodologiesthereis little generabagreemenvnwhich evaluationmethods
arebest.Indeed appropriateevaluationmethodologiesreanopenresearclarea.This sectionsummarizes
the problemsin evaluationof speectsynthesisystemsandmakesthefollowing key points:

1. Speectsynthesisvaluationis inherentlycomplicatedmoresothanevaluationof speectrecognition
andspeeclcodingsystems.

2. Few, if ary, researclinstitutesexist thatperformextensve multi-systemevaluationsvhoseresultsare
publicized.

3. Few, if ary, researchinstitutesperformresearctwith asgoaltheimprovementof synthesisvaluation
methods.
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4. As aresult,no informationis publicly available aboutthe comparatre merits of currentsynthesis
systems.

In Section4, specificrecommendationaremadefor a programthataddressethe limitations of the current
evaluationtechniques.

Synthesisavaluationsenestwo groupsof people. First, it senesthe consumerof synthesissystems.
Here, the key issueis identifying the systemthat bestsuitsthe needsof the consumer Second,t senes
the researchand technologycommunity The basicissueshereare measuringprogressin general,and
discovering which approacheto a particularsynthesizecomponenseemmostpromising. It is important
to keepin mind thatthe evaluationneedsf thesetwo groupsof peopleneednot bethe same.

We proposethatthe needsof neithergrouparecurrentlysened well, which raisesthe following ques-
tions: Whataretheunderlyingcauses™ow harmfulis this situationfor scientificprogressandcommercial
successMow dowe addresshe problem?

The Curr ent Statein SpeechSynthesisEvaluation. Thereis nolack of evaluationmethodsIn arecent
overview [vanBezooijenandvanHeuwen, 1997, more thantwenty methodswere reviewed. To give the
readeraflavor of whatthesemethodsareabout,afew examplesaregiven.

In the DiagnosticRhymeTest[Voiersetal., 1977 listenersheara single consonant-ewel-corsorart
word(e.g.,"pen”). Subsequentlythey have to decidewhetherthey heard‘pen” or “ten”. In theSemantically
UnpredictablesentenceéSUS)paradigniBenoitetal., 1994 listenersheara sentencesuchas“greenideas
eatclouds” andhave to transcribeit. Next, in a testby van Bezooijenand Jongenhbrger, listenershadto
ratepleasantnessna 1-10scale.And, finally, in atestof thegrapheme-to-phonenemponent®f speech
synthesizergphonemicoutputwasmanuallychecledfor errorsby linguistsandlexicographer$Pols,1997.

Jointly, thesetestscover a wide rangeof evaluationneeds.Why is sucha wide rangeneeded?First,
synthesissystemsjn particularTTS systemsare multi-componensystemsandthe relatve performance
of thesecomponentwvariesacrosssystemsdueto differenceshetweenthe responsiblegroupsin termsof
resourcespriorities,andinnovativeness As aresult,differentsystemsxcelin differentways.Secondcom-
ponentperformancalependsritically ontext characteristicsFor example,includingrarewordstaxesthe
pronunciatiorcapabilityof a system but not prosodicor signalprocessingapabilities Lik ewise, including
text whosepronunciationinvolvesrare triphonesis primarily a challengefor the synthesiscomponent(if
concatenatie). Third, the perceptionof syntheticspeechs highly multidimensional. One dimensionof
perceptions theintelligibility vs. naturalnesslichotomy Thereexist systemghatsoundquite pleasanbut
arehardto understandandvice versa. The naturalnesslimensionis itself multidimensionalfor example,
howv dowe measurea systemthatproducesa click-freeyet gravelly voice competingwith a systemthathas
asmoothvoice but occasionatlicks.

The relatve importanceof the variousdimensionsof evaluation can be different acrossapplication
domainsor becauseof other extrinsic factors. In somelow-redundang applications,speechquality is
not importantso long as intelligibility is sufiicient. In otherapplications,the contentof the messages
reasonablyredictablewhich thenputsa premiumon how pleasanthevoice sounds.

Clearly evaluationof synthesizerss morecomplicatedhanevaluationof speechrecognitionor speech
coding systems. (As we shall notein Section5.1 the classicalmetric for evaluatingspeechrecognition
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systemdasbeenword-errorrate,which is easyto measureandthe DiagnosticRhymeTestis oftena quite
satishctoryway to evaluatecoders.) Yet, for severalreasonghe needsof customersandscientistsarenot
beingsenedby thecurrentlyavailabletests thewaysthey areusedandthewaystheirresultsarepublished.
Thetextual materialsareusuallyatypical,andit is difficult to judgeto whatdegreeresultsobtainedwith such
materialseithergeneralizeo real-world applicationor provide usefulinformationabouta TTS component.
For example,the DiagnosticRhymeTestdoesnot measurgerformancdor vowels, for consonantst the
endof syllables,or for unstressedgyllablesin polysyllabicwords. In addition, mary testtexts arepublicly
known (e.g.,the SUSparadigm)which allows TTS developersto fine-tunetheir systems.

Thereis no consensugn the speechsynthesiscommunityasto which if ary of thesetestsshouldbe
includedin an evaluationstandard.While mary of the testsare methodologicallysound,the truth of the
matteris thatmostof themaredevelopedeitherinternally by researchnstitutes,or aspartof a small-scale
collaboratve effort, to sene anadhocpurpose Few weredevelopedwith standardén mind (e.g.,theSUS).
And currentlythereareno researchnstitutesthatinvestin evaluationresearchFew of thesemethodshave
beenappliedto a broadselectionof systemswith subsequentlpublishedresults. A key causeof thatis
thatoncea methodhasbeenresearchednddevelopedapplicationof the methodto a large setof systems
andpublishingthe resultsis unexciting, expensve, requiresovercomingobstaclege.g.,systeminstallation
is oftenhard),andreceveslittle interestfrom scientificjournaleditorialboards.On the otherhand,speech
technologytradejournalsregularly perform a disserviceby reportingin often glowing termson vendor
preparedsystemdemonstrationsthoseof us who work on text-to-speechsystemsknow how easyit is to
prepareunrepresentate demonstrationthatcanbe quite compelling.

Harmful Effects of Poor or Absent Evaluation. Currently the speechsynthesizeuserhasfew options
that allow makingan informedbuying decision. The informationsimply is not there,and conductingin-
housestudies(suchasNynex performedSilvermanetal., 1990 Bassoretal., 1991]) is too expensve for
most. Onepoint of light is the TTS ComparisoriWebsiteat the Linguistic DataConsortium which allows
listenersto automaticallyselecttext from large text corpora,and generatespeectfiles from a numberof
TTS systemdor side-by-sidecomparisons.This alleviatesthe needfor local systeminstallationandtext
generationBut notall systemgarticipatein the Websiteyet (althoughthe numberis growing). In addition,
performingactualassessmentsingthesecorvenientlygeneratediles still requiresresourcesnary individ-
ualsor smallcompaniesio not have. Furthermorethe Websiteis moreof a serviceto consumerghanto
scientistssinceit doesnot provide for the component-ieel evaluationthatis necessaryor advancingthe
stateof theart.

Many scientificgroupsconductin-houseevaluations.Typically, theseevaluationsaretargetedat specific
questionsof no generalinterest,andfor that reasonaloneare not published. In fact, they usuallydo not
compardifferentsystemsut differentvariantsof oneparticularcomponenof their own system.However,
scientistsalsoneedto compareperformanceof their systemwith othersystemsput becausehis typically
requiresmoreresourceshanthey have, collaboratve efforts with publishedresultsareneeded.

Oneexampleof suchcollaborationis presentedby a projectinvolving Frenchlanguagel TS systemsn
France Switzerland CanadaandBelgium, focusingentirely on the pronunciatiormodule. Unfortunately
Frenchlanguagesystemsn countriesotherthanthesefour werenotinvited andtheresultswerekeptconfi-
dential. Also, the (European¥undingfor projectsof this natureis limited. As aresult,currentlyandin the
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pastscientistscanhave little hopefor suchcollaboratie efforts to helpthemin their evaluationneeds.

An interestingexampleof amoreopen,yetrelatively low-cost,collaboratve approachs thefollowing.
At the Third EuropeanSpeechCommunicationsAssociation(ESCA) Workshopon SpeechSynthesisat
JenolanCaves, Australia, the first InternationalTTS Evaluationwas conductedvan Santeretal., 1999.
Thisevaluationconsistedf threeformaltestproceduresvolving SUS,nenvspaperandtelephonedirectory
listing materials Participantsagreedhatthey hadobtainedvaluableinformationabouttherelative strengths
and weaknessesf their systemand of variousapproacheso TTS components. However, becausdahe
listenerswerethe participatingscientiststhemseles, resultscannotbe consideredscientifically valid and
hencepublishable.Furthermorepy prior agreementthe resultsof this evaluationmustnot be published:
thereforewhile theresultsareextremelyusefulto themary speeclsynthesiprofessionalsvho participated
in theworkshop,they areunfortunatelynot accessibleo others,suchasgovernmentfundingagenciesand
commercialdeveloperswho have aninterestin the currentstatusof TTS systems.

3.4 Commercial Systems

Speeclsynthesizerbiave beencommerciallyavailable sincethe mid-80s. In the late 90’s a rangeof com-
paniesdevelop and sell speechsynthesizergitherthroughdirect channelsor as OEM (Other Equipment
Manufacturer)suppliers. Thesecompaniesnclude (but are not limited to): Acu\oice, Inc., Apple Com-
puter Inc., AT&T, Bellcore,British Telecom,Compaq(Digital), Elan Informatique EloquentTechnology
Inc., Entropicinc., E-SpeectCorporation First Byte, IBM Corporation,Infovox, Lernout& Hauspie L u-
cent TechnologiesMicrosoft Corporation,RC Systems,SensimetricsCorporation,Soft\ice, Inc., and
Talktronics,Inc. In additionto thosecompaniesmary othercompaniedicenseandresellspeechsynthe-
sis products. For instance,somemanufcturersof soundcardsfor personalcomputersand somespeech
recognitionvendorsbundlespeectsynthesisoftwarewith their mainproducts.

The speechsynthesignarketplacecanbe divided by the deployment space:telecommunicationgyer
sonalcomputingand embeddedsystems. The following sectionsoutline the market presenceof speech
synthesisn eachof thesedomains.

In preparingthis reportwe soughtout market datafor inclusionbut wereunsuccessfulFrominformal
communicatiorwe infer thatthespeectsynthesisnarketis substantiallysmallerthanthe speechrecognition
market whichis estimatedat severalhundredmillion dollars.

