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EXECUTIVE SUMMARY

Speechsynthesisis the technologythat underliesthe ability of computersto talk. Talking machinesare
currentlybeingdeployedin avarietyof applicationsrangingfrom messagingsystemsthatcanreadone’s e-
mail over thephone,to aidsfor thevisually impaired,whooftendependupontalkingmachinesastheironly
accessto theWorld WideWebandthewealthof informationcontainedtherein.And thereis everyreasonto
believe thattheuseof speechsynthesistechnologywill increasein thecomingyears,andexpandinto areas
suchaslanguageinstruction,automatedannouncementsystems,andtelephoneaccessto internetservices
andinformationfor themajority of peoplewithout onlineaccess.In short,speechsynthesistechnologyis
having anincreasingimpacton how we work andlive in ourhigh techsociety.

But despitetheactualandfuturepotentialof speechsynthesis,usersarenot generallyhappy with the
quality of currentsystems.Thehumanearis wonderfullysensitive to spoken imperfectionsanddeviations
fromthenorm,andthusspeechsynthesizersmustmeethighperceptualstandards,butdonotyetdoso.There
area variety of reasonswhy currentsystemsarenot up to par: both the analysisof the input text (most
applicationsof speechsynthesizersstart with text as the input) and the differentmechanismsassociated
with generatingthespeechwaveform areimperfect,leadingto inappropriaterenditionsof a sentenceand
perceptualartifactsthat togethergive syntheticspeechan unnaturalquality. Solving theseproblemswill
involve fundamentalresearchin a variety of areas,including basicunderstandingof the productionand
perceptionof humanspeechandlanguage,andhow to constructcomputationalmodelsof theseprocesses.
This reportoutlineswhattheseareasare,andwhatkind of researchis needed.

The report also outlinesa numberof sub-topicsthat the speechsynthesisresearchcommunitymust
address.Themultilingual natureof theworld andof our own societydictatesthatwe solve theseproblems
not justonce(for English),but many times,for multiple languages.Wemustunderstandwhatdistinguishes
differentspeakingvoices,stylesandmoodsandbe ableto reproducethem. We mustbe ableto produce
syntheticspeechthatcanbeunderstoodin adverseconditions;for example,in noisyenvironmentsor when
the listenerhascompetingdemandsfor their attention. We needto explore how to effectively combine
speechsynthesiswith other computerinterfacemodalities; for example, in dialog systemswith speech
recognition,andfacialanimationsynchronizedwith speech.

Unfortunately, for at leasttwentyyears— sincetheendof theMITalk researchprogramin synthesisat
MIT — essentiallyall of theresearchin speechsynthesisin theUnitedStateshasbeencarriedout at large
industriallabsor elseat smallprivatelyheldcompanieswhosesolebusinessis building andsellingspeech
synthesissystems.In particular, therehasbeenlittle governmentfundingavailablefor suchwork. This is
unlike thesituationin automaticspeechrecognition,whichhasreceivedsubstantialamountsof government
funding andis now moving towardsmainstreamadoption. It is alsounlike thesituationin Europewhere
governmentfundingof anumberof multi-yearprojectshastakenplace,andwheresuchusefulachievements
astheopensourceFestivaltext-to-speechsystemfrom theCentrefor SpeechTechnologyResearchat the
Universityof Edinburgh have beentheresult.

Thework in theUnitedStatesat theindustrialsiteshasadvancedthestateof theart in speechsynthesis,
but arguablynot at the rateat which it might have advancedif public funding hadbeenavailable. This is
for expectedreasons:companiesthathave investedin speechsynthesistechnologydo sowith thedesireto
geta technological“edge” over their competitors.While suchcompetitiondrivesinnovation,it doessoat a
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costof wide replicationof thesameor similar kindsof work atdifferentsites.And while someresultsfrom
industrialsitesarepublished,theseresultsareoften hard to replicatesincethey frequentlydependupon
databasesthat arenot public. We thereforebelieve that future improvementof the technologycrucially
dependsupontheinvolvementof governmentfundingagencieswhoareableto supporta large-scalepublic-
domainresearcheffort.

Therecommendationsof this reportareasfollows:

� Support annual workshopsfor reporting progress.

A regular processfor bringing togetherspeechsynthesisresearcherswill facilitatesharingof ideas,
training of new researchers,peerreview of researchand the opportunityto evaluateandreporton
advancesin this field. Therefore,this reportrecommendssupportfor workshopsevery year, which
wouldbedevotedin partto reportingresultson commonspeechsynthesistasks.

� Support a broad portf olio of research.

In the twenty yearssincethe researchby the MITalk groupat MIT, governmentresearchfunding
for speechsynthesisin the United Stateshasbeenextremely limited. The result is a nearabsence
of university researchin the area: only a handfulof US academicshave someinterestin the area
and perhapslessthan a half dozengraduatestudentsare focusingon speechsynthesisproblems.
Therefore,this report recommendssupportfor a broadrangeof independentresearchactivities to
increasethelevel of long-termresearchon ahostof fundamentalspeechscienceissues,to encourage
explorationof adiversityof computationalmodelsandto developagreaterbaseof expertisein speech
synthesisfor ongoingacademicandcommercialefforts.

� Build a speechsynthesisresearch infrastructur e.

Databasesof text, recordedhumanspeechandotherdataarefundamentalto speechscience.Shared
high quality analysesof thesedatabasesplusstandardtoolsfor manipulatingthedataarea key com-
ponentof theproposedresearchinfrastructure.Affordabledatabasesdecreasethebarriersto entryof
new researchersinto thefield, facilitatescientificcomparisonof researchat differentsites,andallow
researchersto focuson scientificissuesratherthanthemechanicsof datacollection. Thecollection,
labellinganddistributionof databasesis expensiveandtime-consumingto anextentthatis prohibitive
for mostinstitutions— especiallyacademicinstitutions.Therefore,this reportrecommendssupport
for producingresearchdatabasesfor speechsynthesis,for developmentof commonresearchtools
thatsupportusageof thedatabases,commonevaluationtools,andstandardsfor exchangeof text and
speechdatain commonformats.

� Support multi-disciplinary centersof excellence.

In many fields, includingthecloselyrelatedfield of speechrecognition,theestablishmentof oppor-
tunities for researchersto collaboratefor extendedperiodsof time (weeks,monthsor longer) has
driven research.For speechsynthesis,the specialneedsfor suchcollaborationare for the training
of new researchersasacademicinvolvementis reestablishedand for facilitating multi-disciplinary
environmentsthatcombinethenecessaryefforts of researchersfrom computerscience,engineering,
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linguistics, psychologyand other fields — researcherswho typically work in distinct institutions.
Therefore,this reportcontainsspecificrecommendationsfor fundingof centersof excellence.
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1 INTRODUCTION:
THE NEED FOR IMPROVED SYNTHESIS

On August6–7,1998theWorkshopfor DiscussingResearchPrioritiesandEvaluationStrategiesin Speech
Synthesiswasheldat theNationalScienceFoundation,Arlington VA. Theparticipants,listedin Appendix
A, representeda variety of backgrounds,including industry and university expertson speechsynthesis,
linguistics,speechrecognition,technologistswith aninterestin applyingspeechsynthesistechnology, and
governmentrepresentatives.Thestatedgoalsof theworkshopwere:

� To assessthestate-of-the-artin speechsynthesisresearchandthedriving applicationneeds;

� To identify promisingtechniquesthatshouldberesearchedto significantlyadvancethestate-of-the-
art; and

� To identify evaluationparadigmsandinfrastructurethatcandrive theresearchagenda.

This reporthasevolvedoutof presentationsanddiscussionsduringandsubsequentto thatworkshop.
After severaldecadesof researchinto text-to-speech(TTS) conversion,many highly intelligible speech

synthesizersareavailablefor a varietyof languages.Comparedto speechrecognitionsystems(which have
also startedto becomewidely available), TTS systemsareoften computationallycheap,requiring com-
paratively small amountsof memoryandcomputingpower. Fifteenyearsago,TTS systemswerecom-
monly soldwith specialpurposehardware: theDigital EquipmentCorporation,for example,solda special
DECTalk box thatpluggedinto one’s computer. Todaypracticallyall commerciallyavailableTTS systems
aresoftware-onlyandrunon standardPC’s.

Concomitantwith theavailability of higherqualityTTSsystems,coupledwith theirdecreasingdemand
onavailablecomputationalresources,hasbeenanincreasein applicationsinvolving synthesis.Thisincrease
hasbeenpartlydueto thefactthatspeechrecognitionhasbecomemorewidely available:if onehasasystem
that “understands”speech,oneoftenwantsit to beableto talk back. It is partly duealsoto thegrowth of
the messagingindustry: moreandmorecustomersaredemandingconvenient,ubiquitousaccessto their
electronicmessages,andmany servicesof this kind – e.g.,e-mail readingover the phone– requireTTS.
But the increaseof applicationsinvolving synthesishasalsobeenduein part to thebelief thatsynthesisis
“ready” for themarket in a way that it wasnot ten yearsago. Somecurrentandpotentialapplicationsof
speechsynthesisaredetailedin Section2. As we shallargue,theonething thatall of theseapplicationsof
speechsynthesishave in commonis thatthey areclearlybeneficialto theuserswhowill interactwith them.
In many cases,they provide the only meansby which someonecanget accessto informationwhenthey
wantit.

Becauseof the greatpotentialof synthesisandthe fact that it is alreadybeingdeployed in a number
of applications,thereis a tendency to think of speechsynthesisasa solved problem.However, the reality
is that usersarenot happy with the quality of availablesynthesizers.Many peoplefind themselvesusing
systemsnot becausethey like them,but becausethey have no otherchoice. Thusvisually impairedusers
will oftenusespeechoutput(theonly otherchoicebeingbrailledisplays)asanalternative displaydevice to
helpthemnavigatearoundascreen,but thisdoesnotmeanthatthey arehappy with thequality. For instance,
mostblind seniorcitizensinstantlyrejectreadingmachinesbecauseof their perceptionof thevoiceastoo
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synthetic. In addition, many commercialapplicationdevelopersintentionally constrainthe functionality
offeredby a systemso asto avoid theuseof TTS, sincethe unnaturalquality of the outputdetractsfrom
systemquality asperceivedby consumers.Clearlysynthesisis notasolvedproblem.

What makes synthesizerssoundunnatural? The answeris not simple; it is due to a complex set of
issuesincludingimperfectlinguisticanalysisof theinput, lackof understandingof therelationshipbetween
linguisticstructureandtheacousticcuesto thatstructure,inability to appropriatelymodulatethepitchof the
voice,andpoormodelsof thevoice itself. We will try to explicatethesemattersmorefully in thesections
thatfollow.

What limits the ability of the speechsynthesisresearchcommunityto betterattacktheseproblemsis
thelackof sufficient resourcesfor researchin synthesis;it is this lack of resourcesthatis themajortopicof
this report.Twentyyearsagoa landmarkprojectin text-to-speechconversionwaswrappingup: theMITalk
system,developedin theResearchLaboratoryof Electronicsat MIT during the1970’s wasthe lastmajor
speechsynthesiseffort (focusingon all aspectsof the problem)carriedout at a US academicinstitution.
Sincethen,nearlyall researchin this areahasbeencarriedout at corporations.This is quite unlike the
situationin Europeandelsewhere,wherefundedacademicresearchin synthesisis anactive enterpriseand
hasyieldedsuchimportantaccomplishmentsastheopen-sourceFestival TTS system[Black etal., 1998],
discussedlateron.

TheUS companiesinvolved in TTSresearchhave beenquitevaried,rangingfrom majortelecommuni-
cationsandcomputercompanieswith largein-houseresearchlabs,down to smallprivatelyheldcorporations
whosesolebusinessis theproductionof synthesissystems.Themajordrawbackof this commercialbasis
is obvious: preciselybecausetheconcernsinvolvedarecommercial,therehasbeenlittle interestin sharing
data,methodsor results.Papersareoftenpublished,but realisticallyit would bevery difficult for othersto
replicatethework sinceit is usuallydoneon proprietarydata. Thereis little doubtthat this situationis in
theshort-terminterestsof companieswhohave investedin synthesisresearch:they arenaturallydisinclined
to give away resultsthat they have paid for. However, it is not in the longterminterestof advancingthe
stateof theart,sincesuchasituationinevitably leadsto astatewherethesameor equivalenttechniquesare
reinventedin parallel. Furthermore,it hasled to a situationwherevery few studentsaretrainedin synthe-
sis technology, so industryhasdifficulty hiring knowledgeablestaff. Sinceso muchwork is commercial,
research-orientedsynthesistoolsarescarce,constrainingacademicwork in synthesisbut alsoimpactingoth-
er aspectsof speechresearchthatbuild on this technology, suchasresearchon communicationsdisorders.
Therefore,this reportrecommendsaprogramfor comprehensive fundingof speechsynthesis,asoutlinedin
theExecutive Summaryanddetailedin Section5.

2 SOCIAL IMPACT OF SPEECHSYNTHESIS

Speechsynthesistechnologyis becomingincreasinglyimportantin our society. Speechsynthesissystems
arebeingdeployedin awiderandwidervarietyof applications.Furthermore,thereis asignificantminority
– peoplewith variousphysicaldisabilities– for whomsynthesistechnologyhasbeenimportantalreadyfor
many years.However, synthesisalsohasa muchbroaderimpact,for universalaccessto computersmore
generally, aswell ason commercialgrowth andscientificadvancement.Theseissuesareexploredin the
sectionsto follow.
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2.1 Curr ent and Future Applications

To put themattersimply, speechsynthesisallows accessto information,informationwhich, for variousrea-
sonsincludingphysicaldisabilityor lackof avisualdisplaydevice,onecannotaccessby othermeans.This
point is illustratedby therangeof applicationsin which speechsynthesissystemsarecurrentlyemployed.
Amongtheseare:

� Messaging systems:Universalmessagingsystemsprovide one point of accessto e-mail, paging,
fax, voice-mailandothermessagesover thephone.Speechsynthesisis requiredfor e-mail,paging,
sometimesfax andothernon-audiomessageformats.

� Reversedirectorysystems:Theuserentersa telephonenumber, andthesystemreadsthename(s)and
address(es)of thebusinessor individual with thatnumber. Or perhapstheuseris interestedin all the
drugstoreswithin a certainzip codethatparticipatein a particulardrugplan: theuserentersthezip
codeusingthe telephonekeypad,andthesystemreadsthenamesandaddressesof theparticipating
businesses.

� Interactive voice responsesystems:For limited domains,suchas automatedcall routing systems,
goodquality synthesiscanbeachievedandtheresultingautomationcanhave a major impacton the
numberof callsthatcanbeserviced.

� Alternativeaccessto information: For peoplewith certainphysicaldisabilities,speechsynthesiscan
enableaccessto webpages,news reportsandotherelectronicallydisseminatedinformation. Indeed,
screenreadersand voice browsersfor the visually impairedconstituteone of the bestestablished
applicationsof speechsynthesistechnology. Thereis alsoa growing demandfor tools to aid people
with readingdisabilitiesmoregenerally, suchasdyslexia. Otherdevicesmight includea handheld
scannerandtext-to-speechsystemthatwouldbeusedin storesby thevisually impairedto readlabels
anddescriptive information.

� Dual partyrelay: Thistelecommunicationsserviceis offeredto peoplewhoarehearingimpaired.The
hearing-impairedusertypeswith a specialteletypemachine,andthis typedmessageis automatically
convertedto speechfor thehearingpartyat theotherendof theline. Theresponseis transcribedby a
humanoperator(currentspeechrecognitiontechnologyis notsufficient for this task)andsentbackto
thehearing-impairedperson’s teletype.Althougha humanoperatoris still neededin the loop, users
of suchsystemspreferhaving theoperatorlisteningto only half of theconversation.

� Augmentativecommunication:Speechsynthesisactsasthevoice for peoplewho have lost or never
hadtheability to speak.Probablythemostfamousindividual in thiscategory is thephysicistStephen
Hawking.

Onecanaddto this list by consideringpotentialfuture applications,applicationswhich arenot com-
mercially real at present,but wherespeechsynthesissystemscanclearly be deployed. In eachof these
applicationdomains,the key factor that continuesto inhibit deployment is not the availability of speech
synthesissystems,nor generallytheir price. Instead,it is that the quality of the existing systemsis not
acceptableto themajorityof potentialusers.
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� Foreignlanguage instructionandothertutoringsystems:Muchlanguageinstructioninvolvesdrilling
on examples.Traditionally this hasbeenhandledby native speakersrecordingmany hoursof drills
onto tape,to be replayedby the languagelearner. If synthesizersof sufficiently high quality were
available,thisprocesscouldbeautomated,atasubstantialsavings.Furthermore,thedoorwouldthen
be opento moreflexible language-instruction systemswherenew materialscould be generatedand
“recorded”on the fly. For example,foreign languageinstructioncould vary the pitch (intonation)
to illustrateits effectson meaningof wordsandphrases.Languageinstructionis not theonly ped-
agogicalcontext in which speechsynthesissystemscouldbeusedto advantage.Interactive literacy
programsfor both children and adultscould benefitfrom high quality synthesisthat goesbeyond
existingpre-recordedphrases.Handheldeducationalcomputergamesfor childrencouldincludespo-
ken explanationsof mathematicalor scientificconcepts,sincesynthesizedspeechtypically requires
far lessstoragethanrecordedspeech.Readingtutorscould readaloudstoriesgeneratedon the fly,
insertinginformationrelatedto eachperson’s readinglevel andinterests,andincluding theperson’s
name.

� First language instructionfor thehearingimpaired.Aligning facialanimationto thesyntheticspeech
providesanadditionalvaluabledimensionin languagetutoring. Childrenwith hearing-impairment,
for example,requireguidedinstructionin speechperceptionand production. Although thereis a
longhistoryof usingvisiblecuesin speechtrainingfor individualswith hearingloss,thesecueshave
usuallybeenabstractor symbolicratherthandirect representationsof the vocal tract. Someof the
distinctionsin spoken languagecannotbeheardwith degradedhearing– evenwhenthehearingloss
hasbeencompensatedby hearingaids or cochlearimplants. To overcomethis limitation, visible
speechcanprovide speechtargetsfor the child with hearingloss. Furthermore,many of the subtle
distinctionsamongspeechsegmentsarenotvisibleontheoutsideof theface.In additionto providing
informationaboutthe outsideof the face,the skin of a wireframemodelcanbe madetransparent
in order to show the articulatorsthat are normally hidden. One motivation for developing a hard
palate,teethandtongue[Cohenetal., 1998] wasto instructchildrenwith hearinglossby revealing
theappropriatearticulationvia thehardpalate,teethandtongue.

� Job training simulations:Simulationsusingsynthesizedvoicecanbeusedfor trainingpilots asthey
talk with air traffic controllers,andto provide voice reportsof the resultsof taking certainactions
(e.g.,movementof a controlsurfacethatcouldnot beseenby a maintenancepersonon anaircraft).
Thesesimulationsmayin timeextendto two-way conversations,asin salesskills practice.

� Technical supportfor complex tasks: For example,techniciansrepairingcomplex equipmentoften
have their handsandeyesoccupied,andwould benefitfrom having their instructionsreadto them.
For large piecesof equipment(for instance,a complex telephoneswitch) the repair manualmay
comprisethousandsof pages,andit is anexpensive andtime-consumingpropositionto pre-recordall
of this. A speechsynthesisdevice deployed in a portableor wearablecomputer, or oneaccessedby
telephonewould beableto readrelevantpagesof themanualto the technicianworking in thefield.
This architecturecanbeappliedto a rangeof applicationsin which theuseris hands-busy, eyes-busy
or both, andwhereconventionaldisplay-basedcomputeroutput is impractical. Examplesinclude:
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describingstepsandlocationsfor shuttingdown or repairinga vesselin a chemicalplant;driving to
a specifiedlocationwith voicepromptsfrom a globalpositioningsystem(GPS);providing guidance
while theuserperformssoftwarefunctions(voiceprompts);andsettingup anelectroniccircuit and
takingmeasurementsin a learninglab.