3.4.1 Telecommunications

In thetelecommunicationmdustry speechsynthesiss currentlyusedfor informationprovision in aselec-
tive setof applicationdomains. The dominantforms of speectoutputin telecommunicatiormpplications
are pre-recordedspeechand concatenatedioice responsesystems.In both casegrofessionakctorsand
speakrsareusedto recordmessagefor later playback. With pre-recordedpeecharecordedutterancds
playedbackexactly asrecordedandsois only applicablewhenthe completesetof recordedutterancesan
bedeterminedn adwance.

Concatenatedoice responses a techniquein which utterancesre producedby joining pre-recorded
wordsandphrasego producenen utterance®n demand.This techniques very widely usedin telecom-
municationapplications. While this technologyhassomeparallelsto the concatenatie speechsynthesis
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systemslescribecelsavherein this report,thetechnologyis muchsimpler morerestrictve andis notgen-
erally thoughtof asspeectsynthesisThereis, howvever, alikelihoodthattechniqueslievelopedfor general
speecltsynthesicouldbeappliedto concatenatedoice responseo increasats flexibility .

In applicationgn which it is not possibleto determineall utterancestructuresn advance,in which the
vocalulary is so large asto prohibit a completerecording,or in which costis the driving factor speech
synthesigs used.Currently this is a minority of the telecommunicationapplications.Oneinstances the
useof speechsynthesidor automatedeversedirectory assistancesystemswhich have intrinsically large
vocalulary thatincludesall the surnamesn the US. For example,Bellcores ORATOR speechsynthesizer
is deploedfor thereversetelephonalirectoryservicesof AmeritechandBell Atlantic.

3.4.2 EmbeddedComputing

A numberof speectsynthesisrendorshave producedcompactspeectsynthesizersor theembeddedom-
puting market. However, aswith the telecommunicationswdustry mostof the speechproducedautomati-
cally by smallelectronicandcomputingdevicesis eitherpre-recordedpeechpr large concatenatedhunks
of speechbecausef its preferablevoice quality Neverthelesstherearelimited circumstance which
speechsynthesidgs requiredandis in use. Oneinstances the provision of spolen directionsin car navi-
gationsystems.n this applicationthe vocatulary is large (all streetandtown namesn a setof statesyand
audibleinstructionsare desirablesincea driver shouldnot divert his or her attentionfrom looking at the
road.

Becausef theextremeconstrainton CPU power, memoryandphysicalspacethe speechsynthesizers
usedin embeddedechnologyhave typically beensimplerthantheir desktopcounterpartswith a resulting
reductionin outputquality The systemsare typically formant-basedmore compactthan concatenatie
systems)andthetext andprosodicprocessingcapabilitiesare limited or non-istent. As the computing
resourcesn embeddedsystemscontinueto increasemore adwvancedfunctionality will be integratedinto
embeddedpeechsynthesizerso improve quality. However, evenwith arapidgrowth of computingpower,
it will bemary yearsbeforethe morecompute-intense synthesigechnologiessuchaslarge-databasanit
concatenationganbe appliedto embeddedlevices. Therefore ongoingresearclon compactechnologies,
suchasformantsynthesisyemainimportantto this applicationdomain.

Thekey adwantageof speechsynthesisn thisdomainis compactnessA speakr or headphongack can
besubstantiallysmallerthanusinga screerfor informationoutput. Thus,improvementsn speectsynthesis
quality will enablea substantiatlassof personaldevicesandtamgetedcomputingmodulesthat would not
be possiblewith otherinformationoutputmechanismsAs with the otherdomainsof speectsynthesisise,
thelimited acceptabilityof speectsynthesiguality is the limiting factor

3.4.3 PersonalComputing

Most of the companiegproducingspeectsynthesissell into the personacomputemarketplace.Although
therearedirectsalegshrink-wrapandinternetdistribution), speechsynthesigproductsaremostlydelivered
to usersassoftwarebundledwith soundcardsanddictationsoftware.

An importantsggmentof the speectsynthesignarket for personatomputingis assistve technologies.
The Trace ResourceBooK1996-1997Edition) lists over 300 assistve technologyproductsthat incorpo-
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rateor canutilize synthesizedr digitized speechoutput. Severalimportantproductcatgoriesusespeech
synthesisto improve accesgo information, applicationsand servicesfor userswith a rangeof physical
limitations. Key cateyoriesincludevoice browvsersandweb browserswith speectoutput(e.g.,Productvity
Works pwWebSpeak)screerreaderge.g.,JAWS, outSPOKEN),augmentatie technologythat links with
accessibilityAPls on computingplatforms(e.g.,Suns Java AccessibilityAPI, Microsoft Active Accessibil-
ity), andbookreadersombiningscannersvith speectsynthesige.g.,Arkenstone).

Despitethe potentialutility of speeclhsynthesissanassistve technologyits useis notaswidespreads
it couldbe. Of themillions of potentialuserspnly afractionusespeeclsynthesisThefirstinhibiting factor
is the price of PCs. The secondfactorhasbeenthe costof speechsynthesizersvhich, in hardware form,
have costhundredsf dollars. With the substantiatiropin PC pricing andthe availability of software-based
synthesisthe dominantfactoris becomingthe quality of speechsynthesis.Evenwith a compellingneed
for speechsynthesismary potentialusersof assistve technologyare deterredby syntheticvoice quality.
Any improvementin speechsynthesigquality thatarisefrom increasedesearchwill affect deploymentto
theaccessibilitymarket. Thisis not, however, amarketin which the vendorshave a sufiicient profit margin
to drive the pureresearcineededo improve speectsynthesis.

A quicktour of the history of oneproduct,DECtalk, is instructve on the progressiorof the speectsyn-
thesismarket. DECtalkis probablythe bestknown andmostrecognizablespeechsynthesizere.g.,it is the
voice of the physicistStepherHawking. Developedat Digital’s CambridgeResearcliab in Massachusetts
with technologyfrom MIT’ sMITalk projectandtheKlatt synthesizefasdescribedn Section3.1),DECtalk
wasrepresentate of thefirst generatiorof speectsynthesizerslt was:

e Hardware-baseda box connectedo its hostby a serialconnection
e Basedonformantsynthesis

e Expensie ataround$4000perunit.

Along with mostcommerciakpeechsynthesizerghe evolution of computingtechnologyhashada signifi-
cantimpactuponDECtalk,whichis now availableasa softwareproductat a muchlower cost.

Importantly theincreaseccomputingpower of personacomputersaandthe nearubiquitousavailability
of audiooutputhardwareon thosePCsallows speectsynthesizerso be deplo/ed assoftware-onlyproducts.
The software-onlyproductsare significantly cheapei(or virtually free whenbundledwith otherproducts).
For example,for sereral years,speeclhsynthesizerdiave beenbundledwith Apple Macintoshcomputers
andwith Creatve LabsSoundBlastercardsessentiallyfor free.

3.4.4 ConsumerAcceptance

In eachof theapplicationdomaingdiscusse@bore theissueof speectsynthesigjuality emeges.In prepar
ing thisreport,asearctwasperformedor independenénalysiof speectsynthesigechnologyandthemar
ket (e.qg.,throughindependentonsultanteports).Surprisinglylittle informationandanalysisvasavailable,
especiallyin comparisorto the numberof reportsandproductevaluationsfor speechrecognitiontechnolo-

gy.
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Thosereportsavailablepointto speectsynthesis/oice quality asthekey issuein thelack of penetration
of the technology The improvementsin computingpower and price have not beenmatchedby improve-
mentsin thevoice quality of the products.Thus,while virtually every speectsynthesigproductis promoted
ashaving “natural-soundingoices,the perceptiorof mostpotentialcustomerss notso positive.

For instancefrom areportcited by the GartnerGroup[Michalski, 1997

“We reggret to reportthat text-to-speels technolayy hasbarely advancecver the pastdecade
probably becausat isn't as usefulto national securityas speeb recaynition. The“drunken
Swede”is alive andwell”

Fromanothereporton TelecomStratgies[Forrester 1999

“Time for the text-to-speels vendos to hire a speeb coad. Ever hear how text-to-speel
platformsreadbad words and numbes in a stilted monotoneAVhosevoiceis that? ... since
thespolen phrasesare madeup of a seriesof wordsassembledniquelyfor ead playbad, the
taskof integrating punctuationand inflectionhasbeena bear Forresterthinksthat firmslike
IBM andLernout& Hauspiewoulddowell to investin putting personalityinto their systemso
speedacceptanck

If wereview thelist of vendorsof speechsynthesisasubstantiahumberaretoo smallto investthefunds
requiredto make a paradigmshift in thetechniquesandresearctof speectsynthesis.Thisis compounded
by the low maigins of the businesgbecausef software bundling) andtherelatvely small custometbase.
For the othercompanies predominantlycommercialatmospherexistsin which researcHindingsarenot
publishedo the extentrequiredto fosteropenscientificcollaboration.

Wethereforereturnto thekey issueof thisreportwhichis thatdramaticadvancesrerequiredo produce
thespeectsynthesigechnologyrequiredto drive aspolenlanguagenterfaceto computersthatthecurrent
researchervironmentwill not achieve this objective, andthusa coordinatedunding effort is requiredto
revitalize speectsynthesigesearch.

4 FUTURE SCIENCE AND TECHNOLOGY :
WHAT WE NEED TO BE ABLE TO DO

This sectiondescribescurrentchallengedacedby the synthesigesearclcommunity Many of the road-
blocksin current-dayjtechnologycould be overcomemore easilywith a betterfundamentalinderstanding
of speechproductionand perceptionat a cognitve, psychological physiological,andacousticlevel. Sec-
tion 4.1lists anumberof basicscientificquestionghatarein needof investigation.

Application of knowledgemustproceedn tandemwith basicscience.Much canbe gainedby devel-
opmentof computationamodelsthatallow implementatiorof theoriesand manipulationof perceptually-
relevant dimensionsof speechsignals. Basic scienceshouldprovide intuitions for practicalmodels;the
shortcoming®f practicalmodelsshould,in turn, poserelevantquestiongor science Sectiond.2 describes
areaf computationalmplementatiorthatshouldbe exploredin tandemwith basicscientificstudy

Finally, aswe have arguedin theprevioussection speectsynthesisesearctis currentlylimited by alack
of principled evaluationmethodologies Evaluationis neededor understandinghe limitations of current
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systemsyhichis anessentiafirst steptowardsfinding new speechmodelsandsynthesislgorithms.While
the provision of commonresourcexan help addresghe problem,thereareimportantresearctguestions
associatedvith evaluationthatmustbeinvestigatedasdescribedn Section4.3.

As aprefaceto thesectionghatfollow, we notethatthis chaptercannotenumeratell importantaspects
of speeclsynthesigesearchin partbecausehesewill necessarilyevolve asresearcladwances New areas
will emegeandotherswill fold. Theissueshighlightedhererepresenareaghatmary researcherghink are
importantfor advancingscienceandtechnologythoughthereis certainlysomedisagreemenbn priorities.
Whatshouldbe clearfrom the listed areass thatthe researcineededs clearly interdisciplinary including
linguistics,psychologyphysics,computerscienceandengineering.

4.1 Advancesin BasicScience

Speechsynthesiss, aswe have shavn, a highly multidisciplinaryfield. Not only arethe problemsdiverse,
requiringthe talentsof peoplefrom varied backgroundsbut the integration of variouscomponentsnto a
working systenrequireghatpeopleworking on onecomponenbe awareof therequirement®f othercom-
ponents.Soresearchermustbe specialistsput at the sametime mustbe sensitve to issuesoutsidetheir
own particularareasof expertise. Clearly, then, multidisciplinary approacheshouldbe encouragedand
studentshouldbetrainedto maintaina holistic view of the entirespeectsynthesigprocesgin humansand
machines)gvenwhile they focusintently on atopic of interest.Similarly, althoughthe researchssuedis-
cussedn the sectionsbelon arelumpedinto cateyories,their heaily intertwined,multidisciplinarynature
shouldbekeptin mind.

4.1.1 Text Analysisand Generation

Auditory displays of information. Scientificadwancementsn text analysismustinclude betterunder
standingof the ways humansencodeinformationin text, andwaysin which this information canbe ren-
deredvia othermodalitieslike speech.We mustexplore more abstractepresentationsf informationthat
will male it easietto translateamongandintegrateoutputmodalities.The outcomeof betterunderstanding
in this areacouldtransformthe way we distribute information. In sucha framework, userandcontext could
determinewhetherthe “display” is audio,text, graphicor a mixture.

Variousdomain-specifigituationsinfluencehumantext analysisprocessesandtheseneedto be better
understood For example,tablesof sportsscoreanight be readquite differently from bustimetables.Ren-
deringtwo-dimensionalayout informationfrom World Wide Web pagess often necessaryo understand
their content.Understandingheway humangepresenhierarchicaktructurein speechs anotheimportant
area,especiallyfor prosodypredictionfunctions. This includesstudy of given/nev structurein dialogs,
focus,intentional/attendnal structure turn-taking,andtopic structure.

Pronunciation. A catalogingof waysin which stringsof characterganbe read,bothwithin Englishand
acrosdanguageshouldbe undertakn. For example:the numbersequencé1928” might be readas“one
nine two eight” (if it is a telephonenumbey for instance);or as“nineteentwenty-eight” (if it is a year);
or as“one thousandnine hundredandtwenty eight” (if it is interpretedas an ordinary number). While
this particularinstancemay seemtrivial — for suchnumberstringsthereis a handful of ways of saying
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them— therearemary differentclasseshatneedto be covered,andeachof theseclassesieedgo bewell
understoodThusfor eachclassof text string (digits, capitalizedsequencesnixed casewords, mixturesof
digitsandletters,. . .), we mustbetterunderstandhis setof optionsin ageneraklway, for multiple languages.
We mustalsogain a betterunderstandingf the rangeof kinds of featuresthat affect lexical decision. At
presentesearchergypically usea mixedbagof featuregwordsin theimmediatecontext, wordsin awider
contet, local partof speechsequences,..) thatseem‘reasonable”.Otherfeaturesthat might influence
thesedecisionsshouldbeinvestigated.

Prosodically-motiated text analysisand generation. We needa betterunderstandingf what factors
conditionprosodicphrasingandaccentingdecisionswhich areessentiato structuringthe messagéor the
listener In thelimit both of theseproblemsmay;, of course,requireoneto solve the generalproblemof

naturallanguageunderstandingtHowever, it is likely thatonecanfall far shortof thatgeneralgoal,andstill

make substantiaprogresson theseissues.For example,it may be possibleto obtainhigh quality prosodic
phrasingrom acoarseclauseor noun/ierbgroupbracletinginsteadof afull syntacticparse Knowledgeof

the key syntacticconstituentdor prosodypredictioncould inform template-basedeneratiorsystemghat
do not male useof detailedsyntacticrepresentationsSimilarly, a betterunderstandingf whataspectsf

focus structureand semanticrepresentationare neededor properaccentplacementcould suggesbther
simplified text analysis/generatiostructures.Finally, understanding@ndthenautomaticallyextracting (or
generating}hefactorsthateffect degree of emphasiss atopic thathasbarelybeenaddressedtall.

4.1.2 Linguistics and Prosody

Prosodyin discourseand dialog. Oneobviousapplicationof synthesiss in systemgshatusenaturalspo-
kendialoginterfacesto information. For thesesystemdo grow beyond simplemachine-initiategorompts,
synthesizersnustbeableto convey subtleprosodiccuesto the“commonground; or stateof mutualunder
standingbetweerthe corversants.Therulesfor controlling prosodyin dialogsmustbe betterunderstood.
Relatedquestionsncludethefollowing:

e Whatis theeffectof turntakingin discourseon prosody?

e How canwe modelthecommonground?

How canwe dealwith the oftenagrammaticalanguageof dialog?

How doesthe given/nav attribute (or attentionalstructuremore generally)influencede-accentingn
adialogsystem?

How do differentfactorsinteractto influencethe choiceof intonationmarker associateavith aphrase
boundaryor accent?

Acoustic and visual correlatesof prosody Traditionally the resultof prosodicanalysisin synthesizers
hasbeensimply a fundamentafrequeng contourandsegmentaldurations. This areaof speeclsynthesis
still requiresconsiderableesearctbut therearemary morevariablesrelevantto humanprosodythatalso
needto bemodeled.
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e How is glottal wave shapeand voice quality affectedby pitch range,accentplacementand other
characteristicsThis knowledgeshouldinfluencewaveformgenerationmesearch.

e How do articulatoryconstraintan casualor fastspeechinfluencethe degreeof lenition or coarticu-
lation? Whatis the relationshipbetweenarticulatoryeffort and prosody?For example,how tightly
doesthespealker make closuredor variousspeectstyles?

¢ How canwe move away from durationas a primitive to timing, to sub-phonedurationcontrol or
timing of gestures®hatis the bestway to characterizespeakingatevariations?

¢ In avisual speechsystemword and phraseboundaryinformationareusedto control blinking, eye
movementsandheadnodding,andpitchis usedto controltheeyebravs [Massaro,1998. An impor
tantissueis how bestto corvey emphasisn the visual synthesis.

Speechstylesand emotion. A frequently-citedshortill of currentsynthesizerss thatthey lack the abil-

ity to change“style” or emotionalcharacteristics Laypersonsand researcheragreethat communication
involves muchmorethansimply the linguistic messageParalinguisticaswell aslinguistic informationis

necessaryor optimalcommunicatiorandunderstandingHowever, mostpeoplearehard-pressetb define
the specificacousticcharacteristicef a particularstyle or emotion,eventhoughthey caneasilyidentify the

stylesthemseles.In addressinghis area,jssuego addresshouldinclude:

e Whatfindingsfrom currentsociolinguisticresearcton style arerelevantto the realmof speechsyn-
thesisresearch?

¢ Whatarethedeterminant®f particularstyles,the characteristicthatmake a speakingstyle coherent
andthefeatureghatdiffer with gendeydialector otherfactors?

¢ Whatarethecommunicatie purpose®f variousstyles?

¢ Canwefind appropriatdramevorksto answetthesequestionsn waysthatareusefulfor generalizing
knowledgefrom onevarietyto another?

Analogoudo auditoryspeeclsynthesisresearchn visible speechsynthesidhiasbeendirectedprimarily
atthelinguistic dimension®f speectbut it is importantthatthe paralinguisticonesbedevelopedin parallel.
Similar effort shouldbe devotedto the synthesiof emotionaldisplaysthatoccurnaturallywith speech.

4.1.3 SpeechPerception

Furtherwork is neededo understandpecificaspect®f humanspeectperceptionto aidin thedevelopment
of advancedalgorithms.For example,in concatenatie synthesisthe fundamentabhssumptions madethat
atevery pointwherewaveformsarejoined,the acousticsare“similar enough”thathumanswill notbeable
to detecta discontinuity Althoughrecentconcatenatie systemsave utilized measuresf “targetcost” and
“concatenatiorcost” [Hunt andBlack, 19964, few speechperceptionexperimentshave beenconductedo

offer guidanceon theappropriatenessf thesemeasures.
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Theliteraturecanprovide insightson conceptdik e “just noticeabledifferences’andtemporalmasking
windows, but this body of work needgo be augmentedby experimentghat closerapproactthe conditions
foundin speechsynthesislgorithms- concatenatie or otherwise. Theamountof variationconsidereaatu-
ral by alisteneris heavily dependentn contet. Certainunit concatenationsr modelparametetransitions
soundunnaturalfor the simplereasonthatlistenershave aninnateunderstandin@f the patternsandtime
constant®f speectproduction,andknow thatcertaintransitionsareimpossible.Humanlistenersintegrate
a large numberof redundantues,which may not all be necessaryor intelligibility but may beimportant
for naturalnessWork leadingto betterobjectve measure®f perceved discontinuityandthe interdepen-
denceof redundantueswill allow muchmoredirect optimizationof synthesisalgorithms. For example,
in concatenatie synthesisunit mismatchesould be concentratedn segmentswherethey would not be
noticed.Thisis similarto the stratgiesusedin audiocompressiorwherequantizatiomoiseis shapedo fit
anauditorymaskingcune.

In additionto perceptuaimeasure®f spectralcontinuity a betterunderstandingf the perceptionof
prosodicfeatures style andmoodsis importantin advancingthosefields. Also, asa later sectionexplain-
s, researchon speechperceptionis fundamentako developmentof effective and meaningfulassessment
paradigmdor speectsynthesis.

4.1.4 Acoustic Modeling

Fundamental understanding of soundgenerationin the vocaltract. Becausef thedifficultiesin col-
lecting dataand modelingthe nonlinearacousticalpropertiesof soft tissue,knowvledgeof the underlying
acousticof speectproductionis ratherrudimentary Furtherwork is neededo collectvocaltractgeometry
dataandusethesedatafor high-precisiormodelsof flow fieldsnearconstrictions.Thiskind of researchun-
derpinsresearclon fully parametricarticulatorysynthesisput couldalsohave animpacton the structuring
of otherkindsof knowledge-basedlgorithms.

Acoustic manifestationsof spealer and speakingstyle. Thereis currentlygreatinterestin the speech
synthesicommunityfor creatingsynthesizersvith desiredvoice quality, emotion,anddialect. The basic
researchnecessaryor this to occurcomesfrom mary differentareasjncludingthefollowing:

¢ Theeffect of speakingstyle on the dynamicsof theuppervocaltract,includingtherelative timing of
articulatoryevents,aswell asaerodynamicsindlaryngealphysiology

e Therelationbetweendialectandintonationalcharacteristicsandthe individual spealkr differences
in thisrelation.