� Automatedannouncementsystems:At airports,train stationsandotherpublic places,public address
systemsareusedto announceimportantinformation. Many of theseannouncementsarehighly styl-
ized(“PassengersonUA flight 342to Clevelandshouldnow proceeddirectlyto gateB43”), andmuch
of this couldbehandledby speechsynthesissystems.Notealsothatsuchannouncementsareoften
madein more thanone language,andthe personreadingthe announcementis frequentlynot very
competentin languagesotherthantheirown. In suchcasessynthesizershave thepotentialto bemore
effective thantheir humancounterparts.

� Informationand serviceaccess:Automatedannouncementsystemsarea sub-classof the rangeof
informationandserviceprovisionsystems.A largenumberof interactivevoiceresponsesystemsnow
deployed on thetelephonenetwork couldbemademoreflexible andpowerful if responsescouldbe
dynamicallygeneratedwith speechsynthesis:for example,systemsthatusetouchtoneinput to get
accessto movie timetables,restaurantlocations,or productcatalogs. Similarly, many of the self-
serviceapplicationsprovided on internetwebsitescouldbeenhancedwith speechsynthesisaspart
of amultimodalinterfaceto simplify thecomputerinteraction.

� Human-centered computersystems:Interfacesthat allow spoken languagecommunication,both as
inputandoutput,will enableabroadersegmentof societyto accesscomputersandwill makehuman-
computerinteractionmoreefficientfor thosewhoarealreadycomputer-literate.Visualspeechsynthe-
sisfor multimodalinteractionwill addto theappealof suchinterfacesfor many people.Suchsystems
requireresearchon speechrecognitionandlanguageunderstandingfor successfulspeechinput, but
progressin this areahasbeenrapidandis ongoing.

� Speech-to-speech translationsystems:Speechtranslationsystemsarevery appealingfor peopletrav-
elingto countrieswheretheir languageis notwidely spoken,or evenfor telephone-basedtransactions.
Prototypesystemsalreadyexist, but areonly successfulwhenoperatingin very constraineddomains.
Again, thesuccessof this applicationalsodependson advancesin speechrecognitionandlanguage
translation.

A speechsynthesisresearchprogrammusthave asoneof its underlyingobjectivestheaim of making
practicalmost,if not all, of theapplicationtypesdescribedabove. Thefactorthatmostoftendistinguishes
betweenwhat is a potentialapplicationand what is now a deployed and widely usedapplicationis the
willingnessof usersto acceptthe currentquality level of speechsynthesizers.Wherethe useof speech
synthesisis an absoluterequirementto supportan application,whereusershave no alternative meansof
receiving computeroutputbut throughspeechsynthesis,or wherea specificnicheexists,speechsynthesis
is now used.But even with theseconstraints,it is often reportedthat useracceptancecanbe problematic
andthatobtainingandretainingcustomersis difficult.
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Theserealandpotentialapplicationsall serveto underscorethebasicpointthatwemadeatthebeginning
of this section: speechsynthesistechnologyis becomingincreasinglyimportant in all segmentsof our
societyandhastremendouspotentialto improveaccesstoelectronicinformationandservices.Theshrinking
of computingdevicesandincreasinguseof remotecomputercommunicationwill make speechinterfaces
a necessity. Furthermore,increasinglyglobalmarketswill demandmultilingual capabilities.TheUS must
increaseits supportof speechtechnologyresearchin general,but particularlyin synthesis,to maintainits
leadershippositionin informationtechnology.

2.2 SpeechSynthesisasan AssistiveTechnology

Many of the currentapplicationsof speechsynthesislisted at the startof the previous sectionareaimed
at improving communicationfor peoplewith disabilities. It is true that a small fraction of peoplewith
disabilitiesdependheavily on speechsynthesistechnologyalready, andwill continueto do so no matter
how otherdevelopmentsin speechsynthesisfare. 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 area significantsegmentof this. Peoplewith vision impairmentsand
learningdisabilitiesoften cannotaccessprintedmaterial,or aremuchlessproductive in reading.A large
proportionof seniorcitizenshave mild to severevisual impairments.Peoplewith physicaldisabilitiesor
motorimpairmentsmaynotbeableto handlewrittenmaterialto readit. A significantportionof oursociety
is alsolimited by theinability to speakor to speakclearly. Many deafpeoplearenotableto speak.Thelack
of sign languageinterpretersmakesthis limitation have greatsignificance.Peoplewith motordisabilities,
or peoplewho have haddiseasesor injuriesthataffect their speechabilities,mayalsonot beableto speak
atall or speakclearly.

Unfortunatelythe lack of naturalsoundingspeechsynthesiscreatesbarriers: the majority of people
with disabilitiesandthepeoplethey interactwith arenotsatisfiedwith thequalityof currentsystems,which
providedegradedcommunicationandaccessto informationrelativeto naturalspeechcommunication.These
barriersareworth removing. Speechsynthesistechnologydirectly impactsthe 20-40million Americans
with disabilities,but alsoindirectlytheirfriends,familiesandco-workers.Furthermore,assistive technology
is oftenasteppingstonefor productsthateventuallyfind broaderconsumerapplicationsasrapidlygrowing
computerpower drivesdown productcosts.

2.3 SpeechSynthesisand UniversalAccess

As a society, informationaccessis critical for education,employmentandan informedcitizenry. An in-
creasingnumberof legislative efforts areattemptingto requirethis accessaspartof civil rights, telecom-
municationsandgovernmentprocurementactivities. TheAmericanswith DisabilitiesAct andtheTelecom-
municationsAct of 1996bothhave provisionsthatprovide for improved accessto informationfor people
with disabilities.Thenew federalSection508legislationhasextensiveprovisionsplacingtheburdenonthe
federalgovernmentto make informationaccessibleto all citizenson anequalbasis,with ahigh standardof
effort to make thispossible.

Speechsynthesiscanandshouldplay a part in improving universalaccessto information. Universal
accessaimsto provide all peoplewith affordable,effective andtimely accessto thewidestpossiblerange

11



of informationandservices.Note thatuniversalaccessis not just an issueof physicaldisabilities;it also
meansmakingthe informationavailableon the internetandthe power of computersavailable to citizens
whoarenotcomputerexperts.Oursocietyis headingin adirectionof information“haves”and“havenots”,
wherethosewhoarenotableto accessor usecomputers– still themajorityof thepopulation– will become
disenfranchised.Thedevelopmentof spoken languagecomputerinterfaces,which includevoiceoutputas
well asinput, canhelpfight this trendbecausea muchlargerpercentageof thepopulationhasaccessto a
telephone.

A final dimensionof accessthat needsto be consideredis whereinformationcanbe accessed.With
audiointerfaceson smalldevices(telephones,mobilephones,personaldigital assistantsand,in thefuture,
microwaves)speechsynthesiswill enableinformationaccesswithout thetraditionaldesktop,display-based
computerinterface.Thusspeechsynthesishasthepotentialto enableaccessto informationby morepeople
andin morelocations.

In the context of this discussionit is of particularnote that thereis a new multi-year researchfocus
on UniversalAccessunderthe auspicesof the Human-ComputerInteractionandKnowledgeandCogni-
tive Systemswithin the InformationandIntelligentSystemsDivision of theNationalScienceFoundation.
Speechsynthesisis a key componenttechnologyof UniversalAccess,anda researchfocuson speechsyn-
thesisundertheauspicesof oneor moreNSFprogramswould thereforebetimely.

2.4 SpeechSynthesisand the Scientific Infrastructur e

Becausespeechsynthesisresearchtouchesonsomany disciplines,it alsohasthepotentialfor broadimpact
on scientificadvancementin several fields. Linguistsandspeechscientistshave frequentlyusedspeech
synthesissystemsasaresearchtool in experimentsaimedatdevelopingabetterunderstandingof thespeech
communicationprocess.Improvedsynthesissystemswill improve theexperimentalparadigmandmake it
possibleto pursuedeeperquestions.As arguedin [Cole,1995],

Puttingeffort into synthesiswill pay off in termsof betterquality synthesisaswell asbetter
understandingof spokenlanguage,which will in turn leadto improvedmodelsfor recognition
andunderstanding.

In addition to automaticspeechrecognitionand understanding,improved modelsof speechcan impact
low bit rate coding [Flanaganetal., 1980, SchroeterandSondhi,1992], as well as medicalapplications.
An accuratemodel for humanarticulationcould potentially be usedto estimatethe shapeof the vocal
tractusingonly theacousticsignal– a challengeknown asthespeechinverseproblem(see,for example,
[SchroeterandSondhi,1994]). A non-invasive,analyticaltechniquesuchasthiswouldcontributetheability
to investigatevariouscommunicationsdisorders.Givenabetterunderstandingof vocaltractphysiology, the
effect of certainsurgical procedureson thevocalcordsor vocal tract couldbestudiedprior to performing
theprocedure.This would benefitbothpatientsandsurgeonsalike. Finally, an improvedunderstandingof
articulationandtheability to synthesizespeechfrom anarticulatorydescriptionhaveapplicationsfor speech
therapy andlanguageinstruction,asdescribedin theprevioussectionon applications.
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3 BACKGROUND ON THE TECHNOLOGY

This sectionreviews, in sometechnicaldetail,thehistoryof speechsynthesisresearch,thecurrentstatusof
the technologyandassessmentmethodologies,thecommercialsystemsnow available,andareasof active
research.(As a referencefor thenon-specialist,a glossaryof technicaltermsis includedin AppendixB.)
In reviewing all the areasof speechsynthesisthe report identifiesareasin which increasedresearchwill
drive improvementsin overall quality, whichareelaboratedon in Section4. In Section5, we make specific
recommendationson a researchprogramin theseareas.

3.1 A Brief History of SpeechSynthesisResearch

In order to understandthe currentstateof the art aswell asthe future of speechsynthesistechnology, it
is necessaryto have a generalsenseof the history of the field. To this end,we presentin this sectiona
brief overview of work onspeechsynthesisandtext analysisfor text-to-speechsynthesis.Completereviews
arefound elsewherein publishedmaterials,from which muchof the currentmaterialis drawn, including
[Klatt, 1987, Allen, 1992, Olive,1997].

3.1.1 The Synthesisof SpeechSounds

Thehistoryof speechsynthesiscanbetracedto thelate18thcenturyandthefirst attemptsby Kratzenstein
andvonKempelento build mechanicaldevicesto mimic thesoundsproducedby thehumanvocalapparatus.
Thesedevicesconsistedof bellows (functioningas“lungs”), anda reed(“vocal chords”),which exciteda
resonancechamber(“vocal tract”). Onecould generatedifferentspeech-like soundsby manuallyaltering
theshapeof theresonancechamber, justasthetongue,lips andjaw areusedin humanspeechproductionto
changetheshapeof thevocaltract.

While Kratzensteinandvon Kempelen’s devicesdemonstratedapracticalunderstandingof someof the
basicaspectsof speechproduction,it wasn’t until themid 19thcentury, with studiesby von Helmholtzand
othersthattheacousticbasisof speechproductionbeganto beunderstood.A critical resultof thesestudies
wastherealizationthatdifferentspeechsoundscouldbeproducedby carefulcontrolof therelative loudness
of differentregionsof thespectrum.Sincesoundscouldbeproducedelectricallyaswell asmechanically, it
followedthatonecouldsynthesizespeechby electricalratherthanmechanicalmeans.

The synthesisof speechby electronicmeansbegan in the 1920’s with work of J. Q. Stewart on the
productionof staticvowel sounds.Thefirst electronicsystemwhich allowedoneto synthesizeintelligible
sentenceswastheVoder, developedby HomerDudley at Bell Labs. It consistedof two independentsound
(or “excitation”) generators,onefor periodicsounds(vocalchordsduringvoicedsounds)andtheotherfor
noise(turbulencecausedby constrictionsin thevocaltract).A manuallyoperatedfilter mimickedtheeffects
of thevocaltract,andanadditionalcontrolwasavailableto controlpitch. Demonstratedatthe1939World’s
Fair, theVoderclearlyshowed thepotentialof theelectronicproductionof speech.It wasalsonotablein
that its fundamentaldesignwasbasedon a separationof thesource (periodicor noisyexcitation) from the
filter (thevocaltract),andthusanticipatedthelatersource-filtermodelof speechproduction.

While thisearlywork onspeechsynthesisclearlydemonstratedanunderstandingof speechproduction,
speechsciencewashandicappedby thelackof ameansfor visuallyrepresentingspeechin awaythatclearly
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showedthedifferencesbetweendifferentclassesof sounds.Thesoundspectrograph, developedatBell Labs
by Potterandothersin thelate1940’s,wasthefirst devicetoaccomplishthis. Thebookdescribingthiswork,
entitledVisible Speech [Potteretal., 1947], Potteret al. catalogeda largenumberof soundcombinationsin
English(andselectedotherlanguages),illustratingfor thefirst time preciselyhow soundsaredistinguished
from oneanotherby differencesin energy atdifferentfrequencies.Soundspectrograms(thoughproducedby
digital ratherthananalogmeans)arestill afundamentaltool of speechscientiststoday. Sincespectrographic
representationsof speechallowedresearchersto discover robustacousticcorrelatesof differentmovements
of the vocal apparatus,it becamepossibleto conceive of automaticallygeneratingspeechby rule. The
soundspectrogramwasalsoimportantfor thedevelopmentof thesource-filtermodelof speechproduction,
mentionedabove, and developedmost notably by GunnarFant at KTH in Stockholm. Simply put, the
source-filtertheorystatesthatspeechcanbemodeledasoneor moreperiodicor noisesources(theglottis
or in thecaseof fricatives,aconstriction),whicharethenfilteredby anacoustictube,namelythevocaltract
(sometimescoupledwith the nasaltract) from the point of the sourceonwardsto the lips. Much modern
work onspeechsynthesisdependsto agreateror lesserextentuponthismodel.

Anticipatingsomewhatthediscussionin alatersection,modernapproachesto synthesiscanbeclassified
alongtwo partly-independentdimensions.Thefirst dimensionrelatesto thedegreeto which theapproach
hascontrollableparameters— is parametric. The approachmay be highly parametric,with many inde-
pendentlycontrollableparameters:this is the typical situationwith articulatoryor formant-basedsystems
discussedbelow. Or theapproachmayhave few or no variableparameters:this is thecasein someof the
waveform-basedapproachesto concatenative synthesisthatweshalldiscusslateron. Theseconddimension
relatesto how theparametersarederived: theparametersmaybederivedby rule — rule-basedsystems—
or maybetrainedfrom speechcorpora;themostcommoninstanceof thelatterareconcatenative systems,
wherethederivedparameterstake theform of storedandprocessedsegmentsof realspeech.

Thetwo approachesto highly parametricsynthesisarearticulatory andformant-basedapproaches.Ar-
ticulatory synthesisattemptsto producespeechby first understandinghow the vocal apparatuschanges
shapeduringspeechproduction,thenunderstandingtheacousticproblemof how thosemovementstranslate
into sounds.Formantsynthesisdoesawaywith thefirst stepandattemptsinsteadto derive rulesthatdirectly
control the acoustics,given the string of soundsto be synthesized.For concatenativesystems,wherethe
parametersarein theform of storedsegmentsof speech,oneof themainchoices(asweshallseelateron) is
thesizeof theunitsthatareusedin theinventory: in mostcasestheminimal unit thatis practicalto useis a
transitionbetweentwo sounds,termedadiphone,andthis is theunit thatwasusedin thefirst concatenative
systems.

Articulatory, formant,andconcatenative approachesto synthesishave hada roughlyequallylonghisto-
ry. Theearliestarticulatorysynthesizersinclude[NakataandMitsuoka,1965, Henke,1967, Coker, 1968].
and the earliestformant synthesizerwas [Kelly andGerstman,1961]. Finally, the conceptof diphones
was discussedin [Petersonetal., 1958], with the first working diphone-basedsynthesizerbeing that of
[Dixon andMaxey, 1968].
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3.1.2 Text Analysisand Prosody

In theprevioussectionwesketchedthehistoryof attemptsto produceartificial speechgiventhatoneknows
thesoundsthatonewantsto synthesize:aswehaveseen,theinvestigationof thisproblemdatesbackabout
two hundredyears.But synthesizingspeechis only half of theproblemof text-to-speech synthesis: a text-
to-speechsynthesizermustnot only beableto synthesizespeechfrom a setof sounds,but it mustalsobe
ableto figureout an appropriatesequenceof sounds– aswell asotherpropertiessuchasthe appropriate
pitch contourto use– given text. Work on text analysisandprosodicmodelingin synthesishasa much
shorterhistory.

Oneof the first systemsfor full text-to-speechconversionfor any language— andcertainly the best
known — wastheMITalk AmericanEnglishsystem,developedat theMIT ResearchLab for Electronics
duringthe1970’s [Allen etal., 1987]. MITalk wascapablenot only of pronouncing(most)ordinarywords
correctly, but it alsodealtsensiblywith punctuation,numbers,abbreviationsandsoforth. Theseproblems
werehandledwith a combinationof rulesanddictionaries:productive modelsof word formationbasedon
morphemicanalysiswereincludedsothatmany wordsthatwerenotexplicitly listedin thedictionarycould
be handled.Part-of-speechanalysisanda phrase-level parserprovided input for the prosodicrules. (The
actualsynthesizerin MITalk wasa formantsynthesizer, a closekin of thewell-known Klatt synthesizer, as
well asthecommercialDECTalksystem.)TheMITalk projectwasimportantnotonly for beingapioneering
full text-to-speechsystem,but alsofor thefactthatthetext analysiscomponentsof thesystemwereinformed
by linguistics— in particularthegenerative linguistics thathadbeenunderdevelopmentfor morethana
decadeat MIT. This helpedsetthetonefor muchsubsequentwork in synthesis,which hasgenerallybeen
well informedaboutlinguisticmatters.

The late 1980’s saw a blossomingof full text-to-speechsystemsfor numerouslanguages,aswell as
muchfurther work on techniquesfor text analysis.Approachesthat arebroadlyspeakingbasedon hand-
constructedruleshaveremainedpopular, in particularfor thedevelopmentof so-calledletter-to-soundrules,
which convert from letterstringsinto appropriatesound(moretechnicallyphoneme) sequences.However,
therehasbeenanincreasedinterestin alternative approaches,includingvariouspartially-supervisedor fully
self-organizingstatisticalmodels. Two exampleswill suffice. First, several groupshave investigatedthe
useof neuralnetsin learningletter-to-soundcorrespondencesgivena trainingcorpusof spelledwordsand
their pronunciations.Second,variouscorpus-basedapproachesto disambiguationhave beenappliedto the
problemof deciding,for example,whetherthestring1/20shouldbereadasonetwentieth, or Januarythe
twentieth. Suchapproachesstartwith acorpusof examplestaggedwith thecorrectchoice,andlearnwhich
kindsof elementsin thecontext (e.g.,grammaticalpropertiesof wordsin theimmediatecontext, or nearby
words)arethemostreliableindicatorsof eachsense.