Variability .  In mary respectsspeectsynthesizerhiave beendesignedo male “safe” assumptionshat
avoid grossmistales. However, this meanghatthey alsoavoid mary aspectof the variability obseredin
naturalspeech.Researchhat characterizeghe dimensionsof variability in one spealkr’s voice or across
speakrsis needed.This researctwill enablesystemgo producespeechthatis lessmonotonoudor the
listenerandthatincorporatescousticvariationscorrelatedvith stressemotion,andvariousprosodiccues.
A betterunderstandingf cross-speads differencewill leadto methoddor transformingspeeclsynthesizer
outputsto resemblenultiple talkers.
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4.1.5 Visible SpeechSynthesis

Production Models of Synthesis. An importantissuefor achiezing realisticvisible speechs how specific
speechsggmentsare combined. Alternative modelsof coarticulationand different sggmentalapproaches
shouldbe evaluated.Simplermodels(e.g.,oneusingsimplerparametridnterpolation)shouldbe testedas
a baselinefor comparison.Analogousto auditory speechsynthesisa comparisorbetweenmodel-drizen
parametesynthesishouldbe evaluatedagainsidiphoneconcatenatiomnodelsin which coarticulationcan
go nofurtherthantheadjacenphoneme.

Individual Differencesand Structural Modeling. Given that talkers differ in both their structureand

speecharticulation,it is importantto modelthesedifferencespothfor modelsof speectproductionandto

investigatehow humanspeechperceptionfunctionsin light of thesedifferences.The useof a variety of

talkersis necessaryo achiese a true picture of which cuesareused. Concentratioron too smalla sample
of natural(or synthetic)facescanleadto lack of generalityandecologicalvalidity. Syntheticvisualspeech
shouldsimulatethe samevariety of talkersthatpeoplefacein therealworld.

Texture and intelligibility . Oneimportantissueto be resohed is whetherthe speechntelligibility of a

neutralsyntheticfaceis comparableo that of a texture mappedface. A questionto be answeredy this

comparisons whetherhaving the additionalfacial informationmight help performancee.g.,by focusing
attentiononthecritical facialfeaturespr alternatvely hurtperformancde.g.,by obscuringhepure,abstract
facialfeatures).

4.2 Advancesin Technology

Many of the scientificchallenge®utlinedin Sectiond.1will requireconsiderabléechnicalinnovation, but
therearemary othertechnicalproblemshatalsoneedattention.In this sectionwe focuson developmenif

practicalcomputationamodelsbasedon fundamentakcientificresults.Onecomponenof the goalis still

a betterunderstandingf the humanspeectproductionprocesshut the pathto getthereincludescreating
practicalsystemsghatsatisfytherequirement®f applications.

4.2.1 Domain-specificModeling

In the speechrecognitioncommunity a usefulapproacthasbeento optimize and evaluatesystemperfor
manceon constrainedaskswithin a particulardomainsuchasair travel reserations, Wall StreetJournal
financialnews reports,etc. It is oftenamguedthat progressn speectsynthesishasbeenheld backin some
wayshy trying to tackletoo generala problem,that of “unrestrictedtext input”. Too mary compromises
mustbe madeto generatéreasonable’butputacrossa rangeof differentdomains.In contrastthelexical,
prosodic,and sggmentalacousticfeaturesof speechconstrainedvithin a particulardomainaremore pre-
dictable.Thereforejt maybepossibleto accelerat@rogresdy studyinga portfolio of applicationdomains
insteadof unrestrictedl TS.

Implementatiorof this approactrequiresan initiative thatlays out compellingapplicationsto engage
multiple researchgroupsand usercommunities. Moreover, applicationsmust be chosenthat can drive
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researchand advancethe field for several yearsto be replacedthen by more complex and challenging
applications. This approachwill have the broadesimpactif it is thoughtaboutasbroadly aspossible—
thatis, if the focusis on developing modularapproacheso that technological/reseeln adwancescanbe
reappliecto new domains.

4.2.2 Text Analysisand Markup

Languagemodeling. An importantareaof futureresearclhis theinvestigationof languagemodelingtech-

niguesin text-to-speectsynthesis.The traditionalmodelin speectrecognitionis the noisy channeimodel

wherethe speectsignalis modeledasa noisy representationf the word sequenceln orderto reconstruct
whatwassaid,oneneedsa languagemodel,or in otherwordsa modelthatcanestimatethe probability of

agivensequencef words. Although somelanguagenodelingtechniquesave beenusedin text-to-speech
synthesige.g.,in sensadisambiguation)therehasnot beenary extensve useof suchmethods.The com-

monconceptions thatin text-to-speecttornversiononebasicallyknowvs whatthewordsare,unlike thecase
of recognition.But thisis notreally correct:written languagas animperfectrepresentationf the underly-
ing linguistic messagéntendedby the writer. As we have notedelsavhere,stringsof characterganoften

be pronouncedn morethanoneway, andthe situationis muchworsein somelanguageghanin others.
Written languageonly inconsistentlyrepresentsntonationalphrasingthroughthe useof punctuationand
almostnever representsiccenting.In orderto reada text aloud,one mustreconstruct large amountof

informationthatwasnot provided by the writer.

Markup languages. A fundamentaboalis to endav speechwith the propertiegshatmalke text souseful:

thisincludescompositiorntools,easybrowsing, summarizationetc. Markuplanguagesik e thosedescribed
in Section3.2.1solve partof this problemby augmentingext with cluesfor the systemo usein generating
speeche.g.,emphasizeTHIS word). However, noneof the currentmarkuplanguagesolwe all interface
needs.For example,if onewantsto specifythata given utteranceshouldhave “a final fall startingthree
syllablesfrom the end and descendingt a rate of 30Hz per syllable; thereis no way to do so. Quitea

few specificsynthesissystemshave their own idiosyncraticwaysof specifyingsuchthingsbut thereis no

standard.

Thus,thereareactuallytwo differentlevels of markupneeded:

e Synthesisnarkup- theinputto controlawaveformgeneratoor visual speechsynthesizer

e Languagemarkup- the outputof alanguagegeneratqror of automaticext-annotatioralgorithms.

Part of the problemin creatingthesestandardss a lack of generaltheoreticalagreemenfespeciallyin
the areaof intonationalmodelingand emotional“constituents”)on what kinds of things shouldbe under
the control of the markupinterface and how they shouldbe specified. But part of the issueis that the
synthesisandend-usecommunityhasnot yet systematicalljthoughtout the thingsthatonewould wantto
be ablecontrolwith a markuplanguage In addition,the naturallanguagegeneratiorandspeechsynthesis
communitiemeedto be mutuallyinformedaboutwhatNLG canprovide andwhatsynthesizersnight want
to use.Standardizindgoo earlyis dangeroudecausdt canconstrainthe researchbut proposingacommon
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form allows peopleto debatethe merits of specificfeatures. For the specialcaseof synthesizingvisual
speechthereis alsothe possibility for graphically definedmarkuplanguages.For examples,scientists
shouldbeableto graphicallydrav anddisplayemotionalintensitiessuperimposedn thetext.

4.2.3 Computational Modeling of Prosody

Thefailure of mary currentspeectsynthesisystemdo producenaturalprosodiccharacteristicgs a major
hindranceto wider applicationof thetechnology Researclinto bettermodelsof prosodiceffectsis needed,
andtheirimplementatiorin novel applications.Therearetwo classe®f “prosodicmappingsto consider
Onemapsknowledge aboutthe discourseto a descriptionof tone/accenplacementandtype. The other
mapsbetweerthis (symbolic/catgorica) prosodicmodelandwaveformsynthesigparameters.

Mapping syntax and discoursestatesto prosodicmodels. Computationallyefficient methodgor using

high-level discourseinformationin prosodypredictionshouldbe investigated,including robust learning
algorithmgfor trainingfrom sparsedata. Theideaof developingtechniquesgor specificdomaings especially
relevantto this problem.New algorithmsfor uncoveringtherelationshipsetweersyntacticandconceptual
structuresand prosodicstructuresshouldbe developedand exploited. A fundamentaljuestionconcerns
howv onemight build on the mappingsdiscorered/modeledor one discoursestyle to bootstrapto models
for anotherlanguagevariety In otherwords,whatis the computationaframenork for style adaptatiorn(or

adaptationof dialect, speakr, etc.)? Methodsthat take advantageof commoncore knowledge could be

automaticallytrainedfor new components.

Mapping symbolic prosodicmodelsto waveform synthesisparameters. In this area,continuedeffort
mustbemadeto developnew datadrivenmethodghatincorporatejimplementandtestexperimentaresults
from the linguistic scienceslIn generalwe needto move away from equating‘prosody” with “segmental
durationand FO” andexplore how prosodicstructureaffectsall aspectof the speechsignal. An example
is the issueof “duration” vs. “timing”. modelsare neededhat go beyond manipulatingintenal lengths
assignedo independensggmentsin sequence.This is necessaryo modelvariationin speedof transi-
tion andtransitionshapefor relevant parametersaswell asalignmentbetweenthe changingparameters.
Modelsshouldcover spectralparametergspectralcoeficients,spectratilt etc.),acousticprosodicfeatures
(fundamentafrequeng, enegy etc.)andary otherdynamicallychangingparameters.

4.2.4 Knowledge-basedAutomatic Learning Techniques

A generalareain needof much further researchis automaticmethodsfor deriving synthesizeracoustic
parameterand“rules” from speechdatabasesCombiningrule-basedand automaticlearningtechniques
necessitatetheinventionof waysto incorporateknowledge, structure pr constraintgnto automatidearning
or optimization.Thecombinatiorof rule-base@ndautomatidearningapproaches importantbecauséhey
complemenbneanother:knowvledgeis usedto definethe spacein which the automatidearningprocedure
works. Knowledge-drnven automatidearninghasalreadybeenexploredwith successn aspecof prosodic
modelingandsuchwork shouldbeencouragedin addition,moreeffortsin theareaof waveformgeneration
areneeded.

44



Unit selection. In concatenatie synthesisunit selectionshouldbe viewed as a generalparadigmfor

modelsthat can“learn” from data,insteadof simply a way to pastewaveformstogether This calls for

knowledge-basednodelsmotivated by fundamentalscience,not brute-forcedatamining. In particular

more work is neededto find speechsignal modelsthat offer as much parametriccontrol freedomas a
formantsynthesizerbut are ableto presere lesswell understoodine detailsof the signals. In addition,
the useof temporalfeaturedescriptionsoroaderthanthe typical 20 ms “frame” of cepstragtc., shouldbe
explored,including modelsthat cantake advantageof maskingpropertiesof hearingandthatincorporate
aspect®f voice quality andotherprosodicdimensions.

Parametric synthesis. In parametricsynthesisphone-to-parametérajectory rulescanbewritten sothat
thetrajectoriesare mathematicafunctions,suchasstraightlines, which themseles have the free parame-
tersof slopeandintercept.Usinganalysis-by-synthéstechniquegoptimal matchof acoustigparameters),
theseparametergould be adjustedto fit the averagespeechpatternsof a large group of speakrs, or the
speeclhpatternof a singlespealer. Theresearchinto this areawould involve determiningthe perceptually
salientacoustideaturego useasmatchingcriteriain theanalysis-by-syntbds procedure Researchvould
alsoneedto be conductedn which synthesizeparametefeaturescorrespondo the salientacousticfea-
tures.Furtherresearclhinto thealgorithmicaspect®f optimizationandautomatidearningin this particular
applicationwould alsobe necessary

4.2.5 Acoustic Parameter Generation and Signal modeling

A setof diverseandinnovative techniqueshouldbeencouragetb addressheproblemof generatingpeech
waveformsfrom asymbolicrepresentationf linguisticinformationfor anutteranceThis stratgy cansene
boththe purposeof enhancingour understandingf vocaltractacousticsaandin producingusablesystems
in the near to medium-term.

Moving from symboliclabelsto multi-dimensional trajectories. Thetransformatiorfrom independent
symboliclabelsto multi-dimensionakrajectoriescanbe instantiatedasthe transformatiorfrom phonesto
articulatorytrajectories.This transformations a vital partof articulatoryandquasi-articulatorysynthesis.
The researchin this areahaslargely beenundertakn in relationto health, psychological,and linguistic
issues.Therehasbeensomeinterestin this areaof researctirom boththe speechsynthesigechnologyand
automaticspeeclrecognitioncommunities.

In the United Statestherehasbeengenerallyonly a small degreeof interactionbetweenthe linguis-
tic/healthrelatedspeectphysiologyresearcherandspeechechnologyesearchersA muchgreateramount
of collaborationbetweenthe two groupscould greatly improve the prospectdor parametricarticulatory
synthesisand formantsynthesiswhile increasingthe knowledgefor the implementatiorof concatenatie
synthesis.

Voicesourcequality transformations. Theterm‘voicequality’ usuallyrefersto perceptuafeaturesuch

asbreathinesg;reakinessandwhisperiKlatt andKlatt, 199Q ChildersandLee, 1991, ChildersandHu, 1994.
Several studieshave emphasizedhat breathinesss importantto the synthesisof a realisticfemalevoice
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[Klatt andKlatt, 199Q Trittin andde Santosy Lle6, 1995, which is importantsincein mary wayssynthe-
sizedfemalevoicesstill talk like men.Voice quality mayalsobe importantfor implying emotiondik e sad-
nessor disgusfMurray andArnott, 1995. Mostapplicationf voicequality modelinghave focusedonfor-
mantsynthesigKlatt andKlatt, 1990 ChildersandLee, 1991, ChildersandAhn, 1995 or have usedsyn-
theticpulse-acitedlinearprediction[ChildersandHu, 1994 Cummings 1992 CummingsandClements,1993.
For waveform-concatenate synthesiswaveform modificationtechniquesare necessaryWhile it may be
possibleto capturesomeeffectsasaby-productof unit selectionfrom alarge databasé¢e.g.,occasionaend
of utterancecreak),the combinatoric®f speecHeaturedictatethatmodificationof waveformswill always
beneededit is simply not practicalto recordandstoreredundansegmentswith severalvoice qualitiesand
otherprosodicfeatures.Given the growing popularity of waveform concatenatiomethods yvoice quality
modificationcould have adramaticimpactby offering a new dimensionof expressienesdo speectsynthe-
sizers.Advancement& waveformmodificationtechniqueso achieve aspecificvoicequalitywould require
techniquedor automaticextractionof voice quality parameterandotherlaryngealfunctionindicators.

Fundamentdrequeng modificationtechniquesn waveformsynthesizerareanotheimportantclassof
algorithmsfor advancingthetechnology Most currentapproachemake the assumptiorthatthe vocaltract
transferfunction(i.e., the spectralkernvelope)andthe glottal source(excitation pitch pulses)areindependent
of eachother Thisis ausefulassumptiothatgivesreasonableesultsfor smallmodificationshutit ignores
importantdetailsthat areimportantfor moredrasticpitch variations. Becauseof interactionsbetweerthe
glottal sourceandthe vocal tract (dueto the time-varying coupling of the tracheato the acousticsystem)
andreconfiguration®f the articulatorsthetransferfunctionof the vocaltractchangesvith pitch andvoice
sourcequality [Titze, 1994. More detailedstudyof theinterdependencef fundamentafrequeng andthe
vocal tract transferfunction is neededalongwith the developmentof signal processingnodelsthat can
incorporatehis knowvledgegracefully

Voicecorversion mappings. Theapplicationof synthesiftenrequiresheuseof multiple voices.How-
ever, thewaveformconcatenation-basd approachrequireghatalarge,annotateaorpusof speectbestored
onthecomputerfor eachvoice;formantor articulatorysynthesizersequirecodingof alarge setof nev mod-
el parameters$o describethe new voice. Sufliciently accuratdabelingof corporais not yet automatic.and
the complicationsof collectinga goodquality corpusare significant. Techniquedor rapidly transforming
the systems voice characteristic$o thatof anotherspealer could potentiallyallow oneto reuseanexisting
voiceto synthesizespeectin aanothervoice basecdn a smallamountof adaptatiordata.

Most previous approaches$o this problemhave relied simply on variousforms of regressionrmapping
betweersource-taget pairsof spectraffeatureqe.g.,LPC or cepstrakoeficients)
[Kain andMacon,1998 Stylianouetal., 1995 ArslanandTalkin, 1997. Although mary acousticcorre-
latesof voiceidentity arecarriedin thespectrakrvelope[K uwabaraandSagisakal994, aframe-by-frame
spectralimappingdoesnot capturesystematiacross-speal variationsin timing, voice quality, intonation,
or othersupra-sgmentalfeatures Much furtherwork is neededo allow understandingndmodelingthese
differencedo producemorerealisticvoice corversionresults.
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4.2.6 Visible SpeechSynthesis:Enhancing Realism

A long-termgoal of visible speectsynthesisvould beto simulate ascloselyaspossible the physiognomy
of ahumantalker. To enhanceherealismandexpressienesf thevisualrepresentationf thetalking head,
it is importantto: 1) develop and programa realistictongue,hard palate,and soft palatewith a movable

velum; 2) includea fully threedimensionalrepresentatiomf the headincluding ears,hair, top, sideand

backof head,andneck; 3) have fine detail of the talker’s facial features;suchasforehead eyebravs and

neck;and4) allow independentontrol of the two sidesof theface.A consequencef theseimprovements
will be the increasedesolutionand display of speechandfacial affect and the implementationof facial

asymmetriesor speectandaffect.

4.3 Evaluation of SynthesisSystems

In Section3.3,we amguedthatcurrentspeeclsynthesiassessmemethodologiearenot meetingthe needs
of eitherconsumer®r scientists andthat speechsynthesisevaluationis inherentlycomplicatedandis an
openresearclyuestionitself. However, it is clearwhatareasof work areneeded:

1. Researclon next-generatiorevaluationtools.

N

. Developingsystemarchitectureshatallow accesgo internalrepresentations.

3. Agreemenbn evaluationstandards.

N

. Performinglarge-scalesvaluationsandpublishingtheresults.

(€21

. Making TTS systemsaccessibleia theinternet.

Of thesestepsthelastthreeareprimarily programmatic Here,we outline someresearchssuesassociated
with evaluation.

Reseach on next-generationevaluation tools. Currenttestsarenotsuficiently thoughtthroughin terms
of their exactgoalsandarenot alwayswell-matchedo the differentresearclagendasn speechsynthesis.
For example,in developinga synthesizethatis customizedo a particulartask,onemight wantto assess
whetherthe speeclis “appropriate”for the taskandnot simply whetherit is intelligible or natural. Current
perceptuateststendto focuson shortwordsor sentencesyhereassynthesizersre often usedfor longer
sectionsof text andin thefuturemaybe usedin dialogsystemslt isimpossiblefor humango listento long
stretchef speechfrom two systemsn an A-B comparisonandinnovative methodsare needed.In this
caseadwancesin synthesisvaluationcanalsoinform researchn evaluationof completedialog systems.
Currenttestsareinsuficiently automatedmary still usepaperand-pencil),and automationis important
for ensuringconsisteng andsharingresourcesin addition,if web-basedvaluationsitesareto be a goal,
aswe areproposing.automations essential Automatingperceptuatestsmay alsoinspirenew paradigms
for evaluation. Quantitatve (i.e., not perceptualYestsanalogoudo word error rate alreadyexist for some
componentf synthesisbut thesecould be improved to betteraccountfor the allowable variability in
speechhatis capturedn a perceptuatest. Finally, new testsareneededhattake advantageof text corpora,
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whereit is possibleto guaranteghattesttext is new for all systemsandthe statisticalandgeneralizational
propertiescanbe controlled.

Systemarchitecturesthat allow accesgo internal representations. Fromascientificperspectie, being
ableto sugically testcomponentés muchpreferableover having to indirectly infer how well a certaincom-
ponentperformsfrom overall systembehaior. A difficulty is that differentsystemshave differentinternal
representationgindthesearerarely madeavailableasintermediatecontrol variables.While legislatingin-

ternalrepresentationwill impederesearchfinding someintermediataepresentationthatcanbegenerally
agreedo (e.g.,phonemiocoutput)is possible.

5 RECOMMEND ATIONS FOR A FUNDED RESEARCH PROGRAM IN
SPEECHSYNTHESIS

5.1 Intr oduction

Theprecedingsection®f thisreporthave supportedheview thatwhile speeclsynthesiss potentiallyavery
importanttechnologyfor improving accesgo electronicinformation and enhancinghe humancomputer
interface, it is not yet a “mature” technologyandthereare mary openareasof research.For the reasons
outlinedin the Introduction,we amgue that progresstowards maturespeechsynthesishasbeenimpeded
by the lack of public fundsfor this areaof research. In short, only so much progresscan be madein
industriallabs(the mainlocusof synthesigesearchn the US over thelasttwo decades)andprogresswill
be significantlyfasterif awider rangeof researchersanenterthefield.