Of course,it is not enoughjust to predictwhat phonemesto producefrom a text: onemustalsode-
terminehow to “chunk” sentencesinto phrases,choosewhich wordsto emphasize,computedurationsof
thephonemesandtheappropriateenergy andintonationcontoursassociatedwith theutterance.Thesedif-
ferentelementsof speecharecollectively referredto asprosody. Aspectsof prosodyin speechproduction
have beeninvestigatedin variousphoneticandlinguistic traditionsfor centuries,but their investigationin
thecontext of speechsynthesisis, of course,muchmorerecent.For example,accordingto [Klatt, 1987],
the first implementedalgorithmfor determininga pitch contourwasdoneby IgnatiusMattingly in 1966,
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andwasincorporatedinto the Holmesrule-basedsynthesizer. Intonationpatternswereconstructedusing
threebasicintonationaltunes(“f alling”, “rising”, and“f all-rise”) which werealignedwith thefinal promi-
nent syllablesin clauses.A much later, but quite influential model was the “tone and target” model of
[Pierrehumbert,1980], wherepitchcontourswerederivedfrom combinationsof abstracthighandlow tonal
targets.This theoreticalmodelformedthebasisfor theimplementedmodelthatwasuntil recentlyusedin
theBell LabsAmericanEnglishTTS system.Nowadaystherearemany differentimplementedmodelsof
intonationincludingavarietyof statisticallytrainedmodels.

Onefinal point relatesto multilinguality: not only aretheremoreandmorefull text-to-speechsystems
available, but increasingnumbersof them have beenapplied to more than one language. Of these,at
leastsomesystemsarestartingto emerge that are truly multilingual in the following restrictedsense:a
multilingual text-to-speech systemis onethathasbeenappliedto morethanonelanguage,andat thesame
time, for eachcomponentof the system,usesthe sametools andalgorithmsfor eachlanguage.Thus a
systemthat producesspeechfor EnglishandFrench,but which hastwo completelydistinct text-analysis
modulesfor the two languages,is not multilingual in this sense.Modernmultilingual systemsincludethe
Festival system,ETI-Eloquence,Infovox, andtheBell LabsTTSsystem.

3.2 Curr ent TechnologyReview: What WeCan Do Now?

In this sectionwe describein somedetail thetechnicalchallengesinvolved in synthesizingspeechanddis-
cusspastandcurrentapproachesto meetingthesechallenges.In additionto enumeratingthechallengesthe
point is madethatsolvingthespeechsynthesisproblemrequiresa multidisciplinarystrategy thatintegrates
both theoreticalandappliedknowledgefrom thefieldsof linguistics,computerscience,signalprocessing
andmore. Following this section’s coverageof the researchareas,Section4 recommendsa programof
researchactivities in areasthat will drive improvementsin the quality of speechsynthesis.Finally, Sec-
tion 5 providesthedetailedrecommendationsof the reportfor a coordinatedresearchprogramto address
thecomplex, multidisciplinarychallengesdescribedhere.

Speechsynthesisis a problemthat is typically broken up into two mainsub-problems,asdescribedin
Section3.1. The first phaseof speechsynthesisis the analysisor generationof input text andits conver-
sion into a representationfrom which synthesiscanthentake place. Minimally sucha representationwill
includeinformationon theactualphonemesto beuttered,whichwordsto accent(i.e.,emphasize),andhow
to sensiblychunkupsentencesinto “informationunits” (technicallytermedprosodicphrases). Determining
the appropriatephonemesequenceandprosodicstructure(accentsandphrases)arecoupled,but they are
oftentreatedasseparateproblems,hencetheseparationin thediscussionto follow. Inevitably eventhebest
algorithmsfor text analysisandprosodicmodelingwill fail to producethedesiredresultin someinstances.
In suchcases,andto facilitatecommunicationwith a languagegenerationmodule,somestandardizedex-
ternalmarkuplanguageis neededto annotatethetext in appropriateways,sowe alsoincludeherea short
sectionon markupschemes.The secondphaseof speechgenerationinvolves synthesizinga waveform
given thesymbolicrepresentationof the utterance.This stagecanbe divided into problemsof predicting
thecontinuous-valuedacousticparametersassociatedwith the prosodicandsegmentalcontext definedby
thesymbolstreamandusingsignalprocessingtechniquesto combinethedifferentelementsto obtainthe
final waveform. Again, theprosodyandsegmentalcomponentswill beseparatedin thediscussion,though
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they areclearly related.Finally, sincemulti-modalcommunicationis oneimportantapplicationof speech
synthesis,we alsoincludeasectionon synthesisof visualcomponentsof speech(i.e., “talking heads”).

3.2.1 Text Analysisand Generation

Text Analysis. As wenotedabove, thefirst phaseof text-to-speechconversionis theanalysisof theinput
text, andits conversioninto a representationfrom which synthesiscanthentake place. At the very least,
oneneedsto have a transcriptionof all the wordsthat occurin the text. Now, deriving the pronunciation
of individual wordsinvolvesmuchmorethansimply looking up the wordsin a dictionary: no dictionary
containsall of thewordsthatonemightencounterin text, andbesidesordinarywords,onemustalsobeable
to pronounceabbreviations,numberstrings,andotherkinds of material,which onewould not generally
expectto find in adictionary. In addition,onemustoftenchoosebetweenseveralalternative pronunciations
for agivenword.

An examplewill serve to illustratethekind of problemsfacedby a text-analyzer:

Dr. Abate lives at 175 Park Dr. He weighs 175 lb. His hobbies in-

clude music. He plays bass in a blues band and he also plays clar-

inet in the local symphony orchestra. He also likes fishing: last

week he caught a 20 lb bass.

Presumablyfew competentEnglishreaderswouldhavedifficultiesin readingthisshortparagraphaloud,yet
thereareactuallya numberof problemsthatmustbesolvedby a speechsynthesissystemin orderfor it to
performasa humanreaderwould. Naturally it mustpronouncewordssuchasweighsor hobbiescorrectly,
but thesearerelatively easysincethereis reallyonly onewayto pronouncethem.But othercasesarenotso
easy. For instance:

� Therearetwo periodsin thefirst sentence,but only oneof themmarkstheendof thesentence,the
otheronemerelyservingto marktheabbreviation,Dr., for doctor.

� Dr. occurstwice in thisparagraph.Thefirst instanceshouldbereadasdoctor, thesecondasdrive.

� Abate, if it wereanordinaryEnglishword,would bepronouncedasif it werespelleda-BAIT. But in
thiscaseit is anameof Italianorigin: it shouldbepronounceda-BAH-tee.

� lives, in othercontexts, couldbepronouncedto rhymewith jives. Hereit is a verbandrhymeswith
gives.

� 175, andothernumbers,tendto bepronounceddifferently in somecontexts (suchasaddresses)than
they arein others.Many peoplewouldsayoneseventyfivePark Drive., but onehundredandseventy
fivepounds.

� lb. canbe readasboth poundandpounds: roughly speaking,it shouldbe poundsif the preceding
numberis plural, andthephraseX poundsis not modifying a following noun(thesecondinstanceis
twentypound bass).
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� bassis eitheramusicalrangeor instrument(pronouncedasbase), or elseafish(rhymingwith mass).

As we canseefrom this shortexample,text analysisposesnumerousproblemsfor a TTS system.The
problemsit includescanbeclassifiedinto varioussubproblems,including,but not limited to: word/sentence
segmentation,abbreviation expansion,numeralexpansion,word pronunciation,and homographdisam-
biguation.(Additionalproblemsof accentuationandprosodicphrasingwill bediscussedin thenext section.)
All of theseproblemscanbethoughtof ashaving two components.Thefirst componentis theproblemof
enumerating thelegal possibilitiesfor agiveninput; thesecondconsistsof disambiguation, or theselection
of the contextually appropriateanalysis. A coupleof exampleswill illustrate the point. ConsiderDr.: a
text-analysissystemfor Englishmustknow that this abbreviation canbeexpandedasdoctoror drive (and
in otherways too). Thus, it mustbe able to enumeratethe possibleexpansionsof this abbreviation and
to disambiguateamongthemgiven the context. Text analysismethodsfor TTS have beenreviewed in a
numberof places,including [Klatt, 1987, Dutoit, 1997, Sproat,1998]. Here,we will only briefly describe
thevariousapproachesthathave beentaken to themoreprominentproblems,namelyword pronunciation
andhomographdisambiguation.

Thearchitecturallysimplestapproachto word pronunciation involvesletter-to-soundrules.Theseare
rulesthat mapsequencesof lettersinto sequencesof sounds,alongwith other informationsuchasstress
placement.This approachis naturallybestsuitedto languageslike Spanishor Finnish wherethereis a
relatively simplerelationbetweenorthographyandphonology. For languageslike English,however, it has
long beenrecognizedthat for accurateword pronunciationoneneedsa pronouncingdictionarythat (at the
very least)includeswordswith irregularpronunciations.

But a simplelist is generallynot sufficient: wordscanbe morphologicallyderived from otherwords
(e.g.,giraffishnesscanbederivedfrom giraffe), andthesetof morphologicalderivativesis open-ended.In
varioussystems,standardtechniquesfor morphologicalanalysisareappliedto morphologicallycomplex
words,andthe pronunciationof the whole is thencomputedfrom the pronunciationsof the known parts,
applyingappropriatephonologicalruleswherenecessary[Allen et al., 1987].

Oneclassof wordsthat often requiresspecialtreatmentis personalnames.In the United States,for
example,many personalnamesarenotof Englishorigin, andspecialrulesof pronunciationapply: a reader
who knows that Dutoit is a Frenchname,will alsogenerallyknow that the “oi” is pronounced“wa” and
that the final “t” is silent. In somecasesmorphologicalanalysiscanbe appliedto derive pronunciations
for complex namesfrom known morphologicalpieceparts:e.g.,Phillipson from Phillip plusson. However
this is not alwaysthebestapproach,andotherapproacheshave beentried, includingreasoningby analogy
[Golding,1991, DedinaandNusbaum,1996]. For example,if we have thenameCalifano in ourdictionary
andknow its pronunciation,thenwe cancomputethe pronunciationof a hypotheticalnameBalifano by
notingthatbothnamessharethefinal substringalifano.

Finally, oneapproachto word pronunciationthathasbecomepopularrecentlyis self-organizingmeth-
ods.A typicalapproachinvolvestraininganeuralnet,or otherstatisticallearningmethod,onalist of spelled
wordspairedwith their pronunciations.Thesemethodshave mostlybeentried on English,whererelevant
resourcessuchasonlinepronouncingdictionariesabound.

Text analysisproblemsnaturallybreakdown into two parts,namelyenumerationanddisambiguation.
What we have just discussedin word pronunciationconstitutesthe enumerationpart of the problem: the
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methodspreviously describedwill returna setof pronunciations— thoughoftena setwith a singlemem-
ber. In caseswhere there is more than one viable candidate,one must have somemethodfor choos-
ing betweenthem,a problemreferredto ashomograph disambiguation. Oneapproachis describedin
[Yarowsky, 1997]. Onestartswith a training corpuscontainingtaggedexamplesin context of eachpro-
nunciationof a homograph.Significantevidencefrom both narrow andwide context (e.g.,n-gramword
patternscontainingthehomographin questionor wordsthatoccuranywherein thesamesentence,which
arestronglyassociatedto oneof thepronunciations)is usedto constructadecisionlist: in thelist, eachpiece
of evidenceis orderedaccordingto its strength(log likelihoodof eachpronunciationgiven theevidence).
A new instanceof thehomographis thendisambiguatedby finding thestrongestpieceof evidencein the
context in which thenovel instanceoccurs.

How well do we do? A cursoryreadingof the literatureon text analysisfor TTS might convince one
that the text analysisproblemis almostsolved. Onefinds that in many areas,resultsin the mid to high
90% rangearequoted. But what do thesenumbersreally mean?The first point to observe is that while
thepercentageof errorsfor any givensubproblemmaybesmall, therearea lot of subproblems,andsmall
errorstendto accumulate.Thatmeansthatfor any reasonablesizedtext input, thechancethattherewill be
at leastonetext analysiserror is actuallyquitehigh. Furthermorethenumbersgiven above aresomewhat
misleading. In someof thesecases,the resultsareactuallybetterthanwhat the numberssuggest.Word
pronunciationresultsarereportedby type, meaningthat if you go down a randomdictionaryof wordsand
names,youexpectto getaround95%correct.But TTSsystemdevelopersnaturallywork hardestonmaking
surethatthemostcommonwordsarepronouncedcorrectly, with theresultthata95%correctscoreby type
will almostcertainlytranslateinto a higherscoreby token. On the otherhand,word pronunciationrates
arefor “ordinary words”: they typically do not include“unusual”stringssuchasURL’s,mixed-caseitems
(WinNT), radiostationcall letters(KARL), stocksymbols(AMZN) andsoforth. Oftenthesekindsof strings
requirespecialtreatment.Onemight objectthat thesearereally problemsfor a preprocessoranddon’t fall
underthe rubric of word pronunciation. But this is a quibbleaboutterminology: the fact is that a TTS
systemmustbe able to pronouncesuchstrings,and just becausea systemhandlesmostordinarywords
in a reasonablefashionis no guaranteethat it will beableto dealreasonablywith thesekindsof elements.
Finally, evaluationsof homographdisambiguationincludeonly thehomographsbeingconsidered.A system
mayhave modelsfor a few tensof homographs,but oneoftenfindsmany othersthatarenot treatedat all.
For example,asystembuilt to readtheWall StreetJournalwouldnotwork aswell for email.

So text analysisfor TTS is not nearlyassolved a problemas it would at first appearto be: to put it
simply, the text analysisproblemwill only be solved whenall stringsin a text arepronouncedcorrectly
andemphasizedcorrectly, andwhenall sentencesarephrasedandintonedcorrectly. We have not achieved
thisstateyet. Furthermore,text analysiserrorscontributesignificantlyto theperceptsof unnaturalnessand
unpleasantnessof existingTTSsystems.

Still, one might object that, while the text analysisproblemfor general text is not solved, thereare
many applicationsof TTS involving limited domains,wherefull text analysiscapabilitiesarenot required.
This is true. However, onemustunderstandthat therearemany currentapplicationsthat arenot limited:
amongthesearee-mail reading(oneof the mostpopularapplicationsof TTS at present),aidsfor people
with disabilities(e.g.,pagereadersfor theblind) andgeneralaccessto informationon theweb. In noneof
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theseapplicationscanonelimit theinput to theTTS system.Furthermore,evenseeminglylimited-domain
applicationslike “reverse-directory”(entera telephonenumber, andthesystemreadsthenameandaddress
associatedwith that number)have open-domainproblems,sincethe vocabulary changesmorefrequently
thanis practicalto updatemanually. In thisparticularcaseonemustdealwith personalandcompany names,
variouskind of standardandnon-standardabbreviations,andsoon,all of which canpresentdifficultiesfor
aTTSsystem.

Text Generation. In TTS systems,improved text analysismeansthat more of the structure,meaning,
andfunctionof a stringwill becomeapparent.In concept-to-speech(CTS)systems,on theotherhand,the
meaningandfunction is given asinput, andboth thestring andits acousticrenderingmustbe computed.
Onestartswith a data-or meaning-orientedrepresentationof what is to be said,ratherthana text string.
CTS applicationsinclude human-computerdialog, machinetranslation,explanationgeneration,training,
andreportgeneration.As in TTS, thegoalis to producenatural-soundingspeechoutput.

Althoughtheideaof CTSwasintroducedtwentyyearsago[YoungandFallside,1979], therewasrela-
tively little activity for many yearsbecauseof limitationsin otheraspectsof speechandlanguagetechnology.
Recentsuccessesin speechunderstandinghave madeit possibleto envision human-computerdialogsand
hencehelpedto increaseinterestin CTS.

CTSconversioncombinesnaturallanguagegenerationwith speechsynthesis.At first blush,this looks
like a doubly-difficult taskbecause:(1) concept-to-text generationis hard,and(2) text-to-speechsynthesis
is hard. However, the picturebrightenswhenwe considerthat a languagegeneratorcanpassvery useful
information,above andbeyond text string, to a speechsynthesizer. For example,conceptsin a meaning
representationcan influenceword pronunciationvery accurately. A generationsystemthat says“wind”
alreadyknows whetherit is talking about“wind thatblows” or “wind aclock”.

Usingconceptsto determinepronunciationis but oneexampleof amajorthemein CTSresearch.More
generally, researchinvestigateshow informationproducedduring the languagegenerationprocesscanim-
prove thequality of synthesizedspeech.Oneline of researchstudiestheinfluenceof informationstructure
on prosody. For example,discourseinformationsuchasthe given/new distinctionhasbeenshown to in-
fluenceintonationalprominence[Hirschberg, 1993] while reflectionof theme/rhemein syntacticstructure
candrive theplacementof contrastive stress[Steedman,1996]. Both typesof informationhave beenused
effectively in CTSsystems[Davis andHirschberg, 1988, Prevost,1995]. While statisticalalgorithmshave
beendevelopedto derive someof this informationfrom text (in particular, given/new [Hirschberg, 1993]),
the resultsareerrorful (as is most text analysis);in contrast,this information is naturallyproducedand
usedduring the courseof languagegenerationto determinesentenceform and thus, CTS systemshave
more accurateinformation available to improve speechquality. Other researchlooks at differencesin
accuracy for prosodyassignmentbasedon part-of-speechtags,constituency structure,or semanticroles
(e.g., agent,patient),when accuratelydeterminedby languagegenerationor derived using text analysis
[PanandMcKeown, 1998].

While CTSsystemsto datehaveexploitedinformationthatcouldconceivablybederivedby text analysis
techniquesthoughwith lessaccuracy, emergingresearchexploresthepotentialof informationthatwouldbe
difficult, if not impossible,to derive from text. Semanticandpragmaticinformationthat is routinelyused,
created,or representedduringtheprocessof languagegenerationhasthepotentialfor evengreaterimpact
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onimprovementof prosodybecauseit wouldmoredirectlycorrelateintonationwith meaning.For example,
in planningthecontentandorganizationof text, hierarchicaldiscourseplansaretypically constructedand
rhetoricalrelationsbetweenplanelementslabelled(e.g.,asexample, contrast, or sequence). While previous
work [Hirschberg andGrosz,1992] hasexplored the effect of discoursestructureon intonation,it seems
likely that function of one elementin relation to another, suchas exemplification,shouldalso have an
impact. Informationsuchasthe type of eachsemanticrole andspeaker intention is available in input to
CTS systemsand could also play a role in assigningprosodicfeatures. In combination,thesecould be
usedto study the impact of affect on intonation. Doesa speaker, for example,communicatesurprising
information(e.g.,unexpectedabnormalinformation in medicalbriefingsor unexpectedplays in a sports
game)differently than the norm? Studiesof the effect of a wide variety of information on synthesisis
possiblewithin aCTScontext becauseit is alreadyusedto determinethelanguageproduced.

So far, we have examinedthe influenceof languagegenerationon synthesis.Yet, the fact that speech
is theoutputmediumalsoplacesdemandson andprovidesopportunitiesfor languagegenerationresearch
[PanandMcKeown, 1996]. Mostwork in languagegenerationhasbeendonefor thewrittenmedium.How
shouldsyntacticstructureandword choicechangewhenspeechis theoutputmedium?We know, for ex-
ample,thathumanspokenlanguageis morecolloquialandlessgrammaticalin mostsituationsthanwritten
language,but how muchof thatdo we want to duplicatein computergeneratedspeech?Cananexplana-
tion be shortersincethe spoken versionhasprosodyto help convey meaning?Finally, spoken language,
an auditorymedium,is often usedin combinationwith othervisualmedia. In thesemultimediacontexts,
whendeterminingcontentandform of its output,a spoken languagegeneratormusttake into accountthe
information that is presentedin other mediaand its form. Again, this placesnew demandson the lan-
guagegenerationprocess,affectinggenerationof references,selectionof paraphrases,andorganizationof
informationin sentences[McKeown etal., 1997].