In this final sectionwe detail four key recommendation®r how a fundedresearclprogramin speech
synthesishouldbestructured Theserecommendationsrebasedntheview thattherole of thegovernment
in creatinga fundedresearchprogramin synthesidss to seeda rangeof researctactvities that createsan
ervironment in which real breakthroughs can occur. For suchan ervironment, it is critical that the
timetablebelong ratherthanshort,andthatmulti-yeargoalsbe statedwhich areflexible andopen-endedo
encouragerue innovation. For thatreasonthe recommendationserearemoregeneralandprogrammatic
thanprescriptve.

Beforewe turn to our recommendationSectionss.2-5.5),it is usefulto considemwhatwe mightlearn
from the mostobvious prior modelfor a fundedresearctprogramin speectsynthesisnamelythe DARPA
programin speechrecognitionandunderstandingarriedout over the lasttwo decadesAs we shall shav
next, someaspectof the DARPA programareclearlyapplicable:indeed,mary of the specificrecommen-
dationsthatwe will make in Sectionss.2-5.5areinspiredby the DARPA experience.However, we also
stressthata directapplicationof the DARPA evaluationparadigmis difficult to mapto synthesigesearch
directly. In part,thisdifficulty reflectsthefactthatspeectsynthesisindrecognitionareatdifferentlevels of
maturity but it is alsoa difficulty associatedvith human-computeinteractiontechnologiesn general.For
thatreason)essondearnedfrom a new programin synthesisould be informative to currentandpossibly
future DARPA programswheretheemphasiss moreon human-computedialogs.
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LessonsLearned from DARPA Program in Automatic SpeechRecognition

Four importanthallmarksof the DARPA programin speechandnaturallanguagecanbe identified. These
were: (1) the establishmendf commonbenchmarks(2) anemphasi©n demonstrationg;3) the “arranged
marriage” of speechrecognitionand naturallanguageprocessingesearchersand (4), the organization
of annualworkshopsfor programparticipants. We briefly describethe benefits,the dravbacksand the
relevanceof eachof thesefeaturedo the speeclsynthesigesearctagenda:

1. First, establishingpenchmarks wasimportantin measuringprogress.Before the establishmenof
commonbenchmarksnearly every speechrecognitionsystemclaimed“99% accurag.” Of course,
that numbercould meanvery differentthings dependingon the testset, the training set, the com-
plexity of thetask(e.g.,vocalulary size),etc. The advantageof commonbenchmarksarethatthe
resultsaremoreinterpretableacrosssitesandthatthey allow for theleverageof shareddataandeval-
uationresourceslin addition,they tendto inspirea competitve spirit in which peoplestrive to make
progressCertainly therewasmuchprogressnadein loweringword errorrateof speechrecognizers,
thecommonevaluationmetric.

Themaindisadwantagewvasthatthe evaluationsfocusedsolelyon errorrate,led to somelevel of risk
aversion. The resultwasthat systemgendedto converge technically relatively few resourcesvere
devotedto riskier innovative methods and progressvasincremental being more evolutionarythan
revolutionary Perhapsmoreimportantly the chosenerrorrate-basedevaluationmetricsdrove the
researctagendan arathernarrav direction. In particular the ATIS spolen languagesystemevalu-
ationsfocusedon an utterance-teel metricrestrictedto only the simplestutterancesgchoserbecause
theresearchersould not agreeon a dialog- or task-level evaluationprotocol. The consequenceas
thatresearchn dialogandsysteminitiative wasdiscouraged.

2. Thesecondcharacteristiof the DARPA programwasthe emphasin demonstrationsof the tech-
nology somethingthat proved very importantin gettingattentionfor the field. Demonstrationgire
compelling;they area proof of conceptandalsoconstitutea type of evaluation. Ideally, they shaw
thatthingscanbe doneautomaticallyandrobustly in a reasonabl@mountof time. Seeingthe tech-
nologyin actionhelpsinspirefundingsourcesandcollaboratorsandit helpsattractnen peopleto the
field.

On the otherhand,significantresourceganbe divertedfrom researctioward the supportand main-
tenanceof demonstrations.On the other handagain, applicationsand basicresearchcan provide
mutual support. The experienceof transitioningbasicresearchnto applicationscanleadto unfore-
seenproblems,nspiring new researcldirectionssuchaswork in mixed initiative dialogsandrobust
parsing.

3. Thethird importantfeatureof the DARPA programwasthe so-calledarranged marriage between
speechecognitionandnaturallanguagaechnologyIn the 19805, DARPA announce@new program
in which funding would not be given out unlessthe proposedwork involved integrating thesetwo
areas. The adwvantageswvere that the enforcedmultidisciplinary challengeinspiredsomenewv work
andcausedsomepeopleto work togetherwho would not have otherwisedoneso. New possibilities
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wereopenedip thatwould not have beenpossiblewithout suchintegration. The disadwantagesvere
thatthe marriagewasnot exactly “chosen”andto someextenttherewasatendenyg to keep“separate
bedrooms. Integrationhasbeenslow, andsometimesnoretokenthanreal.

4. Finally, the DARPA-sponsoredvorkshops on speechand languagetechnologywere an important
driver of technologyandof multi-disciplinarywork. Thelongjournalpublicationdelaysin thespeech
field at presenthave increasedhe importanceof workshopsn general. The DARPA workshopsjn
particular were importantbecausehe focus on a commontask madeit easyto learnfrom other
researchergind becauseof the inclusion of both speechand languagetechnology In fact, it was
probablytheseworkshopsand not the forced marriagethat had the mostimpacton the increasing
transferof methodsbetweerspeechandlanguagdechnology The frequentexchangeof information
in the context of a commontaskwasimportantin moving forward the communityasa whole. Of
course the costis thatthe numberof workshopghatresearcherattendis increasingandworkshop
participationmustbe balancedvith time spenton actualresearch.

The DARPA programin speechrecognitionand understandindnasclearly had mary positive effects,
mary of which canbelinked directly to thefour key characteristicef the programthatwe have discussed
above. We would thereforedo well to emulatethe positive aspectof the DARPA programin ary funded
researchprogramin speechsynthesis,andfor this reasonthe recommendations Sections5.2-5.5are
inspiredto somedegreeby the above four items.

However, in learningfrom the positive resultsof the DARPA program,we mustalso be willing to
learnfrom the negative results. We wish to avoid a directapplicationof pastDARPA programsin speech
recognitionto a new programin synthesisbecaus®f the differing naturesof thetechnologiesndbecause
of thedifferentlevels of maturity of thefields. In particular:

e While all fundedresearchshould clearly be evaluablevia appropriate metrics, we believe that it
would be counterproducte to erecta competitve ervironmentin which innovationis stifledbecause
all efforts areaimedtowardsa one-dimensionabf evaluation.

¢ While we stronglyadwocatetheideaof multidisciplinaryinteractionsye feel it would notbewise or
necessaryo enforcea particularsetof collaborations Speeclsynthesisalreadyhasalong history of
multidisciplinaryresearchhatwill surelycontinue evenwithoutanexternalmandate.

e Demonstrationandworkshopattendancareimportant,but they shouldnotbecomesofrequentasto
beoverlurdensome.

e Aboveall, agreatdealof thought,andindeedbasicresearchmustbe devotedto the questionof how
to evaluateour progressln speectsynthesighereis no obvious parallelto thesimpleword-errofrate
criterionthatwassoheaily usedin the DARPA program:aswe arguedin Section3.3, evaluationin
synthesigs comple, andthereis no generallyagreedmethodor methodgo doit.

Ourrecommendationisorron heavily from the DARPA programbut differ in areasvhereit isimportant
to establisha programappropriateo speectsynthesigesearch.
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5.2 Recommendation: Support annual workshopsfor reporting progressand exchanging
knowledge

We recommendegularworkshopgo allow for benchmarkinggnddemonstrationgpointsl, 2, and4 above),
to facilitate timely exchangeof researchfindings and for training of new speechsynthesisresearchers.
Suchworkshops gvaluationsanddemonstrationdsf designecdcorrectly canbe beneficialto the field. We
recommendhatthe workshopse held annuallyfor the purpose®f exchanginginformation. Clearlythere
is a needfor regularmeasuremertb chartprogressandthereis a needfor workshopdor reportingon this
progressaswell assharingtechnicalandscientificadvances.As we have noted,providing commontasks
for programparticipantsnakesit easietto interprettheresultsof othersandtherefordeadsto fasterprogress
for the communityasa whole. However, aswe have alsonoted,we mustavoid evaluationparadigmghat
leadto incrementalimprovements stifle innovation, and penalizelongerterm more speculatie research.
We have alsodiscussedhe lack of a generallyagreeduponevaluationmetric. With thesepointsin mind,
we thereforemake thefollowing four sub-recommendations:

Workshopsshould be held annually in associationwith benchmark tests,with a goal of the first such
workshop being the definition of commonevaluation protocols. Thegoalsof theworkshopsandeval-
uationswould be to cooperatiely advancethe stateof scienceby facilitating communicatioracrosssites
andacrosdisciplines.In addition,the workshopcould alsobe a vehiclefor demonstratingprogresspoth
within the scientificcommunityandto governmentorganizationgunding the program. To thatend, such
workshopswvouldincludesystem-lgel resultsreportedon oneor morecommontasks site-specificsystem-
level demonstrationsgndanalyse$asedn component-leel evaluationon commonandsite-definedasks.
Having somework on commontasksenablesesearcherto compareresultsacrossasks,but encouraging
work on othertasksaswell will ensuregeneralizabilityof the technologyand avoid problemsassociated
with a narrav researcHocus. Encouragingvork on multiple scientificissueswill enableadvancementn
additionto assessmemf the currenttechnology

Resouicesfor commonevaluations should support a suite of benchmark tests,designedto encourage
reseach that will support both constrained-and unconstrained-domaintasks. It is clearthatthereis
a broadspectrunmof tasksthatrequirespeectsynthesisandthat a researclhprogramshouldnot focuson a
singledimension t is not clearwhetheroneapproactwill sene all needsandcertainlysometaskswill be
moreamenablédo short-termapproachethanothers.For thatreasoncommonevaluationsshouldsupportat
leasttwo tasks— constrainedandunconstrained-domair- thoughboth shouldbe openvocatlulary since
storedvoiceresponsaystemsansatisfythe closedvocahulary taskneeds Sinceit is importantto maintain
consisteng in thetaskfrom yearto yearin orderto chartprogressthe chosertasksshouldbevery difficult.

The program must allow for a subsetof the participants to report only on internally-defined eval-
uation metrics. For thoseworking on whole systemstask-level evaluationsare appropriateanda good
way to demonstratgrogress.However, if the goalis broadinvolvementandinclusionof academiavork,
mary researcherwill nothave completesystemsandtheir work will not beamenabldo suchevaluations.
In thesecasesthe requiremenshouldbe to have somesite-definedevaluation(discussiorof which could
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leadto nev commonevaluationstandardsjo assesprogreson piecesof the commontasksaswell asary
other site-definedoroblem. Examplesof component-leel evaluationmetricsmight be perceptuakxperi-
mentsassessingopy-synthesisquality for evaluatingwaveform generatiortechniquesand meansquared
errormeasuresf durationdifferencerelative to sometarget. In mary casessuchmeasuresannotbe“com-
mon” standardssincedifferentsynthesisystemamodularizecomponentsn differentways. However, all
participantanustfind measured®y which they candemonstrat@rogress.