How well do we do? Researchon CTS hasonly scratchedthe surfaceof the problem. The useof
discourseinformationin CTS hasdemonstrateda marked improvementin the naturalnessof synthesized
speechandthus,illustratesthe potentialof this approach.However, useof the rich, accurateinformation
producedby languagegenerationfor synthesishasbeenstudiedfor a very limited setof features.Much
moreremainsto bedone.

3.2.2 ProsodyModeling

Prosody, whichincludesthephraseandaccentstructureof speech,aidsthelistenerin interpretingutterances
by groupingwords into larger informationunits anddrawing attentionto specificlexical items. That is,
prosodyhelpsa listenerto more quickly and easily understandthe meaningof the incoming speechby
makingthestructuralorganizationof thesequenceof wordsmoretransparent,wherestructuralorganization
includesboththesyntacticandsemanticinterpretationof awordsequenceaswell asthetopicstructureand
speaker intentions. The acousticcuesto prosodicstructureincludemodulationof fundamentalfrequency
(F0),energy, relative timing of phoneticsegmentsandpauses,andphoneticreductionor modification.

Prosody, which includesthephraseandaccentstructureof speech,is oneof the leastdevelopedparts
of existing speechsynthesissystems,accordingto [Klatt, 1987, Collier, 1991] andmany participantsat the
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workshop.Perhapsthemostoftencitedreasonfor improving prosodypredictionin synthesisis to improve
“naturalness”,but prosodyalsoaffectsintelligibility. A domain-specificmodelof prosodycansignificant-
ly improve the comprehensionof synthesizedspeech[Silverman,1993]. Thoughimportant,prosodyhas
provedto bedifficult to modelandto evaluate,in partbecausetheacousticcuesareassociatedwith struc-
turesoperatingat differenttime scales(from segmentaleffectsto paragraphor dialogstructureto speaker
emotion)andin partbecausethesamesyntacticinterpretationof a sentencecanbeutteredwith morethan
oneacceptableprosodicpattern,reflectinga flexibility thatmaybe associatedwith speakingstyle,dialect
or otherfactors.

Like theoverall synthesisproblem,prosodycontrol is oftenbroken into two sub-problems:prediction
of symbolicmarkersto indicatephrasingandemphasisandgenerationof continuouscontrolparametersfor
usein speechsynthesis.Both of theseaspectsrequirestrongcollaborationbetweenthe engineeringand
linguisticscommunities.Thetwo sub-problemsandcurrentresearchefforts aredescribedin thefollowing
sections.

Prediction of SymbolicProsodicMark ers. Differentsystemsusedifferentinventoriesof prosodicmark-
ers,but thereis generalconsensusthatlabelsareneededfor indicatingphrasestructureandemphasis.Such
labelsmaybeusedinternallyand/orasexternalcontrols(e.g.,breaksandemphasisin theSABLE markup
language[Sproatet al., 1998]).

Considerthefollowing exampleto illustratetheproblemsof accentuationandphraseprediction:

I wastalking with Joe last night. He playsbassin a bluesbandandhealsoplaysclarinet in
thelocal symphonyorchestra. Do youplay in a band?

Several factorsaffect theplacementof accents.In thefirst sentence,Joewould beaccentedif his nameis
first mentionedin thissentence,but nightmight beaccentedif thespeakershavealreadybeentalkingabout
him andthe new information is whenthe speaker last talked to him. If the speaker wantedto especially
emphasizethetime,s/hemight accentboth last andnight. Nounphrasessuchasbluesbandandsymphony
orchestra posetheproblemof whereto placethemainemphasis.Many speakerswould sayBLUESband
but symphonyORCHESTRA. Wordsmay alsobe accentedto indicatecontrast,asin you (which contrasts
with Joe) in thelastsentence.Prosodicphraseplacementis similarly difficult. Thesecondsentenceis long
enoughthatonemight expecta goodreaderto breakthesentenceinto two phrases.Themostnaturalplace
to do that is betweenbandandand. However, prosodicphrasesareoften representedasa hierarchy, with
major phrasesbeingcomposedof a sequenceof minor phrases.With a phrasehierarchy, onemight put
minor phraseboundariesbeforethe prepositionsin the secondsentence.Finally, thereis the issueof the
particulartypeof intonationmarkerassociatedwith accentsandphraseboundaries.For example,onewould
generallyput a falling toneat the phraseboundariesassociatedwith the endof a declarative sentence,a
rising toneat theendof a yes-noquestion,andyet anothertoneafter thefirst instanceof bandto indicate
continuation.

Thesimplestalgorithmsfor accentuationinvolve makingtheaccentingdecisionon thebasisof broad
lexical categories,or partof speech.Contentwords(nouns,verbs,adjectives,many adverbs)aretypically
accented,function words (auxiliary verbs,determiners,prepositions)are typically deaccented,andshort
functionwords(to, a, etc.) aredeaccentedevenfurtheror cliticized. Methodsdiffer to someextenton how
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finely they categorizewordsinto lexical classes,andwhatexactuseis madeof thatinformation.In English,
and several other languages,accentingnot only correlateswith lexical category, but also dependsupon
semanticrelationsbetweenwordsandthepragmaticfunctionof words.Oneimportantsetof constructions
in Englishwherepartof speechalonecannotsuffice arecomplex nounphrases— a nounprecededby one
or more adjectival or nominal modifiers. One finds instancesof suchconstructionswherethe accentis
on thefinal word (Park LANE, bananaPIE) but seeminglyparallelconstructionswhereit is on an earlier
word (PARKStreet, BANANA bread). Approachesto this problemtypically involve someamountof lexical
and crudesemanticanalysis[Monaghan,1990, Sproat,1994]. Accenting in English also appearsto be
sensitive to prosodicphrasestructurein thatspeakershaveatendency to putaccentsearlyandlatein aphrase
[Shattuck-Hufnageletal., 1994]. Finally, accentingin English is sensitive to propertiesof the discourse,
includingfactorslike givenness[Hirschberg, 1993] andcontrast,asnotedabove.

As alsonotedabove, anotherimportantproblemis predictionof prosodicphrasing. Punctuationis a
fairly reliablecueto a phrasebreak,assuminga text analysiscomponentthatcandistinguishabbreviations
from sentenceboundaries,but thereare many caseswherephrasebreaksare not marked with punctua-
tion andvice versa.Otherfactorsincludesyntacticstructure,which is usedto varyingdegreesby different
systems,from simplepart-of-speechlabelsof targetandneighboringwords[WangandHirschberg, 1992] to
full syntacticparses[Bachenko andFitzpatrick,1990]. Phraselengthappearstobeafactor[Bachenko andFitzpatrick,1990,
OstendorfandVeilleux,1994], andin addition,it hasbeenhypothesizedthatfocusplaysa roll in determin-
ing phrasestructure(e.g., last night forms a minor phrasein the exampleabove when the time is to be
stronglyemphasized).

For bothaccentandphraseprediction,all thedifferentfactorscanbeintegratedusingavarietyof mod-
els,includingrule-basedapproachesusinghand-writtenor automaticallylearnedrulesaswell asstatistical
models. The structureof the modelis an importantresearchproblem,particularlyfor automatictraining,
sincethereareinnumerablesyntactic/semantic/discourse contexts to consideraswell asvariationsbetween
speakers,moodsandspeakingstyles.Furthermore,verylittle prosodicallylabeleddatais currentlyavailable
from which to learnrulesor modelparameters.However, text analysisis anequallyimportantlimiting fac-
tor, particularlywith respectto discoursestructure,sinceprosodicparametersaretypically predictedfrom
dataoutputfrom text analysis.

How well do wedo? As in text analysisproblems,resultsfor accentandphrasepredictionof over90%
arereported,but againtheseresultsaremisleading.First,typicalmethodsfor measuringphrasingprediction
have a very high baseline:for somecorpora,over 90% canbe achieved simply by placinga boundaryat
sentenceendsandnoboundarieselsewhere.Furthermore,theaccuracy is lower for thecasewheremultiple
levels of boundariesarepredicted,as is neededto accountfor observed differencesin acousticcues. A
problemwith accentuationmodelsis that they rarely predictthestrengthof accentuation.A word canbe
accented(or emphasized)to varyingdegrees,dependinguponmany factorsincludingits semanticor prag-
maticrelationto othertermsin thetext andthereader’s intentions.Variationof strengthof accentunderthe
reader’s controlis partof goodreadingstyleandpartof whatmakesagoodhumanreadersoundinteresting,
andlack of suchvariationis an importantreasonwhy eventhebestsynthesissystemssoundmonotonous.
A problemwith both accentandphrasepredictionresultsis that they tendto be tunedto a specificstyle
andgeneralizationto differentstyleshasnot beendemonstrated.As shown in [RossandOstendorf,1996],
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an algorithmthat givesvery goodresultsin onecasehasperformanceworsethanchancewhenusedon
datafrom a differentdomain. Finally, asarguedin the text analysiscase,errorsin differentcomponents
compoundthroughmultipleprocessesin aspeechsynthesizer, andthecurrenterrorratesaresimplynot low
enough.

Generationof AcousticControl Parameters. Therearetwo mainacousticparametersthatmostsystems
focuson: durationandfundamentalfrequency (F0). Additional acousticcuesto prosodiceventsinclude
variousenergy measures(total energy, spectraltilt) andglottal sourceparameters.Sincepredictionof these
controlfactorsarelessdeveloped,we will focusthebackgroundreview ondurationandF0, leaving discus-
sionof otherfactorsto Section4.

In naturalspeech,theduration of a phoneticsegmentis highly context dependent,andcanvary by as
muchasa factorof ten. For syntheticspeechto soundnatural,thesecontextual effectsmustbeunderstood
and computed. This is far from easy, becausethe numberof contextual factorsis large (e.g., identities
of surroundingphonemes,syllabic stress,word emphasis,effects of phraseboundaries,etc.), and these
factorsinteract.For example,thelengtheningeffect of a voicedconsonanton thedurationof thepreceding
vowel is substantiallylarger whenthis consonantis followed by a phraseboundary. Methodsusedrange
from manuallycreatedknowledge-basedrules(“if stressed,add50ms”), to applicationsof generalpurpose
statisticalmethods(e.g.,classificationandregressiontrees[Riley, 1992], tomethodsthatattemptto integrate
knowledgein statisticalestimationprocedures(e.g.,[vanSanten,1993]). Althoughcurrentmethodsappear
to produceperceptuallyacceptabledurations,it is clearthatfutureadvancesin othersynthesiscomponents
will requiresolvingseveraloutstandingproblemsin durationresearch.Theseproblemsincludemodelingof
localvariationsin naturalspeakingrate,andunderstandingnon-uniformcompression/expansion of phonetic
segments.

Duration is relatively well understoodcomparedto intonation,and therearemany unresolved ques-
tions in F0 contour generation. Currently, thereis no agreementon how to characterizea fundamen-
tal frequency (F0) contour– whetheras a sequenceof (time, frequency) pairsbetweenwhich a smooth
curve is drawn [O’Shaughnessy,1979, Pierrehumbert,1981, Hirst et al., 1991, Aubergé, 1993], as a se-
quenceof quasi-linearmovements[Collier, 1991, TaylorandBlack,1994], asa sequenceof filtered target
functions (e.g., pulses),[HiroseandFujisaki,1982, Andersonet al., 1984, vanSantenandMöbius,1997,
RossandOstendorf,1999], or a concatenationof local contoursdefinednon-parametrically[Traber, 1992,
Malfréreetal., 1998]. Thereis disagreementasto whetherphenomenalike the gradualdecreasein peak
heightwithin aphraseshouldberepresentedby addingphrase-level andaccent-level contours[HiroseandFujisaki,1982,
vanSantenandMöbius,1997] vs.predictedbasedonlocalcontext [Pierrehumbert,1981, Silverman,1987].
Thefactorsthatareimportantfor predictingpitch rangeandrelative prominenceof accentedwordsarenot
well understood,so conservative choicesare madethat result in only small amountsof variation. Fur-
thermore,thereare disagreementsaboutwhich aspectsof intonationare discretevs. gradient,what is
the inventory for the discretesubset,andwhat is the sizeof the low-level units, asevidencedby the dif-
ferencesin prosodiccontrol parametersfor different speechsynthesissystems.Finally, as in all aspects
of synthesis,therearedifferencesassociatedwith thepossibleapproaches:rule-based,e.g.,[Collier, 1991,
Silverman,1987]; parametricbut automaticallytrained,e.g.,[TaylorandBlack,1994, RossandOstendorf,1999];
anddata-driventemplatelearning,e.g.,[Traber, 1992].

24



Given thesebasicdisagreements,it is no surprisethat our currentability to fit or predictnaturalfun-
damentalfrequency contoursis quite limited. Several factorsmake this taskinherentlydifficult, in essence
having to do with our lack of understandingof theacousticinvarianceof fundamentalfrequency contours
that carry thesamemeaning.For example,within a given dialect,a speaker doesnot have muchfreedom
on how to pronouncea given phoneme,andeven durationis fairly strictly controlled;however, thereis
significantfreedom(in English)in whatintonationalpatternto use.This makesit difficult to conductwell-
controlledexperimentsandto estimateparameters.As a resultof thesefactors,whatsoundslike thesame
intonational“meaning”mayvary significantlyin termsof themeasuredF0contour. In summary, thestrate-
gy for acousticintonationmodelingremainsanopenquestion,at leastfrom thepointof view of thespecific
requirementsof speechsynthesis.

How well do we do? Thereare no good quantitative measuresto indicateperformanceof curren-
t algorithms. While the mean-squared-errormeasureis commonlyused,it doesnot take into accountthe
perceptualsignificanceor insignificanceof errorsin particularcontexts, and it requiresprohibitively ex-
pensive hand-correctionto have reliabletarget values. The bestassessmentis in perceptualexperiments,
but thesearecomplicatedby thedistortionintroducedby waveformgenerationtechniques.Without being
quantitative, we cansaythatcurrentmethodsarecapableof generatingintonationthat is appropriatefor a
simplereadingstyleandshortpassages,but theresultingintonationanddurationpatternsarenot reflective
of thevariability observed in naturalspeechandlongerpassagessoundmonotonous.Prosodymodelingis
probablytheoneareathatmostworkshopparticipantsagreeis theweakestlink in thesynthesischainright
now.

3.2.3 Markup

Evenwith thebesttext analysiscapabilities,we aresurelynot going to be ableto geteverythingright all
thetime. If nothingelse,thedecisionthata synthesissystemmakeson how to rendera particularsentence,
thoughreasonable,maynotcorrespondto whattheuserof thesystemwants.(Comparethecaseof anactor
readinglines in a play, andbeingcorrectedby the director.) This implies the needfor synthesismarkup
schemesthatallow theuserto control thesystem’s behavior, andsuchschemesshouldbestandardizedso
that developersanduserscanswitch betweensynthesissystemsandhave reasonableconfidencethat the
behavior will bethesame.

A numberof proposalsfor standardizationareon the table. Among the moreseriousalternativesare
theJava SpeechMarkupLanguage,W3C’s CascadedStyleSheets,andSABLE [Sproatetal., 1998]. Each
of thesestandardsis potentiallyusefulto the researchcommunitybecausethey provide a commonway to
markandexchangetextual data.Conversely, thereis roomin speechsynthesismarkupfor researchon how
to conciselyandreliably marksalientfeaturesin a way thatenablesspeechsynthesizersto producebetter
quality speech.This researchfield is only a coupleof yearsold andarerelatively immaturein comparison
to otherareasof thespeechsynthesisproblem.
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3.2.4 Waveform Generation

Waveformgenerationis theprocessof usingoutputsof the linguistic text analysisandprosodymodelsto
generateanintelligible, natural-soundingspeechwaveform.This is an“ill-posedproblem”in thesensethat
thelinguistic featureinput specifiesonly a tiny fractionof theinformationneededto specifythewaveform.
The rest must comefrom basicknowledgeand modelsof a particular talker’s speechbasedon speech
productionandperceptionprinciplesand/orexamplesfoundin aspeechcorpus.

Designinga waveform generationsysteminvolves specifyinga speechmodel that canfaithfully rep-
resentany speechsound,and specifyingsetsof model parametersto synthesizea particularutterance.
Traditionally, speechmodelshave beenlumped into threebroadclasses– articulatorymodels,formant
models,andconcatenative models– describedbelow. Articulatory andformantsynthesisarebothconsid-
eredparametricmethods,whichhave theadvantageof acompactrepresentationfor awide rangeof voices.
Concatenative techniquesarelessflexible, but tendto belessexpensive andareamorenaturalapproachfor
mimicingaparticularvoice.

Articulatory Methods. In articulatorysynthesis,asit is performedtoday, ageometricmodelof thevocal
tract with its articulators,suchas the tonguebody, is written into software. The input parametersto an
articulatorysynthesizerusedto createspeechincludethe positionsof the modelarticulators,suchas the
verticaldisplacementof theupperlip, andtheseparametersarespecifiedastrajectoriesthroughtime. There
maybeotherinput parametersthataremoreaerodynamicin nature,suchassubglottalpressure.Physical
modelsof aerodynamicprocessesand of waveform propagationin a tube are usedto convert the input
parametersof thesynthesizerinto sound.Two examplesof suchsynthesizersaretheonethatwasinitially
designedby [Mermelstein,1973] and modified at HaskinsLaboratories[Rubinet al., 1981] and another
designedby [Maeda,1982].

Oneof themajorimpedimentsto theuseof articulatorysynthesisin creatingnaturalsoundingspeechhas
beena lack of knowledgeof thearticulatorymovementpatterns.Further, thereis a problemin identifying
thearticulatorydegreesof freedomwhich aremostsalientto theproductionandpropagationof sound.It
is necessaryto know thesalientcomponentsof articulationbecausetherearesimply too many degreesof
freedomto hopeto make apracticalarticulatorysynthesizerwithout suchknowledge.

Anothersignificantchallengein articulatorysynthesishasbeenmodelingof flow-inducedsoundgener-
ation. Presently, wave propagationis computedfrom the linearwave equation.This ignorestheeffectsof
fluid dynamicsasexpressedin theNavier-Stokesequations.Suchaerodynamiceffects,particularlyat the
glottis, cancontribute significantlyto naturalness.As a result,theseeffectshave beenthe focusof much
recentstudy(e.g.,[Hirschberg, 1992, Pelorsonet al., 1980, Pelorsonet al., 1994, Shadleetal., 1999]). Sim-
ilarly, motionof thevocalfoldsdueto fluid flow requiresfurtherexamination.

Formant Synthesis. Theothermajorparametricsynthesisapproachhasbeenformantsynthesis,somein-
stancesof whichincludethewell-known workof JohnHolmes[Holmes,1973] andDennisKlatt [Klatt, 1980].
With formantsynthesisthereis no longerthe problemof translatingarticulatorytrajectoriesinto acoustic
parametertrajectories,becausethe input parametersthemselvesareacousticparameters,suchasformant
frequencies.Theformantsynthesizergeneratesa waveformfrom theformantvaluesandrelatedparameter
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values.
Althoughcertainisolatedphoneticunitscanbecharacterizedalmostsolelyby thedynamicsof their for-

mantfrequencies,theformanttrajectoriesin naturalspeechareheavily influencedby context. For this rea-
son,therulesin earlyformantsynthesissystemswereoftenfairly complex. However, researchinto formant
timing andtheperceptualrelevanceof specificspectrographicpatternshasled to improvedmodels(suchas
thephone-and-transition model[Hertz,1991, HertzandHuffman,1992]), for formulatingrulesthatpredict
formantpatterns.Thesemodelshave notonly resultedin simplerandmoregeneralrulesfor predictingfor-
manttrajectoriesin a particularlanguage,but alsoin theexpressionof a wide rangeof language-universal
patterns.