Resources should be devoted to expanding the web-basedevaluation paradigm already in place.
From a consumes perspectie, which is to someextent what governmentfunding organizationsare, the
bestway to assessynthesigechnologyis to evaluateit with text thatis representate of their targetappli-
cationdomain.For suchpurposesa web-basedvaluationof synthesigechnologyis ideal. As describedn
Section3.3, thereis alreadysucha facility in placeandparticipationis growing. This site canbeimproved
by moreactive support,but alsoby allowing for the capability of assessingystemtuning capabilities.For
instance techniquesareemening thatallow for voice modificationsfrom sampledata,and someeffort is
neededo accommodatéhis sortof assessmerin the web-base@valuationframevork.

5.3 Recommendation:Support a broad portfolio of reseach

Speectsynthesids a highly multidisciplinaryundertakingandresearchn diversefieldsis requiredto ad-
vancethe quality of speechsynthesis.Thus,we recommendhatfundingincludesupportfor a portfolio of
researclactvities intendedto addresghe existing limitations of thetechnology In Section4, we reviewed
arangeof specificresearchopics. The following arethe generalpropertieghatareimportantfor a funded
programfor speeclsynthesigo be successful:

Support should be available for work in all areasof basic scienceunderlying speechsynthesis,in
evaluation methodologiesand in the technologyitself. Clearly if all resourcesrespenton evaluation
or on basicsciencetherewill be little immediateimpacton the technologyand societywill not be well
sened. On the otherhand,investmentpurely at the technologyendis unlikely to engendethe kind of
paradigmshift neededo significantlyadwancethe stateof theart.

Support should be available for a variety of competingapproachesto synthesis. As shouldbe clear
from the overview of currentsynthesigechnologythereis no oneacceptedolutionto the speectsynthesis
problemandit is furthermorepossiblethatdifferentsolutionswill beusefulin addressingonstrainedersus
unconstrainedlomaintasks.“Data driven” and“knowledgedriven” approachearebothneededaswell as
combinationsof thetwo. Engineeringsolutionsthatwork well whenmuchdatais availablemay not work

aswell in the casef sparseor unreliabledata,asonefinds whenonemovesto “higher” linguistic levels

(e.g.,discoursanodeling),or whenonemovesto new applications.Cornversely data-drven “engineering”
solutionscansenetofill in themary gapswherehumanknowledgeis incomplete particularlywith regards
to spealker andstylevariability. Relyingon onemodelis risky in evolution, in financeandin science.
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Collaboration should be encouraged— where appropriate. As shouldbe clear from the historical
overview, thereview of currenttechnology andthe recommendationf areador futureresearchthereare
a large numberof disciplinesthattouchon the problemof speechsynthesisjncluding linguistics,compu-
tationallinguistics, speechscience psychology aswell asengineeringand computerscience.Supporting
multidisciplinarywork is essentialbut this meanssupportingwvork in multiple disciplinesaswell asencour

agingcollaboration.Collaborationsbetweerindividualsworking in multipletechnicalareass mostfeasible
in large institutionswherethereis a wide spanof areasof expertise. Certainly suchcollaborationsshould
be encouragedbut not to the detrimentof smallerlessinterdisciplinaryefforts, which nonethelesshav

promiseof adwancingthe stateof the art. We neverthelessecognizethe importanceof makinginterdisci-
plinary collaborationsasfeasibleandaswidespreadspossible:we thereforewill proposeg(Section5.5)as
aspecificrecommendatiothe establishmenof interdisciplinaryresearcttenters.

Both system-luilding and smaller-scalecomponent-lesel reseach programsshould be supported. It
is neitherefficient nor practicalto askthatall researclgroupsbuild full synthesisystemsin additionto the
unnecessargostof duplicatedeffort, mary researchieamswill nothave theinterestor expertiseto develop
completestate-of-the-arsystems.On the other hand, it is frequentlythe casethat the real usefulnesof
anideais hardto estimatewithout implementingthe ideaaspartof a full working system:mary of usin
the speechsynthesiscommunityhave seenproposalghat seemedeasonablen paper and even seemed
reasonablén demonstrationshat areintendedto isolatethe phenomenorin question;but fail to resultin
noticeabldmprovementsvhenimplementedaspartof afull system.To solve thisdilemmawe will propose
(Section5.4) aresearchnfrastructurehatincludespublic-domainand/oropen-sourcéull speechsynthesis
systemsthatwill helpresearclgroupsworking oncomponent-teel problemsdemonstratéheirideasin the
contet of the problemasawhole.

Inter national collaboration shouldbeencouraged. Finally, oneof thegoalsof synthesisesearctshould
be the developmentof high-quality synthesistechnologynot only for English, but for mary languages.
Contraryto popularparlance— oneoftenheardalk of “porting” aparticularTTS systento anew language
— eachlanguagepresentsts own portfolio of problems.Solutionsto a particularproblemin Englishwill
of coursebetremendouslyisefulin attackingsimilar problemsn otherlanguageshut they will notobviate
the needfor furtherwork, in somecasesnvolving furtherresearchin thoselanguagesThe United States
is amulticulturalsociety andwe arefortunateto have in the speechiechnologycommunitya large number
of researchersvho are native spealers of language®therthan English. Inevitably, though,our expertise
in somelanguagesannotmatchthe expertiseavailablein countrieswherethe languagesn questionare
the nationallanguages.This implies a needfor internationalcollaboration. Suchcollaborationshouldbe
actively encouragedinderthe program.

5.4 Recommendation:Build a speechsynthesisreseach infrastructur e

Like ary large researcteffort involving multiple sites,a researcheffort in speechsynthesiswill requirea
coresetof commonpublic resourcesWe recommendhat funding be madeavailablefor the development
of thefollowing sharedesourceshatarenecessaryo supportresearcton speectsynthesis.
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Common Databases. Public databasesf variouskinds arenecessaryfor exploratory dataanalysis,for
systemparametetraining, andfor testingandevaluation. Thelist of suchdatabaseis open-endedandto
a large extentthe communitywill have to decidewhich onesare mostneededandwill have to prioritize
basedn needsandavailableresourcesA partiallist of thekindsof databaseseededs thefollowing:

e Labeledtext corpora;for example,corporawhereall tokens,including numbersequencesbbreia-
tions, etc.,arelabeledwith pronunciationandotherlinguistic informationthatcould helpin training
disambiguatiormodels.

¢ Corporaof text andspeech— preferablyparalleltext andspeech— labeledwith prosodicinforma-
tion, suchasstrengthof prosodicbhoundariesandstrengthof accents.

e Annotatedtext corporatailoredto the needsof CTS systemswhereannotationincludesmeaning
structuresaswell asprosodiclabels.

e Constrainedlomain(but openvocalulary) andunconstrainedomaintext andspeectdatafor testing
andevaluation.

e Parallelspeechandphysiologicaimeasurement®r training articulatorymodelsof waveformgener
ationaswell astalking heads.

¢ Parallelspeechandvideodatafor trainingvisualsynthesisnodels.

It is worth remindingthe readerthat suchdatabaseare needednot just for English, but for mary other
languagesswell.

CommonTools. In additionto corpora,varioustoolsareneededOnceagain,the communitywill needto
decidewhatthosetools shouldbe,andprioritize accordingly Again, a partiallist would include:

e Toolsfor corpusannotation.

¢ Evaluationtools, including graphicalinterfacesfor conductingperceptuakxperimentstoolsfor the
guantitatve analysisof prosodiclabelingdifferencesandsoforth.

e Completepublic-domairtext-to-speectandconcept-to-speedystemssothatresearclyroupswork-
ing onindividual componentfiave mechanism& whichto testouttheirideasin the context of afull
working system.

! Thereareanumberof datasourcesaboutspeectproduction bothstaticanddynamic- thatcanbeutilized. Thesedatasources
include: 1) ultrasoundandelectropalatograph{EPG)datafor the tonguefrom a singletalker [StoneandLundbeg, 1994, 2) X-
Ray microbeamWesthury, 1994 and3) cineradiographicecordinggMunhall etal., 1999 of the vocaltractduring articulation,
4) MRI andEPGdata[Alwanetal., 1997, 5) 3D Cybervarelaserscansof staticfacial gesturesandvisemesand6) systematic
measurementsf visible speecharticulationusinga computercontrolledvideo motionanalyzer
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Standards. Finally the communitymustagreeupon standardgor markupof the databasesaswell as
markupschemegsuchasSABLE) to supportfurthertechnologicatevelopments.

Needlesgo say somedatabasedpols, and standardslreadyexist, but noneof the existing resources
areentirelyadequateandwould eitherneedto be extendedor elsesimply replacedwith othermaterialsfor
the purposef speechsynthesigesearch.For example,the Linguistic DataConsortium(LDC) haslarge
text corporafor mary languagesHowever, only a few of themare annotatedandnoneof themhave the
kind of annotationsieededor work on text-to-speectsynthesis.Thetranscribedspeecttorporaavailable
from the LDC arevirtually all designedor speectrecognitionapplicationsjncluding a small amountof
speecHrom alarge numberof spealers,whichis in contrasto synthesisieedf alarge amountof speech
from a smallnumberof spealkrs.

The Festrval speechsynthesissystem[Black etal., 1999, developedby Alan Black, Paul Taylor and
othersat the University of Edinkurgh’s Centrefor SpeechTechnologyResearchis a widely usedfreely
availablepublicdomainsystenthatcouldsene thecommunitywell asaplatformfor commondevelopment
of componentsNonethelessnorework will likely beneededo honetheFestval systenfurtherto optimize
it for useby a wide variety of peopleworking on variouscomponents.Furthermore Festval represents
oneparticularapproacho synthesisandothersystemswvould be usefulto supportresearctin alternatve
paradigms.

For prosodiclabeling,the mostwidely usedstandards ToBIl. However ToBI doesnotincludecorven-
tions for marking strengthof accenting,which we believe will be crucial for training modelsto achieve
highernaturalness.