The rulesfor formantsynthesisaregenerallyderived throughan iterative processof rule formulation
in accordancewith the underlyingmodel,evaluationsof the syntheticoutput throughvisual andauditory
comparisonswith naturalspeech,andrefinementof the rulesbasedon the resultsof thesecomparisons.
This processhasbeenexpeditedby specialinteractive rule developmenttools, suchas the Delta System
[Hertz,1990, HertzandZsiga,1995], which allow for straightforward expressionandtestingof linguistic
andphonetichypotheses.As aresultof suchimprovedmodelsandtools,therulesfor predictingtherelevant
acousticpatternsin agivenlanguagecannow bedevelopedby a trainedlinguist in amatterof months.

Most rule-basedsynthesissystemsusea Klatt-style formantsynthesizer[Klatt, 1980] to generatethe
waveformfrom theacousticparametervaluesproducedby therules. Copy synthesis,in which synthesizer
parametervaluesaretunedby hand,hasshown thattheKlatt synthesizeris capableof producingveryhigh-
quality speech.However, someresearchershave reporteddifficulty capturingthevoicequalityof particular
speakers. Onebasicquestionthatneedsto beaddressedis whetherimprovementscanbemadeat thelevel
of thesynthesizeritself thatwill resultin theability to bettercapturethedetailsof aspecificvoice.

TheKlatt synthesizerincludesapproximatelyforty input parameters.However, high-qualitysynthesis
canbeachievedby controllingfewerthanhalf of theseparametersandsettingtheremainderto defaultvalues
thatremainconstantoverthecourseof anutterance,oraspecificvoice.Forany giventypeof segment,onlya
handfulof parametersneedsto bemanipulated.Someresearchershavealsoattemptedto reducethenumber
of synthesizerparametersby building on ideasfrom articulatorysynthesisandcomputingthe covariation
of acousticoutputvariablesthat result from a singlearticulatorygesture. (For instance,constrictingthe
glottis from amodalvoiceposturewill resultin adecreasein bothspectraltilt andvoiceamplitude.)Quasi-
articulatorysynthesishasbeendevelopedto exploit thepotentialadvantagesof articulatorysynthesis,while
avoiding the currentdeficienciesin our knowledgeof articulationandits relationto acousticoutput. The
quasi-articulatoryHLsyn[StevensandBickley, 1991] hasparametersfor upperarticulator, nasal,andglottal
constrictionssothatnoiseandvoicesourcesaswell asnasalizationcanbemodeledin anarticulatorymanner.
However, acousticparameterssuchasformantfrequenciesareincludedamongtheinputparametersin place
of parametersdescribetheshapeof thetongueandlips.

Therearea numberof areas,then,for further researchin formant-basedsynthesis.Theseinclude(1)
improvementsat thelevel of thesynthesizeritself, (2) determinationof theoptimalsynthesizerparameters
to becontrolled,and(3) continueddevelopmentof bettermethodsfor predictingthesynthesizerparameter
values.Also, improvedmethodsfor extractingvoicequality andnoise-relatedparametersfrom thespeech
waveform (see,e.g., [Hanson,1997]) will facilitatework in theseareas. Collectively, the improvements
madethroughfurtherresearchof this kind shouldresultin increasinglynatural-soundingspeechoutput.
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Concatenative Synthesis. This methodrelieson extractingmodelparametersfrom speechdata(or often
just storingtheraw waveforms)andconcatenatingtheseto createnew utterances.Concatenative synthesis
is currentlythemostpopulartechniquein commercialandresearchTTS systems.This approachholdsthe
promiseof representingill-understoodfinedetailin thevoiceandreplacinghand-optimizationof ruleswith
a data-drivenapproachto waveformgeneration.However, eventhebestconcatenative synthesisalgorithms
still leave muchto bedesiredin termsof speechoutputquality.

Thereare two main problemsin concatenative synthesis:unit selectionandwaveform modification.
Unit selectioninvolvesdefiningthe inventoryof units aswell asselectingtheappropriateunit for a given
phonetic(andprosodic)context. Waveformmodificationis theprocessof combiningthewaveformpieces
andmodifying theseto have thedesireddurationandintonationpatterns,andmethodsdiffer in termsof the
signalmodel.

Most concatenative algorithmsto datehave reliedon tablesof diphones(thetransitionfrom themiddle
of onephoneto another)or othersuchunitsfor solvingtheunit selectionproblem.Implicit in thisapproach
is the idealizedassumptionthat the units can fully characterizecoarticulationin all contexts. This is of
coursenot alwaystrue in naturalspeech,andasa resultdiphonesynthesisis often describedassounding
“over-articulated.” To compensatefor themostsignificantdeviationsfrom this assumption,othercontext-
dependentunitsmustbeaddedto thediphonetableby thedeveloper(e.g.,to realizeaspiratedvs. unaspirated
/t/ for thesamediphonein differentsyllablepositions).An alternative approachis to usesub-phoneticunits
thatdefinepotentialsplicepointsandthendynamicallysearchfor thesequenceof suchunitsthatminimizes
context mismatchandconcatenationcosts.In thisway, unitswith sizevaryingfrom a fractionof aphoneto
severalwordscanbeusedtogetherin a dynamic,elegantway. Approachesto thisproblemdraw heavily on
thestatisticalmodelingtechniquesdevelopedin thespeechrecognitionfield over thepastseveralyears(e.g.,
HMM modelclustering[Nock etal., 1997]). Importantaspectsof this approachareclusteringfor defining
theunit inventoryanddefinitionof theunit selectioncostfunction,andresearchchallengesremainin both
areas.

Theminimalrequirementfor waveform modification modelsis independentcontrolof thefundamental
frequency (F0)contourandsegmentaldurationof thewaveform.In additionto this,othermodificationcon-
trols aredesirable:dimensionssuchasvoicequality characteristics(breathiness,creak,etc.),correlatesof
emotionalstress,phoneticreduction,andvoiceidentity couldalsobealteredto expandtherangeof synthe-
sizedeffectsrealizablefrom agivendatabase.Thereareseveralclassesof speechmodelsthatallow varying
degreesof control over the different properties,including: linear predictive coding, basedon a source-
filter modelusingasyntheticsource[Makhoul,1975, RabinerandSchafer, 1978]; pitch-synchronoustime-
domainmodelsthat usecopying, shifting anddeletingof pitch-period-sizedwaveform samples(PSOLA
[MoulinesandCharpentier, 1990], MBROLA [Dutoit andLeich,1993]); andsinusoidalmodelsthat repre-
sentthespeechwaveformasasumof time-varyingsinewaves[McAulay andQuatieri,1986, GeorgeandSmith,1997,
Macon,1996]. Tradeoffs betweenflexibility, fidelity, andautomaticanalysiscapabilityexist with each.Al-
thougheachof theseapproacheshasits own merits,nonehaveyetbeenprovento simultaneouslysatisfyall
thedesiredpropertiesof aTTSwaveformmodel.

How well do we do? It is difficult to quantify performanceof waveform generators.Copy synthesis
techniquescangeneratespeechof extremelyhigh quality for articulatory, quasi-articulatoryandformant
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synthesis,but this quality cannotyet be achieved using automaticalgorithms. Assessmentsof word in-
telligibility in isolatedsentencesgave over 90%accuracy over a decadeago,thoughperformancein noisy
conditionsdegradedsubstantially, cf. [Klatt, 1987]. However, sometimesthosesystemsscoringhighestin s-
tandardisolatedwordorsentenceintelligibility testswill beratedlowerthancompetingsystemsin perceived
naturalness.Furthermore,even thehighestscoringsystemscanbe improved substantially(in thesenseof
increasedtranscriptionaccuracy) with very simplemodificationsto theprosodiccuesin a telephone-based
systemreadingnamesand addresses[Silverman,1993]. It is safeto say that thereis no text-to-speech
systemavailabletodaythatwouldbemistakenfor ahuman.

3.2.5 Synthesisof Visual Componentsof Speech

To date,mostof theresearchanddevelopmentin speechsynthesishasbeenlimited to auditorysynthesis.It
is well-known, however, that informationfrom thetalker’s facecanprovide valuableinformationaboutthe
messageparticularlyif theauditorysignalis noisyor if thehearingof thelisteneris limited. A systematic
seriesof researchprogramshave demonstratedthat bimodal(auditory/visual)speechis moreinformative
thanjust auditoryspeech[Massaro,1998]. Syntheticvisible speechnot only canprovide additionalinfor-
mationaboutthespeechinput, it canmake thespeechsoundmorenatural.WhentheAT&T synthesiswas
combinedwith thePerceptualScienceLaboratory’s talking head,Baldi [Massaro,1998], it wasplayedfor
theirvicepresident.Heremarkedthatthey hadmadegreatstridesin improving thequalityof theirsynthesis.
The researchersreplied,“Unfortunatelynot. Closeyour eyes.” He did so andagreed,“Oh, you’re right.”
Thisexampleillustrateshow visiblespeechcanimprove thenaturalnessof speechsynthesis.

Two generalclassesof facialanimationtechniques— physicallybased(PB)andterminalanalogue(TA)
— have beendescribed[Massaro,1998]. ThePB classinvolvestheuseof physicalmodelsof thestructure
andfunctionof thehumanface.The typical approachhereis to usemulti-layer tissuemodelswith quasi-
muscularcontrolsto changetheshapeof theface.For theTA class,thegoalhasbeento arriveattheterminal
endof theprocess(a facesurface)without resortingto physicallybasedconstructs.The typical approach
usedto achieve thisendis to employ apolygonsurfacewith keyframeor parametriccontrols.

Although thereare hundredsof musclesthat control the face,only a small subsetof thesemuscles
controlthespeecharticulatorsandthusthis techniquemightbefeasiblefor visiblespeechsynthesis.In fact,
onemotivationcitedfor theuseof physicallybasedratherthangeometricmodelsis that thephysiological
controlsmight reducethenumberof degreesof freedomrequired.Thereis alsoapotentialadvantagein the
intrinsic simultaneityof visualandauditorysynthesisbasedon thesamephysicalstructure.

Under the PB approach,computeranimatedhumanfacesaremadeby constructinga computational
model for the skin surface,muscleandbonestructuresof the face[PlattandBadler, 1981, Waters,1987,
TerzoupoulousandWaters,1990]. At the foundationof this type of model is an approximationof the
skull and jaw including the jaw pivot. Simulatedmuscletissuesand their insertionsareplacedover the
skull. This requirescomplex elasticmodelsfor the compressibletissues. A covering surfacelayer then
changesshapeaccordingto theunderlyingstructures.Thedynamicinformationfor suchamodelis defined
by a setof contraction-relaxation musclecommands.Many of the PB systemsuseEkmanandFriesen’s
[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, Pelachaud,Badler, andSteedman[Pelachaudetal., 1996] have extendedandupdated
Platt’s [Platt,1985] seminalPB model,addingmanuallysynchronizednaturalauditoryspeechaswell as
thedisplayof paralinguisticinformation.A relatedproject[Cassellet al., 1994] incorporatedsynchronized
speechsynthesisandautomaticgestureproductionby two automatanegotiatingabanktransaction.

Someresearchershave attemptedto derive the musclecommandsfor driving a PB facefrom mea-
surementsof humanmuscleactions. For example,Vatikiotis-Bateson,Munhall, Hirayama,Lee, andTer-
zopolis [Vatikiotis-Batesonet al., 1996] have embarked on a project to drive a PB faceutilizing informa-
tion obtainedthroughneural-netanalysisof EMG and facial motion measurements.So far the project
has yielded mixed results. A project of more immediateapplicationfrom the PB school is DECface
[WatersandLevergood,1993]. In orderto achieve real-timeperformance(15 framespersecondwith tex-
turemapping)onaDEC Alphaworkstation,thisapproachcompressesWaters’3D tissuemodelto asimple
2D mesh.A setof 55 “viseme”mouthshapekey-positionsis utilized with aphysicallymotivatednonlinear
interpolationalgorithmusedbetweenthesepositions.Only this nonlinearityandthehistoryof theworkers
qualifiestheapproachasphysicallybased.It might alsobeviewedasmoreproperlyfitting in theTA class,
whichwe now discuss.

In a seminaldevelopment[Parke,1972, Parke,1974, Parke,1975, Parke,1982, Parke,1991], Parke
modeledthe facial surfaceasa polyhedralobjectcomposedof about900 small surfacesarrangedin 3D,
joinedtogetherat theedgesandsmoothshaded.In hisoriginalwork [Parke,1972], key-frameswereusedto
changetheshapeof theface,but in subsequentwork thefacewasanimatedby alteringthelocationof vari-
ouspointsin thegrid underthecontrolof 50parameters.About10of theseparameterswereusedfor speech
animation,suchasjaw rotation,mouthwidth, lip protrusion,andlower lip “f ” tuck. Parke [Parke,1974]
selectedandrefinedthecontrol parametersusedfor several demonstrationsentencesby studyinghis own
articulationframeby frameandestimatingthecontrolparametervalues.

Oneadvantageof thepolygontopologystrategy is thatcalculationsof thechangingsurfaceshapesin the
polygonmodelscanbecarriedoutmuchfasterthanthosefor themuscleandtissuesimulations.It alsomay
beeasierto achieve thedesiredfacialshapesdirectly ratherthanin termsof theconstituentmuscleactions.
Theanimationin thePerceptualScienceLaboratory[CohenandMassaro,1993, CohenandMassaro,1994,
Cohenetal., 1996] is a descendantof theParke softwareandhis particular3-D talking head.Themodifi-
cationshave includedadditionalandmodifiedcontrolparameters,a tongue(which waslacking in Parke’s
model),anew visualspeechsynthesiscontrolstrategy with amethodfor coarticulation,controlsfor paralin-
guisticinformationandaffect in theface,text-to-speechsynthesis,andbimodal(auditory/visual)synthesis.
Mostof thecurrentparametersmovepointsonthefaceby geometricfunctionsasrotation(e.g.,jaw rotation)
or translationof thepointsin oneor moredimensions(e.g.,lower andupperlip height,mouthwidening).
Otherparameterswork by interpolatingbetweentwo alternatefaces.Many of the faceshapeparameters
suchascheekshape,neckshapeandforeheadshape,aswell assomeaffect parameterssuchassmiling,
employ this strategy. Parallelingmuchof thework in auditoryspeechsynthesis,phonemesareusedasthe
basicunit of animatedspeechsynthesis.Phonemeunitsareattractive becauseof their relatively smallnum-
ber. Of course,becauseof coarticulation,blendinga sequenceof phonemesrequiresmodificationsof each
phoneme’s realizationasa functionof its surroundingphonemes.

In contrastto these3D models,anumberof scientistshaveused2D vectormodelsfor perceptualstudies
[MontgomeryandSooHoo,1982, Brooke,1989, Brooke,1992, Brooke andSummerfield,1983]. Individu-
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al key-pointsdefinevector-basedshapesonthefacesuchasthemouthoutline.Thesecontrollingkey-points
move on the basisof articulatorytrajectoriesmeasuredfrom humanspeech.Typical of this approachis
[Summerfieldetal., 1989], whichusesfaceswith andwithout teethto examinelipreadingperformance.

Thereareseveral otherapproachesto the developmentof a talking headthat areactively beingpur-
suedby otherresearchers.Researchersanddevelopershave usedmorphingasa techniquefor animation
[HallgrenandLyberg, 1998]. Theideais thatvideoclips of speechsegmentsarestoredandchosento rep-
resentsomeutterance.However, this techniqueis dataintensive andmorelimited in theamountof control
thatcanbeprovided. As anexample,a parametricsynthesisroutinecangenerateemotionindependentof
speechcontentbut thiscannotbeeasilydonewith morphingtechniques.Anothercompany hasdevelopeda
systemcalledvideorewrite in which morphedimagesarepastedon to anexisting videoclip to createnew
messages[Bregleret al., 1997]. Thismethodwouldhaveonly morespecializedapplicationsin thatonly the
mouthareachanges.

How well do we do? A centralbut somewhatuniqueaspectof researchon visible speechanimationis
the empiricalevaluationof the visible speechsynthesis,which is carriedout hand-in-handwith its devel-
opment[Massaro,1998]. Theseexperimentsareaimedat evaluatingthe realismof their speechsynthesis
relative to naturalspeech.Realismof thevisible speechis measuredin termsof its intelligibility to mem-
bersof the linguistic community. Thegoalof this researchis to learnhow thesyntheticvisual talker falls
shortof naturaltalkersandto modify thesynthesisaccordinglyto bring it morein line with naturalvisible
speech.Successive experiments,dataanalysesof theconfusionmatrices,andmodificationsof thesynthetic
speechbasedon theseanalyseshave led to a significantimprovementin the quality of the visible speech
synthesis.The overall viseme(visually distinct speechsegmentclass)accuracy acrossthreestudiesim-
provedsignificantly. Theaveragedeficit relative to naturalspeechwas.222,.179,and.106,acrossthethree
successive experiments[Massaro,1998]. We proposethat evaluationshouldbe a necessaryingredientof
fundedresearchin visibleaswell asaudiblespeechsynthesis.

3.3 AssessmentMethodologies

Evaluationmustplay a prominentrole in any researchprogramin speechsynthesis:simply put, we need
to know how we aredoing,andwhich methods(bethey short-term“tweaks” of currentmethodologies,or
fundamentallynew approaches)arelikely to bemostbeneficial.As we shallargue,while therehave been
many proposalsfor evaluationmethodologies,thereis little generalagreementonwhichevaluationmethods
arebest.Indeed,appropriateevaluationmethodologiesareanopenresearcharea.This sectionsummarizes
theproblemsin evaluationof speechsynthesissystems,andmakesthefollowing key points:

1. Speechsynthesisevaluationis inherentlycomplicated,moresothanevaluationof speechrecognition
andspeechcodingsystems.

2. Few, if any, researchinstitutesexist thatperformextensivemulti-systemevaluationswhoseresultsare
publicized.

3. Few, if any, researchinstitutesperformresearchwith asgoaltheimprovementof synthesisevaluation
methods.
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4. As a result,no information is publicly availableaboutthe comparative meritsof currentsynthesis
systems.

In Section4, specificrecommendationsaremadefor aprogramthataddressesthelimitationsof thecurrent
evaluationtechniques.

Synthesisevaluationserves two groupsof people. First, it servesthe consumerof synthesissystems.
Here,the key issueis identifying the systemthat bestsuits the needsof the consumer. Second,it serves
the researchand technologycommunity. The basic issueshereare measuringprogressin general,and
discoveringwhich approachesto a particularsynthesizercomponentseemmostpromising. It is important
to keepin mind thattheevaluationneedsof thesetwo groupsof peopleneednotbethesame.

We proposethat theneedsof neithergrouparecurrentlyservedwell, which raisesthefollowing ques-
tions: Whataretheunderlyingcauses?How harmfulis thissituationfor scientificprogressandcommercial
success?How do we addresstheproblem?

The Curr ent Statein SpeechSynthesisEvaluation. Thereis no lack of evaluationmethods.In a recent
overview [vanBezooijenandvanHeuven,1997], more thantwenty methodswerereviewed. To give the
readeraflavor of whatthesemethodsareabout,a few examplesaregiven.

In the DiagnosticRhymeTest [Voierset al., 1972] listenersheara singleconsonant-vowel-consonant
word(e.g.,“pen”). Subsequently, they haveto decidewhetherthey heard“pen” or “ten”. In theSemantically
UnpredictableSentences(SUS)paradigm[Benoit etal., 1996] listenershearasentencesuchas“greenideas
eatclouds” andhave to transcribeit. Next, in a testby van BezooijenandJongenburger, listenershadto
ratepleasantnesson a1-10scale.And, finally, in a testof thegrapheme-to-phonemecomponentsof speech
synthesizers,phonemicoutputwasmanuallycheckedfor errorsby linguistsandlexicographers[Pols,1992].

Jointly, thesetestscover a wide rangeof evaluationneeds.Why is sucha wide rangeneeded?First,
synthesissystems,in particularTTS systemsaremulti-componentsystems,andthe relative performance
of thesecomponentsvariesacrosssystemsdueto differencesbetweenthe responsiblegroupsin termsof
resources,priorities,andinnovativeness.As aresult,differentsystemsexcelin differentways.Second,com-
ponentperformancedependscritically on text characteristics.For example,includingrarewordstaxesthe
pronunciationcapabilityof asystem,but notprosodicor signalprocessingcapabilities.Likewise,including
text whosepronunciationinvolves raretriphonesis primarily a challengefor the synthesiscomponent(if
concatenative). Third, the perceptionof syntheticspeechis highly multidimensional.Onedimensionof
perceptionis theintelligibility vs. naturalnessdichotomy. Thereexist systemsthatsoundquitepleasantbut
arehardto understand,andvice versa.Thenaturalnessdimensionis itself multidimensional;for example,
how dowemeasureasystemthatproducesaclick-freeyet gravelly voicecompetingwith asystemthathas
asmoothvoicebut occasionalclicks.

The relative importanceof the variousdimensionsof evaluationcan be different acrossapplication
domainsor becauseof other extrinsic factors. In somelow-redundancy applications,speechquality is
not importantso long as intelligibility is sufficient. In other applications,the contentof the messageis
reasonablypredictable,which thenputsapremiumon how pleasantthevoicesounds.

Clearly, evaluationof synthesizersis morecomplicatedthanevaluationof speechrecognitionor speech
coding systems. (As we shall note in Section5.1 the classicalmetric for evaluatingspeechrecognition
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systemshasbeenword-errorrate,which is easyto measure;andtheDiagnosticRhymeTestis oftenaquite
satisfactoryway to evaluatecoders.) Yet, for several reasonstheneedsof customersandscientistsarenot
beingservedby thecurrentlyavailabletests,thewaysthey areused,andthewaystheirresultsarepublished.
Thetextualmaterialsareusuallyatypical,andit isdifficult to judgeto whatdegreeresultsobtainedwith such
materialseithergeneralizeto real-world applicationsor provideusefulinformationaboutaTTScomponent.
For example,theDiagnosticRhymeTestdoesnot measureperformancefor vowels, for consonantsat the
endof syllables,or for unstressedsyllablesin polysyllabicwords. In addition,many testtexts arepublicly
known (e.g.,theSUSparadigm),whichallows TTSdevelopersto fine-tunetheir systems.

Thereis no consensusin the speechsynthesiscommunityasto which if any of thesetestsshouldbe
includedin an evaluationstandard.While many of the testsaremethodologicallysound,the truth of the
matteris thatmostof themaredevelopedeitherinternallyby researchinstitutes,or aspartof a small-scale
collaborative effort, to serveanadhocpurpose.Few weredevelopedwith standardsin mind(e.g.,theSUS).
And currentlythereareno researchinstitutesthatinvestin evaluationresearch.Few of thesemethodshave
beenappliedto a broadselectionof systemswith subsequentlypublishedresults. A key causeof that is
thatoncea methodhasbeenresearchedanddevelopedapplicationof themethodto a largesetof systems
andpublishingtheresultsis unexciting, expensive, requiresovercomingobstacles(e.g.,systeminstallation
is oftenhard),andreceiveslittle interestfrom scientificjournaleditorialboards.On theotherhand,speech
technologytradejournalsregularly performa disserviceby reportingin often glowing termson vendor-
preparedsystemdemonstrations:thoseof us who work on text-to-speechsystemsknow how easyit is to
prepareunrepresentative demonstrationsthatcanbequitecompelling.

Harmful Effects of Poor or Absent Evaluation. Currently, thespeechsynthesizeruserhasfew options
that allow makingan informedbuying decision. The informationsimply is not there,andconductingin-
housestudies(suchasNynex performed[Silvermanetal., 1990, Bassonetal., 1991]) is too expensive for
most. Onepoint of light is theTTS ComparisonWebsiteat theLinguistic DataConsortium,which allows
listenersto automaticallyselecttext from large text corpora,andgeneratespeechfiles from a numberof
TTS systemsfor side-by-sidecomparisons.This alleviatesthe needfor local systeminstallationandtext
generation.But notall systemsparticipatein theWebsiteyet (althoughthenumberis growing). In addition,
performingactualassessmentusingtheseconvenientlygeneratedfilesstill requiresresourcesmany individ-
ualsor small companiesdo not have. Furthermore,theWebsiteis moreof a serviceto consumersthanto
scientists,sinceit doesnot provide for thecomponent-level evaluationthat is necessaryfor advancingthe
stateof theart.

Many scientificgroupsconductin-houseevaluations.Typically, theseevaluationsaretargetedatspecific
questionsof no generalinterest,andfor that reasonalonearenot published. In fact, they usuallydo not
comparedifferentsystemsbut differentvariantsof oneparticularcomponentof theirown system.However,
scientistsalsoneedto compareperformanceof their systemwith othersystems,but becausethis typically
requiresmoreresourcesthanthey have,collaborative efforts with publishedresultsareneeded.

Oneexampleof suchcollaborationis presentedby aprojectinvolving FrenchlanguageTTS systemsin
France,Switzerland,Canada,andBelgium,focusingentirelyon thepronunciationmodule.Unfortunately,
Frenchlanguagesystemsin countriesotherthanthesefour werenot invited andtheresultswerekeptconfi-
dential.Also, the(European)fundingfor projectsof this natureis limited. As a result,currentlyandin the
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pastscientistscanhave little hopefor suchcollaborative efforts to helpthemin theirevaluationneeds.
An interestingexampleof amoreopen,yet relatively low-cost,collaborative approachis thefollowing.

At the Third EuropeanSpeechCommunicationsAssociation(ESCA) Workshopon SpeechSynthesisat
JenolanCaves, Australia, the first InternationalTTS Evaluationwasconducted[vanSantenetal., 1998].
Thisevaluationconsistedof threeformal testproceduresinvolving SUS,newspaper, andtelephonedirectory
listing materials.Participantsagreedthatthey hadobtainedvaluableinformationabouttherelativestrengths
and weaknessesof their systemand of variousapproachesto TTS components.However, becausethe
listenerswerethe participatingscientiststhemselves, resultscannotbe consideredscientificallyvalid and
hencepublishable.Furthermore,by prior agreement,the resultsof this evaluationmustnot be published:
therefore,while theresultsareextremelyusefulto themany speechsynthesisprofessionalswhoparticipated
in theworkshop,they areunfortunatelynot accessibleto others,suchasgovernmentfundingagenciesand
commercialdevelopers,whohave aninterestin thecurrentstatusof TTSsystems.

3.4 Commercial Systems

Speechsynthesizershave beencommerciallyavailablesincethemid-80s. In the late90’s a rangeof com-
paniesdevelop andsell speechsynthesizerseither throughdirect channelsor asOEM (OtherEquipment
Manufacturer)suppliers.Thesecompaniesinclude(but arenot limited to): AcuVoice, Inc., Apple Com-
puter, Inc., AT&T, Bellcore,British Telecom,Compaq(Digital), ElanInformatique,EloquentTechnology,
Inc., EntropicInc., E-SpeechCorporation,First Byte, IBM Corporation,Infovox, Lernout& Hauspie,Lu-
cent Technologies,Microsoft Corporation,RC Systems,SensimetricsCorporation,SoftVoice, Inc., and
Talktronics,Inc. In additionto thosecompanies,many othercompanieslicenseandresellspeechsynthe-
sis products. For instance,somemanufacturersof soundcardsfor personalcomputersandsomespeech
recognitionvendorsbundlespeechsynthesissoftwarewith theirmainproducts.

The speechsynthesismarketplacecanbe divided by the deploymentspace:telecommunications,per-
sonalcomputingandembeddedsystems.The following sectionsoutline the market presenceof speech
synthesisin eachof thesedomains.

In preparingthis reportwe soughtout market datafor inclusionbut wereunsuccessful.Frominformal
communicationweinfer thatthespeechsynthesismarket is substantiallysmallerthanthespeechrecognition
market which is estimatedatseveralhundredmillion dollars.

3.4.1 Telecommunications

In thetelecommunicationsindustry, speechsynthesisis currentlyusedfor informationprovision in a selec-
tive setof applicationdomains.The dominantforms of speechoutput in telecommunicationapplications
arepre-recordedspeechandconcatenatedvoiceresponsesystems.In both casesprofessionalactorsand
speakersareusedto recordmessagesfor laterplayback.With pre-recordedspeecha recordedutteranceis
playedbackexactlyasrecordedandsois only applicablewhenthecompletesetof recordedutterancescan
bedeterminedin advance.

Concatenatedvoice responseis a techniquein which utterancesareproducedby joining pre-recorded
wordsandphrasesto producenew utteranceson demand.This techniqueis very widely usedin telecom-
municationapplications.While this technologyhassomeparallelsto the concatenative speechsynthesis
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systemsdescribedelsewherein this report,thetechnologyis muchsimpler, morerestrictive andis notgen-
erally thoughtof asspeechsynthesis.Thereis, however, a likelihoodthattechniquesdevelopedfor general
speechsynthesiscouldbeappliedto concatenatedvoiceresponseto increaseits flexibility.

In applicationsin which it is not possibleto determineall utterancestructuresin advance,in which the
vocabulary is so large as to prohibit a completerecording,or in which cost is the driving factor, speech
synthesisis used.Currently, this is a minority of the telecommunicationsapplications.Oneinstanceis the
useof speechsynthesisfor automatedreversedirectoryassistancesystemswhich have intrinsically large
vocabulary that includesall thesurnamesin theUS.For example,Bellcore’s ORATOR speechsynthesizer
is deployedfor thereversetelephonedirectoryservicesof AmeritechandBell Atlantic.

3.4.2 EmbeddedComputing

A numberof speechsynthesisvendorshave producedcompactspeechsynthesizersfor theembeddedcom-
putingmarket. However, aswith thetelecommunicationsindustry, mostof thespeechproducedautomati-
cally by smallelectronicandcomputingdevicesis eitherpre-recordedspeech,or largeconcatenatedchunks
of speechbecauseof its preferablevoice quality. Nevertheless,therearelimited circumstancesin which
speechsynthesisis requiredandis in use. Oneinstanceis the provision of spoken directionsin car navi-
gationsystems.In this applicationthevocabulary is large (all streetandtown namesin a setof states)and
audibleinstructionsaredesirablesincea driver shouldnot divert his or her attentionfrom looking at the
road.

Becauseof theextremeconstraintsonCPUpower, memoryandphysicalspace,thespeechsynthesizers
usedin embeddedtechnologyhave typically beensimplerthantheir desktopcounterparts,with a resulting
reductionin output quality. The systemsare typically formant-based(morecompactthan concatenative
systems),andthe text andprosodicprocessingcapabilitiesarelimited or non-existent. As the computing
resourcesin embeddedsystemscontinueto increase,moreadvancedfunctionality will be integratedinto
embeddedspeechsynthesizersto improve quality. However, evenwith a rapidgrowth of computingpower,
it will bemany yearsbeforethemorecompute-intensive synthesistechnologies,suchaslarge-databaseunit
concatenation,canbeappliedto embeddeddevices.Therefore,ongoingresearchon compacttechnologies,
suchasformantsynthesis,remainimportantto thisapplicationdomain.

Thekey advantageof speechsynthesisin thisdomainis compactness.A speaker or headphonejackcan
besubstantiallysmallerthanusingascreenfor informationoutput.Thus,improvementsin speechsynthesis
quality will enablea substantialclassof personaldevicesandtargetedcomputingmodulesthatwould not
bepossiblewith otherinformationoutputmechanisms.As with theotherdomainsof speechsynthesisuse,
thelimited acceptabilityof speechsynthesisquality is thelimiting factor.

3.4.3 PersonalComputing

Most of thecompaniesproducingspeechsynthesissell into thepersonalcomputermarketplace.Although
therearedirectsales(shrink-wrapandinternetdistribution),speechsynthesisproductsaremostlydelivered
to usersassoftwarebundledwith soundcardsanddictationsoftware.

An importantsegmentof thespeechsynthesismarket for personalcomputingis assistive technologies.
The TraceResourceBook(1996-1997Edition) lists over 300 assistive technologyproductsthat incorpo-
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rateor canutilize synthesizedor digitizedspeechoutput. Several importantproductcategoriesusespeech
synthesisto improve accessto information, applicationsand servicesfor userswith a rangeof physical
limitations.Key categoriesincludevoicebrowsersandwebbrowserswith speechoutput(e.g.,Productivity
WorkspwWebSpeak),screenreaders(e.g.,JAWS, outSPOKEN),augmentative technologythat links with
accessibilityAPIsoncomputingplatforms(e.g.,Sun’sJavaAccessibilityAPI, MicrosoftActiveAccessibil-
ity), andbookreaderscombiningscannerswith speechsynthesis(e.g.,Arkenstone).

Despitethepotentialutility of speechsynthesisasanassistive technology, its useis notaswidespreadas
it couldbe.Of themillions of potentialusers,only afractionusespeechsynthesis.Thefirst inhibiting factor
is theprice of PCs. The secondfactorhasbeenthe costof speechsynthesizerswhich, in hardwareform,
havecosthundredsof dollars.With thesubstantialdropin PCpricingandtheavailability of software-based
synthesis,the dominantfactor is becomingthe quality of speechsynthesis.Even with a compellingneed
for speechsynthesis,many potentialusersof assistive technologyaredeterredby syntheticvoice quality.
Any improvementin speechsynthesisquality thatarisefrom increasedresearchwill affect deploymentto
theaccessibilitymarket. This is not,however, amarket in which thevendorshave asufficient profit margin
to drive thepureresearchneededto improve speechsynthesis.

A quick tourof thehistoryof oneproduct,DECtalk,is instructive on theprogressionof thespeechsyn-
thesismarket. DECtalkis probablythebestknown andmostrecognizablespeechsynthesizer:e.g.,it is the
voiceof thephysicistStephenHawking. Developedat Digital’s CambridgeResearchLab in Massachusetts
with technologyfrom MIT’ sMITalk projectandtheKlatt synthesizer(asdescribedin Section3.1),DECtalk
wasrepresentative of thefirst generationof speechsynthesizers.It was:

� Hardware-based:a boxconnectedto its hostby aserialconnection

� Basedon formantsynthesis

� Expensive ataround$4000perunit.

Along with mostcommercialspeechsynthesizers,theevolution of computingtechnologyhashadasignifi-
cantimpactuponDECtalk,which is now availableasasoftwareproductat amuchlowercost.

Importantly, theincreasedcomputingpower of personalcomputersandthenearubiquitousavailability
of audiooutputhardwareonthosePCsallowsspeechsynthesizersto bedeployedassoftware-onlyproducts.
Thesoftware-onlyproductsaresignificantlycheaper(or virtually freewhenbundledwith otherproducts).
For example,for several years,speechsynthesizershave beenbundledwith Apple Macintoshcomputers
andwith Creative LabsSoundBlastercardsessentiallyfor free.

3.4.4 ConsumerAcceptance

In eachof theapplicationdomainsdiscussedabovetheissueof speechsynthesisqualityemerges.In prepar-
ing thisreport,asearchwasperformedfor independentanalysisof speechsynthesistechnologyandthemar-
ket (e.g.,throughindependentconsultantreports).Surprisinglylittle informationandanalysiswasavailable,
especiallyin comparisonto thenumberof reportsandproductevaluationsfor speechrecognitiontechnolo-
gy.
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Thosereportsavailablepoint to speechsynthesisvoicequalityasthekey issuein thelackof penetration
of the technology. The improvementsin computingpower andprice have not beenmatchedby improve-
mentsin thevoicequalityof theproducts.Thus,while virtually everyspeechsynthesisproductis promoted
ashaving “natural-sounding”voices,theperceptionof mostpotentialcustomersis not sopositive.

For instance,from areportcitedby theGartnerGroup[Michalski, 1997]

“We regret to report that text-to-speech technology hasbarely advancedover thepastdecade,
probablybecauseit isn’t as usefulto national securityas speech recognition. The“drunken
Swede”is alive andwell.”

Fromanotherreporton TelecomStrategies[Forrester, 1998]

“T ime for the text-to-speech vendors to hire a speech coach. Ever hear how text-to-speech
platformsreadback wordsandnumbers in a stiltedmonotone?Whosevoiceis that? . . . since
thespokenphrasesaremadeupof a seriesof wordsassembleduniquelyfor each playback, the
taskof integrating punctuationand inflectionhasbeena bear. Forresterthinksthat firms like
IBM andLernout& Hauspiewoulddowell to investin puttingpersonalityinto their systemsto
speedacceptance.”

If wereview thelist of vendorsof speechsynthesis,asubstantialnumberaretoosmallto investthefunds
requiredto make a paradigmshift in thetechniquesandresearchof speechsynthesis.This is compounded
by the low marginsof thebusiness(becauseof softwarebundling)andthe relatively small customerbase.
For theothercompaniesa predominantlycommercialatmosphereexists in which researchfindingsarenot
publishedto theextentrequiredto fosteropenscientificcollaboration.

Wethereforereturnto thekey issueof thisreportwhichis thatdramaticadvancesarerequiredto produce
thespeechsynthesistechnologyrequiredto driveaspokenlanguageinterfaceto computers,thatthecurrent
researchenvironmentwill not achieve this objective, andthusa coordinatedfunding effort is requiredto
revitalize speechsynthesisresearch.

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

This sectiondescribescurrentchallengesfacedby the synthesisresearchcommunity. Many of the road-
blocksin current-daytechnologycouldbeovercomemoreeasilywith a betterfundamentalunderstanding
of speechproductionandperceptionat a cognitive, psychological,physiological,andacousticlevel. Sec-
tion 4.1 listsanumberof basicscientificquestionsthatarein needof investigation.

Applicationof knowledgemustproceedin tandemwith basicscience.Much canbe gainedby devel-
opmentof computationalmodelsthatallow implementationof theoriesandmanipulationof perceptually-
relevant dimensionsof speechsignals. Basicscienceshouldprovide intuitions for practicalmodels;the
shortcomingsof practicalmodelsshould,in turn,poserelevantquestionsfor science.Section4.2describes
areasof computationalimplementationthatshouldbeexploredin tandemwith basicscientificstudy.

Finally, aswehavearguedin theprevioussection,speechsynthesisresearchis currentlylimitedbyalack
of principledevaluationmethodologies.Evaluationis neededfor understandingthe limitations of current
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systems,which is anessentialfirst steptowardsfindingnew speechmodelsandsynthesisalgorithms.While
the provision of commonresourcescanhelp addressthe problem,thereareimportantresearchquestions
associatedwith evaluationthatmustbeinvestigated,asdescribedin Section4.3.