5.5 Recommendation:Support multi-disciplinary centersof excellence

The numberof problemsneedingresearctattentioncould consumea large amountof resources.To facil-
itate sharingof resourcesnd provide a catalystfor multi-disciplinary collaboration,we believe it will be
necessaryo have fundedCenterdor speectsynthesigesearchTwo modelsfor suchCentersarepossible,
thefirst consistingof alooseconfederatiorof multiple laboratoriesandthe secondbeingfundedinstitutes
establishedat particular(academic)nstitutions. While sucha Centerwould undoubtablybe involved in
technicalresearchit shouldbe primarily supportedo sere asa coordinatoramongvariousactvities and
variousorganizationsThefollowing issuesvould needto be consideredn settingup sucha Center:

Facilitate communicationand cooperationbetweencommercial and academicinstitutions. Academic-
commerciakollaborationis importantfor technologytransferin bothdirections.Sincesomuchrecentwork
in synthesidhiasbeendonein industry it isimportantto have industrialinvolvementto make surethatwheels
arenotreinventedandthatacademigesearchs relevant. At thesametime, the hopeof sucha programis to
pushbeyondwhatindustrialresearcttansupport,in which casetherewill be a needto transfertechnology
backto industry One mechanisnior including industryis simply providing funding to supportpartici-
pationin benchmarktestsand associatedvorkshops. Another mechanismwould be to fund “sabbatical”
visiting faculty positionsfor industrialaffiliates. Yetanothempossibilityis for the Centerto broker anindus-
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trial mentoringprogram whereindividual academicesearciprogramsvould have industryrepresentates
(from differentcompaniespssignedas“industrial liaisons” or mentors following the SemiconductoRe-
searchConsortiummodel(seehttp://www.src.og/mentor/ingx.dgw), to provide feedbaclonresearclgoals
andhelpwith obtainingresourcesieededo do state-of-the-antesearchAnotherrole mightbe servingasa
resourcdor settingup studentswith industrialinternships.

Sewve a role in developing and distrib uting common tools and data. Anotherimportantfunction of
the Centerwill beasarepositoryanddistribution centerfor the public infrastructurematerialsdiscussedn
Section5.4. Thus,the Center(or onememberof the confederationjvould have roughlythefunctionin the
synthesigesearcicommunityasthe Linguistic Data Consortiumat the University of Pennsylaniahasin
the speechrecognitionandlanguagdechnologycommunity

Coordinate workshops. A Centershouldhave responsibilityfor organizingworkshopscenterecaround
commontaskevaluation. Apart from organizingthe workshopsthemseles, one of the responsibilitiesof

the Centerwould be coordinatingwork on the evaluationmethodologiego be usedin the task, including
both researchi{as needed)nto the evaluationmethodologiesandthe actualrunning of the evaluationfor

theworkshops.In additionto theseprogressvaluationworkshopsijt will probablybe usefulto have more
extendedworkshopsfocusingentirely on scientific and technologicalprogress,asin the JohnsHopkins
University summemworkshopson speechandlanguageprocessingr Europearsummerschoolson various
problemsin speechprocessinghostedby different sites. Suchworkshopsshouldbe organizedso as to

encouragéroadindustrialinvolvement,which meanghatthe limited resource®f small companiesnust
be considerecgandworkshopswould likely beatleastpartly “virtual”.

Supporting both large and small efforts. In orderto have widestpossibleimpactandtrain the largest
numberof studentsjt is importantthat the programandthe Centersupportprojectsat differentlevels of
effort from avariety of institutions.Oneway to ensurebroadimpactis by simply servingasatool anddata
distribution resource Anotherideais to provide fundsfor studentsat schoolswith smallprogramgo spend
asemesteat schoolswith big programgaking classeshatwould not be availableto themotherwise.
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B GLOSSARY

Accent. The “prominence”or deggreeof “emphasis”’associatedavith spolenwords. Roughly speakinga
wordis saidto beaccentedf it is fairly prominentanddeaccented it lacksarny prominence.

Articulator . Oneof several organs— e.g.,thelips, jaw, tonguetip, tonguebladeandtonguebody — that
move duringspeechandalterthe shapeof thevocaltract.

Articulatory Synthesis. A parametricapproacho synthesighatis basedon modelingthe movementof
articulatorsandthe acousticconsequencesf thosemovements.

Coarticulation. Theinfluenceof onespeeclsounduponanadjacenor nearbyspeectsound.

ConcatenatedVoice Response.A speechoutputsystemwhich constructautterancedy splicing together
raw speectsggmentsusuallycorrespondingo wholewordsor phrasesUnlike concatenate synthe-
sissystemsgconcatenatesloice responseystemausuallydo not attemptto ensuregoodfits between
the splicedsegments.

Concatenative Synthesis. An approachto speechsynthesighat involves splicing processedegmentsof
realspeechogetherwith signalprocessingndunit selectiormethodseingusedto optimizethefits
betweerthe splicedseggments.

Concept-to-Speech.The generationof speechfrom “semantic” representationgusually the outputof a
languagegeneratiorsystemyatherthanfrom text.

Copy Synthesis. Synthesiof speechHrom parametershatarederived (andoftentunedby hand)from an
original utterancdhatis being“copied”.

Deaccented.SeeAccent

Dialog System. A speectlor natural-languagsystemthatinteractswith a userin a cooperatre mannerto
achiere a certaingoalor task.

Diphone. A unit in a concatenatie synthesissystemthat consistsof the transitionbetweentwo adjacent
sounds.

DiscourseStructure. A formal modelof the organizationof utterancesnto a corversationor monolog,
includingfacetssuchastopic structureandintent.

Excitation. A periodicor noisesourcethat excites the acousticresonancesf, e.g.,the vocal tract. The
termmayreferto the physicalsourceor a simplemathematicamodelasusedin computemwaveform
generation.

Fo. SeeFundamentaFrequency

Formant. Oneof theresonancesf thevocaltract.
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Formant Synthesis. A parametricapproacho synthesighat startswith a modelthat generatesormants
andotheracoustideaturesof the voice.

Fricative A “noisy” speectsoundsuchasan®s”, an“f” ora"v”, thatinvolvesapartialconstrictionin the
vocaltract.

Fundamental Frequency Thefrequeng, usuallymeasuredn Hertz,of aspeakr’s voice. Thefundamen-
tal frequencycontouris the primary physicalmanifestatiorof intonation.

Glottis. The vocal cords,or vocal folds, a pair of musclesin the larynx that vibrateto producevoiced
soundsandremainopento producevoicelessor breathysounds.

Homographs. A setof wordsthatarespelledthe same but have differentmeaningsand/ordifferentpro-
nunciations.

Interacti ve Voice ResponseSystems. An automaticinformation accessor call routing systemthat uses
speechsynthesir concatenateudoice responsandautomaticspeectrecognitiontechnology

Intonation. A level of linguistic representationvhich determinesamongotherthings, the fundamental
frequeng contour In popularparlancat is oftentermed-‘inflection”.

LanguageModeling. A modelthatdetermineshelikelihoodof varioussequencesf words. A goodlan-
guagemodelwill give a high likelihood for sentenceshat are both syntacticallywell-formed and
semanticallyandpragmaticallyplausible,andalow likelihoodfor others.

Laryngeal. Pertainingto thelarynxor glottis.
Letter-to-SoundRules. A setof rulesthatcorvertsfrom spellingsinto pronunciations.

Markup. A schemdor annotatingatext with informationusefulfor a particulartask. ForinstanceHTML
is amarkuplanguagdor webdocumentswherethe particulartaskis displayby a brovser

Mor phology. Thestudyof the formal propertiesjn particularthe structureof words.
Parametric Models. Modelsthatarebasedon a (usuallysmall) setof controllableparameters.

Periodic Sounds. Speechsoundsthat have a regular periodic voiced source(or excitatior). Vowels, for
instanceareperiodicsoundswhereadricativesarenot.

Phoneme. A basiccontrastre soundof alanguageBY “contrastve” we meanthatit is possibleto find two
wordsthatdiffer in exactly onesound:in thatcasethetwo soundsnvolvedwould bephonemesThus
“t” (tadk) is aphonemeof English,asis “b” (bad). However, the“t” in “top” andthe“t” in American
English“butter”, which arequite different,arenonethelessot differentphonemesincethey arenot
contrastve in thedefinedsense.

Phone. A basicsoundof alanguage.The“t” in “top” andthe“t” in AmericanEnglish“butter” would be
differentphonesgf. phoneme
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Phrasing. SeeProsodicPhrase
Pragmatics. Thestudyof the meaningf linguistic utterancesn context.

Prosody A level of linguistic representatiothatincludesintonation,accent,andprosodicphrasing The
acousticcorrelatesassociatedvith prosodyinclude fundamentafrequeny, sggmentaldurations(or
timing), andenegy (or othermanifestation®f vocaleffort).

ProsodicPhrase. A (usually) meaningfulchunkof speechthatis delimited by variousprosodiccues. A
prosodicphraseis often marked by sucheffectsasafinal pausefinal sggmentallengtheninga final
dropor risein thefundamentafrequeng, inter alia.

Rule-BasedSystems. Typically usedto referto a systenthatis baseduponhand-writterrules,ratherthan
ontrainableparameters.

Segment. A basicsoundunit of speechihatcorrespondsoughlyto a singlephoneor phoneme.

Source-Filter Model. A modelof speectsynthesighatassumes more-orlesscleanseparatiorbetween
theglottal or othersourceexcitationandthevocaltract.

Spectral Tilt. If onecomputesa spectrumof a shortwindow of speechthereis a constanienegy roll-off
asonelooksat higherandhigherfrequenciesn the spectrum.Thisroll-off is spectralilt.

Symbolic Representation. A representatioimvolving discretesymbols,or discrete-aluedparametersas
opposedo continuous-aluedfunctions.

Text Analysis. Theanalysisof theinputtext into a symbolicrepresentatiofrom which waveformgenera-
tion canthenproceed.

Text-to-Speech.The generatiorof speecHrom unrestrictednput text.
TTS. SeeText-to-Spedt
Vocal Tract. Theacoustidubeformedby the oralandnasalpassages.

Vocal Tract Transfer Function. A mathematicafunctionthatdescribeshe acoustigpropertiesof the vo-
caltractin agivenstate.Thevocaltracttransferfunctionchangesasonespeaksandtherebychanges
the shapeof thevocaltract.

VoiceBrowser. An auralanalogof awebbrowsersuchasNetscape&Communicatar
Voice Conversion. Theautomationanipulationof onevoiceto soundlike anotheoice.

VoiceQuality. An impressionistiaescriptionof the voice in termsof suchpropertiesasits “harshness”,
“shrillness”, “muffledness”,“breathiness”,etc. In speechsynthesisevaluation, it is often usedin
contradistinctiorto otherevaluableaspect®f the synthesisuchasthe naturalnessf the prosodyor
theaccurayg of thetext analysis.
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Waveform Generation. Thegeneratiorof alistenablespeectwaveformfrom asymbolicrepresentatioof
themessagéo be spolen.
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