As aprefaceto thesectionsthatfollow, wenotethatthischaptercannotenumerateall importantaspects
of speechsynthesisresearch,in partbecausethesewill necessarilyevolve asresearchadvances.New areas
will emergeandotherswill fold. Theissueshighlightedhererepresentareasthatmany researchersthink are
importantfor advancingscienceandtechnology, thoughthereis certainlysomedisagreementon priorities.
Whatshouldbeclearfrom thelistedareasis that theresearchneededis clearly interdisciplinary, including
linguistics,psychology, physics,computerscience,andengineering.

4.1 Advancesin BasicScience

Speechsynthesisis, aswe have shown, a highly multidisciplinaryfield. Not only aretheproblemsdiverse,
requiringthe talentsof peoplefrom variedbackgrounds,but the integration of variouscomponentsinto a
workingsystemrequiresthatpeopleworkingononecomponentbeawareof therequirementsof othercom-
ponents.So researchersmustbe specialists,but at thesametime mustbe sensitive to issuesoutsidetheir
own particularareasof expertise. Clearly, then,multidisciplinaryapproachesshouldbe encouraged,and
studentsshouldbetrainedto maintaina holisticview of theentirespeechsynthesisprocess(in humansand
machines),evenwhile they focusintently on a topic of interest.Similarly, althoughtheresearchissuesdis-
cussedin thesectionsbelow arelumpedinto categories,their heavily intertwined,multidisciplinarynature
shouldbekeptin mind.

4.1.1 Text Analysisand Generation

Auditory displays of information. Scientificadvancementsin text analysismust includebetterunder-
standingof thewayshumansencodeinformationin text, andwaysin which this informationcanbe ren-
deredvia othermodalitieslike speech.We mustexploremoreabstractrepresentationsof informationthat
will make it easierto translateamongandintegrateoutputmodalities.Theoutcomeof betterunderstanding
in thisareacouldtransformthewaywedistribute information.In sucha framework, userandcontext could
determinewhetherthe“display” is audio,text, graphicor amixture.

Variousdomain-specificsituationsinfluencehumantext analysisprocesses,andtheseneedto bebetter
understood.For example,tablesof sportsscoresmight bereadquitedifferently from bustimetables.Ren-
deringtwo-dimensionallayout informationfrom World Wide Webpagesis often necessaryto understand
theircontent.Understandingthewayhumansrepresenthierarchicalstructurein speechis anotherimportant
area,especiallyfor prosodypredictionfunctions. This includesstudyof given/new structurein dialogs,
focus,intentional/attentional structure,turn-taking,andtopic structure.

Pronunciation. A catalogingof waysin whichstringsof characterscanberead,bothwithin Englishand
acrosslanguagesshouldbeundertaken. For example: thenumbersequence“1928” might bereadas“one
nine two eight” (if it is a telephonenumber, for instance);or as“nineteentwenty-eight” (if it is a year);
or as“one thousand,nine hundredandtwenty eight” (if it is interpretedasan ordinarynumber). While
this particularinstancemay seemtrivial — for suchnumberstringsthereis a handfulof waysof saying
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them— therearemany differentclassesthatneedto becovered,andeachof theseclassesneedsto bewell
understood.Thusfor eachclassof text string(digits,capitalizedsequences,mixedcasewords,mixturesof
digitsandletters,. . . ), wemustbetterunderstandthissetof optionsin ageneralway, for multiple languages.
We mustalsogaina betterunderstandingof the rangeof kinds of featuresthataffect lexical decision.At
presentresearcherstypically useamixedbagof features(wordsin theimmediatecontext, wordsin awider
context, local part of speechsequences,. . . ) that seem“reasonable”.Otherfeaturesthat might influence
thesedecisionsshouldbeinvestigated.

Prosodically-motivated text analysisand generation. We needa betterunderstandingof what factors
conditionprosodicphrasingandaccentingdecisions,which areessentialto structuringthemessagefor the
listener. In the limit both of theseproblemsmay, of course,requireoneto solve the generalproblemof
naturallanguageunderstanding.However, it is likely thatonecanfall far shortof thatgeneralgoal,andstill
make substantialprogresson theseissues.For example,it maybepossibleto obtainhigh quality prosodic
phrasingfrom acoarseclauseor noun/verbgroupbracketinginsteadof a full syntacticparse.Knowledgeof
thekey syntacticconstituentsfor prosodypredictioncould inform template-basedgenerationsystemsthat
do not make useof detailedsyntacticrepresentations.Similarly, a betterunderstandingof whataspectsof
focusstructureandsemanticrepresentationsareneededfor properaccentplacementcould suggestother
simplified text analysis/generation structures.Finally, understandingandthenautomaticallyextracting(or
generating)thefactorsthateffectdegreeof emphasisis a topic thathasbarelybeenaddressedat all.

4.1.2 Linguistics and Prosody

Prosodyin discourseand dialog. Oneobviousapplicationof synthesisis in systemsthatusenaturalspo-
kendialog interfacesto information. For thesesystemsto grow beyondsimplemachine-initiatedprompts,
synthesizersmustbeableto convey subtleprosodiccuesto the“commonground,” or stateof mutualunder-
standingbetweentheconversants.Therulesfor controllingprosodyin dialogsmustbebetterunderstood.
Relatedquestionsincludethefollowing:

� Whatis theeffectof turn takingin discourseonprosody?

� How canwe modelthecommonground?

� How canwe dealwith theoftenagrammaticallanguageof dialog?

� How doesthegiven/new attribute (or attentionalstructuremoregenerally)influencede-accentingin
adialogsystem?

� How dodifferentfactorsinteractto influencethechoiceof intonationmarkerassociatedwith aphrase
boundaryor accent?

Acoustic and visual correlatesof prosody. Traditionally, theresultof prosodicanalysisin synthesizers
hasbeensimply a fundamentalfrequency contourandsegmentaldurations.This areaof speechsynthesis
still requiresconsiderableresearchbut therearemany morevariablesrelevant to humanprosodythatalso
needto bemodeled.
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� How is glottal wave shapeandvoice quality affectedby pitch range,accentplacement,andother
characteristics?Thisknowledgeshouldinfluencewaveformgenerationresearch.

� How do articulatoryconstraintsin casualor fastspeechinfluencethedegreeof lenition or coarticu-
lation? What is the relationshipbetweenarticulatoryeffort andprosody?For example,how tightly
doesthespeaker make closuresfor variousspeechstyles?

� How canwe move away from durationas a primitive to timing, to sub-phonedurationcontrol or
timing of gestures?Whatis thebestway to characterizespeakingratevariations?

� In a visual speechsystem,word andphraseboundaryinformationareusedto control blinking, eye
movements,andheadnodding,andpitch is usedto controltheeyebrows [Massaro,1998]. An impor-
tantissueis how bestto convey emphasisin thevisualsynthesis.

Speechstylesand emotion. A frequently-citedshortfall of currentsynthesizersis thatthey lack theabil-
ity to change“style” or emotionalcharacteristics.Laypersonsandresearchersagreethat communication
involvesmuchmorethansimply the linguistic message.Paralinguisticaswell aslinguistic informationis
necessaryfor optimalcommunicationandunderstanding.However, mostpeoplearehard-pressedto define
thespecificacousticcharacteristicsof aparticularstyleor emotion,eventhoughthey caneasilyidentify the
stylesthemselves.In addressingthisarea,issuesto addressshouldinclude:

� Whatfindingsfrom currentsociolinguisticresearchon stylearerelevant to therealmof speechsyn-
thesisresearch?

� Whatarethedeterminantsof particularstyles,thecharacteristicsthatmakea speakingstylecoherent
andthefeaturesthatdiffer with gender, dialector otherfactors?

� Whatarethecommunicative purposesof variousstyles?

� Canwefind appropriateframeworksto answerthesequestionsin waysthatareusefulfor generalizing
knowledgefrom onevarietyto another?

Analogousto auditoryspeechsynthesis,researchin visiblespeechsynthesishasbeendirectedprimarily
at thelinguisticdimensionsof speechbut it is importantthattheparalinguisticonesbedevelopedin parallel.
Similareffort shouldbedevotedto thesynthesisof emotionaldisplaysthatoccurnaturallywith speech.

4.1.3 SpeechPerception

Furtherwork is neededto understandspecificaspectsof humanspeechperception,to aidin thedevelopment
of advancedalgorithms.For example,in concatenative synthesis,thefundamentalassumptionis madethat
at every point wherewaveformsarejoined,theacousticsare“similar enough”thathumanswill notbeable
to detectadiscontinuity. Althoughrecentconcatenative systemshaveutilizedmeasuresof “targetcost”and
“concatenationcost” [Hunt andBlack,1996], few speechperceptionexperimentshave beenconductedto
offer guidanceon theappropriatenessof thesemeasures.
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Theliteraturecanprovide insightson conceptslike “just noticeabledifferences”andtemporalmasking
windows, but this bodyof work needsto beaugmentedby experimentsthatcloserapproachtheconditions
foundin speechsynthesisalgorithms- concatenative or otherwise.Theamountof variationconsiderednatu-
ral by a listeneris heavily dependentoncontext. Certainunit concatenationsor modelparametertransitions
soundunnaturalfor thesimplereasonthat listenershave an innateunderstandingof thepatternsandtime
constantsof speechproduction,andknow thatcertaintransitionsareimpossible.Humanlistenersintegrate
a large numberof redundantcues,which maynot all benecessaryfor intelligibility but maybe important
for naturalness.Work leadingto betterobjective measuresof perceived discontinuityandthe interdepen-
denceof redundantcueswill allow muchmoredirect optimizationof synthesisalgorithms.For example,
in concatenative synthesis,unit mismatchescould be concentratedin segmentswherethey would not be
noticed.This is similar to thestrategiesusedin audiocompression,wherequantizationnoiseis shapedto fit
anauditorymaskingcurve.

In addition to perceptualmeasuresof spectralcontinuity, a betterunderstandingof the perceptionof
prosodicfeatures,styleandmoodsis importantin advancingthosefields. Also, asa latersectionexplain-
s, researchon speechperceptionis fundamentalto developmentof effective andmeaningfulassessment
paradigmsfor speechsynthesis.

4.1.4 AcousticModeling

Fundamental understanding of soundgenerationin the vocal tract. Becauseof thedifficultiesin col-
lecting dataandmodelingthe nonlinearacousticalpropertiesof soft tissue,knowledgeof the underlying
acousticsof speechproductionis ratherrudimentary. Furtherwork is neededto collectvocaltractgeometry
dataandusethesedatafor high-precisionmodelsof flow fieldsnearconstrictions.Thiskind of researchun-
derpinsresearchon fully parametricarticulatorysynthesis,but couldalsohave animpacton thestructuring
of otherkindsof knowledge-basedalgorithms.

Acoustic manifestationsof speaker and speakingstyle. Thereis currentlygreatinterestin thespeech
synthesiscommunityfor creatingsynthesizerswith desiredvoicequality, emotion,anddialect. Thebasic
researchnecessaryfor this to occurcomesfrom many differentareas,includingthefollowing:

� Theeffect of speakingstyleon thedynamicsof theuppervocal tract,includingtherelative timing of
articulatoryevents,aswell asaerodynamicsandlaryngealphysiology.

� The relationbetweendialectandintonationalcharacteristics,andthe individual speaker differences
in this relation.

Variability . In many respects,speechsynthesizershave beendesignedto make “safe” assumptionsthat
avoid grossmistakes. However, this meansthat they alsoavoid many aspectsof thevariability observed in
naturalspeech.Researchthat characterizesthe dimensionsof variability in onespeaker’s voice or across
speakers is needed.This researchwill enablesystemsto producespeechthat is lessmonotonousfor the
listenerandthatincorporatesacousticvariationscorrelatedwith stress,emotion,andvariousprosodiccues.
A betterunderstandingof cross-speakerdifferenceswill leadto methodsfor transformingspeechsynthesizer
outputsto resemblemultiple talkers.
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4.1.5 Visible SpeechSynthesis

Production Modelsof Synthesis. An importantissuefor achieving realisticvisiblespeechis how specific
speechsegmentsarecombined. Alternative modelsof coarticulationanddifferentsegmentalapproaches
shouldbeevaluated.Simplermodels(e.g.,oneusingsimplerparametricinterpolation)shouldbetestedas
a baselinefor comparison.Analogousto auditoryspeechsynthesis,a comparisonbetweenmodel-driven
parametersynthesisshouldbeevaluatedagainstdiphoneconcatenationmodelsin which coarticulationcan
go no furtherthantheadjacentphoneme.

Indi vidual Differencesand Structural Modeling. Given that talkers differ in both their structureand
speecharticulation,it is importantto modelthesedifferences,bothfor modelsof speechproductionandto
investigatehow humanspeechperceptionfunctionsin light of thesedifferences.The useof a variety of
talkersis necessaryto achieve a truepictureof which cuesareused.Concentrationon too smalla sample
of natural(or synthetic)facescanleadto lack of generalityandecologicalvalidity. Syntheticvisualspeech
shouldsimulatethesamevarietyof talkersthatpeoplefacein therealworld.

Texture and intelligibility . Oneimportantissueto be resolved is whetherthe speechintelligibility of a
neutralsyntheticfaceis comparableto that of a texture mappedface. A questionto be answeredby this
comparisonis whetherhaving theadditionalfacial informationmight helpperformance(e.g.,by focusing
attentiononthecritical facialfeatures)or alternatively hurtperformance(e.g.,byobscuringthepure,abstract
facialfeatures).

4.2 Advancesin Technology

Many of thescientificchallengesoutlinedin Section4.1will requireconsiderabletechnicalinnovation,but
therearemany othertechnicalproblemsthatalsoneedattention.In thissectionwefocusondevelopmentof
practicalcomputationalmodelsbasedon fundamentalscientificresults.Onecomponentof thegoal is still
a betterunderstandingof thehumanspeechproductionprocess,but thepathto get thereincludescreating
practicalsystemsthatsatisfytherequirementsof applications.

4.2.1 Domain-specificModeling

In thespeechrecognitioncommunity, a usefulapproachhasbeento optimizeandevaluatesystemperfor-
manceon constrainedtaskswithin a particulardomainsuchasair travel reservations,Wall StreetJournal
financialnews reports,etc. It is oftenarguedthatprogressin speechsynthesishasbeenheldbackin some
waysby trying to tackletoo generala problem,that of “unrestrictedtext input”. Too many compromises
mustbemadeto generate“reasonable”outputacrossa rangeof differentdomains.In contrast,thelexical,
prosodic,andsegmentalacousticfeaturesof speechconstrainedwithin a particulardomainaremorepre-
dictable.Therefore,it maybepossibleto accelerateprogressby studyingaportfolio of applicationdomains
insteadof unrestrictedTTS.

Implementationof this approachrequiresan initiative that lays 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 broadestimpact if it is thoughtaboutasbroadlyaspossible–
that is, if the focus is on developingmodularapproachesso that technological/research advancescanbe
reappliedto new domains.

4.2.2 Text Analysisand Markup

Languagemodeling. An importantareaof futureresearchis theinvestigationof languagemodelingtech-
niquesin text-to-speechsynthesis.Thetraditionalmodelin speechrecognitionis thenoisychannelmodel
wherethespeechsignalis modeledasa noisyrepresentationof theword sequence.In orderto reconstruct
whatwassaid,oneneedsa languagemodel,or in otherwordsa modelthatcanestimatetheprobabilityof
agivensequenceof words.Althoughsomelanguagemodelingtechniqueshave beenusedin text-to-speech
synthesis(e.g.,in sensedisambiguation),therehasnot beenany extensive useof suchmethods.Thecom-
monconceptionis thatin text-to-speechconversiononebasicallyknowswhatthewordsare,unlike thecase
of recognition.But this is not really correct:written languageis animperfectrepresentationof theunderly-
ing linguistic messageintendedby thewriter. As we have notedelsewhere,stringsof characterscanoften
be pronouncedin morethanoneway, andthe situationis muchworsein somelanguagesthanin others.
Written languageonly inconsistentlyrepresentsintonationalphrasingthroughthe useof punctuation,and
almostnever representsaccenting.In order to reada text aloud,onemust reconstructa large amountof
informationthatwasnotprovidedby thewriter.

Markup languages. A fundamentalgoalis to endow speechwith thepropertiesthatmake text souseful:
this includescompositiontools,easybrowsing,summarization,etc.Markuplanguageslike thosedescribed
in Section3.2.1solve partof thisproblemby augmentingtext with cluesfor thesystemto usein generating
speech(e.g.,emphasizeTHIS word). However, noneof the currentmarkuplanguagessolve all interface
needs.For example,if onewantsto specifythat a given utteranceshouldhave “a final fall startingthree
syllablesfrom the endanddescendingat a rateof 30Hz per syllable,” thereis no way to do so. Quite a
few specificsynthesissystemshave their own idiosyncraticwaysof specifyingsuchthingsbut thereis no
standard.

Thus,thereareactuallytwo differentlevelsof markupneeded:

� Synthesismarkup- theinput to controlawaveformgeneratoror visualspeechsynthesizer.

� Languagemarkup- theoutputof a languagegenerator, or of automatictext-annotationalgorithms.

Part of theproblemin creatingthesestandardsis a lack of generaltheoreticalagreement(especiallyin
the areaof intonationalmodelingandemotional“constituents”)on what kinds of thingsshouldbe under
the control of the markupinterfaceand how they shouldbe specified. But part of the issueis that the
synthesisandend-usercommunityhasnot yet systematicallythoughtout thethingsthatonewouldwantto
beablecontrolwith a markuplanguage.In addition,thenaturallanguagegenerationandspeechsynthesis
communitiesneedto bemutuallyinformedaboutwhatNLG canprovide andwhatsynthesizersmightwant
to use.Standardizingtooearlyis dangerousbecauseit canconstraintheresearch,but proposinga common
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form allows peopleto debatethe meritsof specificfeatures. For the specialcaseof synthesizingvisual
speech,thereis also the possibility for graphicallydefinedmarkuplanguages.For examples,scientists
shouldbeableto graphicallydraw anddisplayemotionalintensitiessuperimposedon thetext.

4.2.3 Computational Modeling of Prosody

Thefailureof many currentspeechsynthesissystemsto producenaturalprosodiccharacteristicsis a major
hindranceto widerapplicationof thetechnology. Researchinto bettermodelsof prosodiceffectsis needed,
andtheir implementationin novel applications.Therearetwo classesof “prosodicmappings”to consider.
Onemapsknowledgeaboutthe discourseto a descriptionof tone/accentplacementand type. The other
mapsbetweenthis (symbolic/categorical) prosodicmodelandwaveformsynthesisparameters.

Mapping syntax and discoursestatesto prosodicmodels. Computationallyefficient methodsfor using
high-level discourseinformation in prosodypredictionshouldbe investigated,including robust learning
algorithmsfor trainingfromsparsedata.Theideaof developingtechniquesfor specificdomainsisespecially
relevantto thisproblem.New algorithmsfor uncoveringtherelationshipsbetweensyntacticandconceptual
structuresandprosodicstructuresshouldbe developedandexploited. A fundamentalquestionconcerns
how onemight build on the mappingsdiscovered/modeledfor onediscoursestyle to bootstrapto models
for anotherlanguagevariety. In otherwords,what is thecomputationalframework for styleadaptation(or
adaptationof dialect,speaker, etc.)? Methodsthat take advantageof commoncoreknowledgecould be
automaticallytrainedfor new components.

Mapping symbolic prosodicmodelsto waveform synthesisparameters. In this area,continuedeffort
mustbemadeto developnew datadrivenmethodsthatincorporate,implement,andtestexperimentalresults
from the linguistic sciences.In general,we needto move away from equating“prosody” with “segmental
durationandF0” andexplorehow prosodicstructureaffectsall aspectsof thespeechsignal. An example
is the issueof “duration” vs. “timing”: modelsareneededthat go beyond manipulatinginterval lengths
assignedto independentsegmentsin sequence.This is necessaryto model variation in speedof transi-
tion and transitionshapefor relevant parametersaswell asalignmentbetweenthe changingparameters.
Modelsshouldcover spectralparameters(spectralcoefficients,spectraltilt etc.),acousticprosodicfeatures
(fundamentalfrequency, energy etc.)andany otherdynamicallychangingparameters.

4.2.4 Knowledge-basedAutomatic Learning Techniques

A generalareain needof much further researchis automaticmethodsfor deriving synthesizeracoustic
parametersand“rules” from speechdatabases.Combiningrule-basedandautomaticlearningtechniques
necessitatestheinventionof waysto incorporateknowledge,structure,or constraintsinto automaticlearning
oroptimization.Thecombinationof rule-basedandautomaticlearningapproachesis importantbecausethey
complementoneanother:knowledgeis usedto definethespacein which theautomaticlearningprocedure
works. Knowledge-drivenautomaticlearninghasalreadybeenexploredwith successin aspectof prosodic
modelingandsuchwork shouldbeencouraged.In addition,moreefforts in theareaof waveformgeneration
areneeded.
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Unit selection. In concatenative synthesis,unit selectionshouldbe viewed as a generalparadigmfor
modelsthat can “learn” from data,insteadof simply a way to pastewaveformstogether. This calls for
knowledge-basedmodelsmotivatedby fundamentalscience,not brute-forcedatamining. In particular,
more work is neededto find speechsignal modelsthat offer as much parametriccontrol freedomas a
formantsynthesizer, but areableto preserve lesswell understoodfine detailsof the signals. In addition,
theuseof temporalfeaturedescriptionsbroaderthanthe typical 20 ms“frame” of cepstra,etc.,shouldbe
explored,including modelsthat cantake advantageof maskingpropertiesof hearingandthat incorporate
aspectsof voicequalityandotherprosodicdimensions.

Parametric synthesis. In parametricsynthesis,phone-to-parameter-trajectory rulescanbewrittensothat
thetrajectoriesaremathematicalfunctions,suchasstraightlines,which themselveshave the freeparame-
tersof slopeandintercept.Usinganalysis-by-synthesis techniques(optimalmatchof acousticparameters),
theseparameterscould be adjustedto fit the averagespeechpatternsof a large groupof speakers,or the
speechpatternof a singlespeaker. Theresearchinto this areawould involve determiningtheperceptually
salientacousticfeaturesto useasmatchingcriteriain theanalysis-by-synthesis procedure.Researchwould
alsoneedto be conductedon which synthesizerparameterfeaturescorrespondto thesalientacousticfea-
tures.Furtherresearchinto thealgorithmicaspectsof optimizationandautomaticlearningin thisparticular
applicationwouldalsobenecessary.

4.2.5 AcousticParameter Generation and Signalmodeling

A setof diverseandinnovative techniquesshouldbeencouragedto addresstheproblemof generatingspeech
waveformsfrom asymbolicrepresentationof linguistic informationfor anutterance.Thisstrategy canserve
both thepurposeof enhancingour understandingof vocal tractacousticsandin producingusablesystems
in thenear- to medium-term.

Moving from symbolic labelsto multi-dimensional trajectories. Thetransformationfrom independent
symboliclabelsto multi-dimensionaltrajectoriescanbe instantiatedasthe transformationfrom phonesto
articulatorytrajectories.This transformationis a vital partof articulatoryandquasi-articulatorysynthesis.
The researchin this areahaslargely beenundertaken in relation to health,psychological,and linguistic
issues.Therehasbeensomeinterestin thisareaof researchfrom boththespeechsynthesistechnologyand
automaticspeechrecognitioncommunities.

In the United Statestherehasbeengenerallyonly a small degreeof interactionbetweenthe linguis-
tic/healthrelatedspeechphysiologyresearchersandspeechtechnologyresearchers.A muchgreateramount
of collaborationbetweenthe two groupscould greatly improve the prospectsfor parametricarticulatory
synthesisandformantsynthesis,while increasingthe knowledgefor the implementationof concatenative
synthesis.

Voicesourcequality transformations. Theterm‘voicequality’ usuallyrefersto perceptualfeaturessuch
asbreathiness,creakiness,andwhisper[Klatt andKlatt, 1990, ChildersandLee,1991, ChildersandHu, 1994].
Several studieshave emphasizedthat breathinessis importantto the synthesisof a realistic femalevoice

45



[Klatt andKlatt, 1990, Trittin anddeSantosy Lleó, 1995], which is importantsincein many wayssynthe-
sizedfemalevoicesstill talk like men.Voicequality mayalsobeimportantfor implying emotionslike sad-
nessordisgust[Murray andArnott, 1995]. Mostapplicationsof voicequalitymodelinghavefocusedonfor-
mantsynthesis[Klatt andKlatt, 1990, ChildersandLee,1991, ChildersandAhn, 1995] or have usedsyn-
theticpulse-excitedlinearprediction[ChildersandHu, 1994, Cummings,1992, CummingsandClements,1993].
For waveform-concatenative synthesis,waveformmodificationtechniquesarenecessary. While it maybe
possibleto capturesomeeffectsasaby-productof unit selectionfrom a largedatabase(e.g.,occasionalend
of utterancecreak),thecombinatoricsof speechfeaturesdictatethatmodificationof waveformswill always
beneeded:it is simplynotpracticalto recordandstoreredundantsegmentswith severalvoicequalitiesand
otherprosodicfeatures.Given thegrowing popularityof waveform concatenationmethods,voice quality
modificationcouldhaveadramaticimpactby offeringanew dimensionof expressivenessto speechsynthe-
sizers.Advancementsin waveformmodificationtechniquesto achieveaspecificvoicequalitywouldrequire
techniquesfor automaticextractionof voicequalityparametersandotherlaryngealfunctionindicators.

Fundamentalfrequency modificationtechniquesin waveformsynthesizersareanotherimportantclassof
algorithmsfor advancingthetechnology. Most currentapproachesmake theassumptionthatthevocaltract
transferfunction(i.e., thespectralenvelope)andtheglottal source(excitationpitchpulses)areindependent
of eachother. This is ausefulassumptionthatgivesreasonableresultsfor smallmodifications,but it ignores
importantdetailsthatareimportantfor moredrasticpitch variations.Becauseof interactionsbetweenthe
glottal sourceandthe vocal tract (dueto the time-varying couplingof the tracheato the acousticsystem)
andreconfigurationsof thearticulators,thetransferfunctionof thevocaltractchangeswith pitchandvoice
sourcequality [Titze,1994]. More detailedstudyof theinterdependenceof fundamentalfrequency andthe
vocal tract transferfunction is needed,alongwith the developmentof signalprocessingmodelsthat can
incorporatethisknowledgegracefully.

Voiceconversionmappings. Theapplicationof synthesisoftenrequirestheuseof multiplevoices.How-
ever, thewaveformconcatenation-basedapproachrequiresthatalarge,annotatedcorpusof speechbestored
onthecomputerfor eachvoice;formantorarticulatorysynthesizersrequirecodingof alargesetof new mod-
el parametersto describethenew voice. Sufficiently accuratelabelingof corporais not yet automatic,and
thecomplicationsof collectinga goodquality corpusaresignificant. Techniquesfor rapidly transforming
thesystem’s voicecharacteristicsto thatof anotherspeaker couldpotentiallyallow oneto reuseanexisting
voiceto synthesizespeechin aanothervoicebasedon asmallamountof adaptationdata.

Most previous approachesto this problemhave relied simply on variousforms of regressionmapping
betweensource-targetpairsof spectralfeatures(e.g.,LPC or cepstralcoefficients)
[Kain andMacon,1998, Stylianouetal., 1995, ArslanandTalkin, 1997]. Although many acousticcorre-
latesof voiceidentityarecarriedin thespectralenvelope[KuwabaraandSagisaka,1995], aframe-by-frame
spectralmappingdoesnot capturesystematiccross-speaker variationsin timing, voicequality, intonation,
or othersupra-segmentalfeatures.Much furtherwork is neededto allow understandingandmodelingthese
differencesto producemorerealisticvoiceconversionresults.
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4.2.6 Visible SpeechSynthesis:Enhancing Realism

A long-termgoalof visible speechsynthesiswould beto simulate,ascloselyaspossible,thephysiognomy
of ahumantalker. Toenhancetherealismandexpressivenessof thevisualrepresentationof thetalkinghead,
it is importantto: 1) develop andprograma realistictongue,hardpalate,andsoft palatewith a movable
velum; 2) includea fully threedimensionalrepresentationof the headincluding ears,hair, top, sideand
backof head,andneck;3) have fine detail of the talker’s facial features;suchasforehead,eyebrows and
neck;and4) allow independentcontrolof thetwo sidesof theface.A consequenceof theseimprovements
will be the increasedresolutionanddisplayof speechandfacial affect and the implementationof facial
asymmetriesfor speechandaffect.

4.3 Evaluation of SynthesisSystems

In Section3.3,wearguedthatcurrentspeechsynthesisassessmentmethodologiesarenotmeetingtheneeds
of eitherconsumersor scientists,andthat speechsynthesisevaluationis inherentlycomplicatedandis an
openresearchquestionitself. However, it is clearwhatareasof work areneeded:

1. Researchon next-generationevaluationtools.

2. Developingsystemarchitecturesthatallow accessto internalrepresentations.

3. Agreementon evaluationstandards.

4. Performinglarge-scaleevaluationsandpublishingtheresults.

5. Making TTSsystemsaccessiblevia theinternet.

Of thesesteps,thelastthreeareprimarily programmatic.Here,we outlinesomeresearchissuesassociated
with evaluation.

Research on next-generationevaluation tools. Currenttestsarenotsufficiently thoughtthroughin terms
of their exactgoalsandarenot alwayswell-matchedto thedifferentresearchagendasin speechsynthesis.
For example,in developinga synthesizerthat is customizedto a particulartask,onemight want to assess
whetherthespeechis “appropriate”for thetaskandnot simply whetherit is intelligible or natural.Current
perceptualteststendto focuson shortwordsor sentences,whereassynthesizersareoften usedfor longer
sectionsof text andin thefuturemaybeusedin dialogsystems.It is impossiblefor humansto listento long
stretchesof speechfrom two systemsin an A-B comparison,andinnovative methodsareneeded.In this
case,advancesin synthesisevaluationcanalsoinform researchin evaluationof completedialogsystems.
Currenttestsare insufficiently automated(many still usepaper-and-pencil),andautomationis important
for ensuringconsistency andsharingresources.In addition,if web-basedevaluationsitesareto bea goal,
aswe areproposing,automationis essential.Automatingperceptualtestsmayalsoinspirenew paradigms
for evaluation. Quantitative (i.e., not perceptual)testsanalogousto word error ratealreadyexist for some
componentsof synthesis,but thesecould be improved to betteraccountfor the allowable variability in
speechthatis capturedin aperceptualtest.Finally, new testsareneededthattakeadvantageof text corpora,
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whereit is possibleto guaranteethat testtext is new for all systemsandthestatisticalandgeneralizational
propertiescanbecontrolled.

Systemarchitecturesthat allow accessto internal representations. Fromascientificperspective,being
ableto surgically testcomponentsis muchpreferableoverhaving to indirectly infer how well acertaincom-
ponentperformsfrom overall systembehavior. A difficulty is thatdifferentsystemshave differentinternal
representations,andthesearerarelymadeavailableasintermediatecontrolvariables.While legislatingin-
ternalrepresentationswill impederesearch,findingsomeintermediaterepresentationsthatcanbegenerally
agreedto (e.g.,phonemicoutput)is possible.

5 RECOMMEND ATIONS FOR A FUNDED RESEARCH PROGRAM IN
SPEECH SYNTHESIS

5.1 Intr oduction

Theprecedingsectionsof thisreporthavesupportedtheview thatwhile speechsynthesisispotentiallyavery
importanttechnologyfor improving accessto electronicinformationandenhancingthe humancomputer
interface,it is not yet a “mature” technologyandtherearemany openareasof research.For the reasons
outlined in the Introduction,we argue that progresstowardsmaturespeechsynthesishasbeenimpeded
by the lack of public funds for this areaof research. In short, only so much progresscan be madein
industriallabs(themainlocusof synthesisresearchin theUS over thelasttwo decades),andprogresswill
besignificantlyfasterif awider rangeof researcherscanenterthefield.

In this final sectionwe detail four key recommendationsfor how a fundedresearchprogramin speech
synthesisshouldbestructured.Theserecommendationsarebasedontheview thattheroleof thegovernment
in creatinga fundedresearchprogramin synthesisis to seeda rangeof researchactivities thatcreatesan
environment in which real breakthroughs can occur. For suchan environment, it is critical that the
timetablebelong ratherthanshort,andthatmulti-yeargoalsbestatedwhichareflexible andopen-endedto
encouragetrueinnovation. For thatreason,therecommendationsherearemoregeneralandprogrammatic
thanprescriptive.

Beforewe turn to our recommendations(Sections5.2–5.5),it is usefulto considerwhatwe might learn
from themostobviousprior modelfor a fundedresearchprogramin speechsynthesis,namelytheDARPA
programin speechrecognitionandunderstandingcarriedout over the last two decades.As we shall show
next, someaspectsof theDARPA programareclearlyapplicable:indeed,many of thespecificrecommen-
dationsthat we will make in Sections5.2–5.5areinspiredby the DARPA experience.However, we also
stressthata directapplicationof theDARPA evaluationparadigmis difficult to mapto synthesisresearch
directly. In part,thisdifficulty reflectsthefactthatspeechsynthesisandrecognitionareatdifferentlevelsof
maturity, but it is alsoa difficulty associatedwith human-computerinteractiontechnologiesin general.For
that reason,lessonslearnedfrom a new programin synthesiscouldbe informative to currentandpossibly
futureDARPA programswheretheemphasisis moreon human-computerdialogs.
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LessonsLearned from DARPA Program in Automatic SpeechRecognition

Four importanthallmarksof theDARPA programin speechandnaturallanguagecanbe identified. These
were: (1) theestablishmentof commonbenchmarks;(2) anemphasison demonstrations;(3) the“arranged
marriage”of speechrecognitionand natural languageprocessingresearchers;and (4), the organization
of annualworkshopsfor programparticipants. We briefly describethe benefits,the drawbacksand the
relevanceof eachof thesefeaturesto thespeechsynthesisresearchagenda:

1. First, establishingbenchmarks wasimportantin measuringprogress.Beforethe establishmentof
commonbenchmarks,nearlyevery speechrecognitionsystemclaimed“99% accuracy.” Of course,
that numbercould meanvery different thingsdependingon the test set, the training set, the com-
plexity of the task(e.g.,vocabulary size),etc. The advantagesof commonbenchmarksarethat the
resultsaremoreinterpretableacrosssitesandthatthey allow for theleverageof shareddataandeval-
uationresources.In addition,they tendto inspirea competitive spirit in which peoplestrive to make
progress.Certainly, therewasmuchprogressmadein loweringworderrorrateof speechrecognizers,
thecommonevaluationmetric.

Themaindisadvantagewasthattheevaluations,focusedsolelyonerrorrate,led to somelevel of risk
aversion. The resultwasthat systemstendedto converge technically, relatively few resourceswere
devotedto riskier innovative methods,andprogresswasincremental,beingmoreevolutionarythan
revolutionary. Perhapsmore importantly, the chosenerror-rate-basedevaluationmetricsdrove the
researchagendain a rathernarrow direction. In particular, theATIS spoken languagesystemevalu-
ationsfocusedon anutterance-level metricrestrictedto only thesimplestutterances,chosenbecause
theresearcherscouldnot agreeon a dialog-or task-level evaluationprotocol. Theconsequencewas
thatresearchin dialogandsysteminitiative wasdiscouraged.

2. Thesecondcharacteristicof theDARPA programwastheemphasison demonstrationsof thetech-
nology, somethingthat proved very importantin gettingattentionfor the field. Demonstrationsare
compelling;they area proof of conceptandalsoconstitutea typeof evaluation. Ideally, they show
that thingscanbedoneautomaticallyandrobustly in a reasonableamountof time. Seeingthetech-
nologyin actionhelpsinspirefundingsourcesandcollaborators,andit helpsattractnew peopleto the
field.

On theotherhand,significantresourcescanbedivertedfrom researchtowardthesupportandmain-
tenanceof demonstrations.On the other handagain,applicationsand basicresearchcan provide
mutualsupport.Theexperienceof transitioningbasicresearchinto applicationscanleadto unfore-
seenproblems,inspiringnew researchdirectionssuchaswork in mixedinitiative dialogsandrobust
parsing.

3. The third importantfeatureof theDARPA programwastheso-calledarranged marriage between
speechrecognitionandnaturallanguagetechnology. In the1980’s,DARPA announcedanew program
in which funding would not be given out unlessthe proposedwork involved integrating thesetwo
areas.The advantageswerethat the enforcedmultidisciplinarychallengeinspiredsomenew work
andcausedsomepeopleto work togetherwho would not have otherwisedoneso. New possibilities
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wereopenedup thatwould not have beenpossiblewithout suchintegration.Thedisadvantageswere
thatthemarriagewasnotexactly “chosen”andto someextenttherewasa tendency to keep“separate
bedrooms.” Integrationhasbeenslow, andsometimesmoretokenthanreal.

4. Finally, the DARPA-sponsoredworkshops on speechand languagetechnologywerean important
driverof technologyandof multi-disciplinarywork. Thelongjournalpublicationdelaysin thespeech
field at presenthave increasedthe importanceof workshopsin general.TheDARPA workshops,in
particular, were importantbecausethe focus on a commontask madeit easyto learn from other
researchersand becauseof the inclusion of both speechand languagetechnology. In fact, it was
probablytheseworkshopsandnot the forcedmarriagethat had the most impacton the increasing
transferof methodsbetweenspeechandlanguagetechnology. Thefrequentexchangeof information
in the context of a commontaskwasimportantin moving forward the communityasa whole. Of
course,thecostis that thenumberof workshopsthat researchersattendis increasing,andworkshop
participationmustbebalancedwith timespentonactualresearch.

The DARPA programin speechrecognitionandunderstandinghasclearly hadmany positive effects,
many of which canbelinkeddirectly to thefour key characteristicsof theprogramthatwe have discussed
above. We would thereforedo well to emulatethepositive aspectsof theDARPA programin any funded
researchprogramin speechsynthesis,and for this reasonthe recommendationsin Sections5.2–5.5are
inspiredto somedegreeby theabove four items.

However, in learningfrom the positive resultsof the DARPA program,we must also be willing to
learnfrom thenegative results.We wish to avoid a directapplicationof pastDARPA programsin speech
recognitionto a new programin synthesis,becauseof thediffering naturesof thetechnologiesandbecause
of thedifferentlevelsof maturityof thefields. In particular:

� While all fundedresearchshouldclearly be evaluablevia appropriate metrics,we believe that it
wouldbecounterproductive to erectacompetitive environmentin which innovationis stifledbecause
all efforts areaimedtowardsaone-dimensionalof evaluation.

� While westronglyadvocatetheideaof multidisciplinaryinteractions,we feel it wouldnotbewiseor
necessaryto enforcea particularsetof collaborations.Speechsynthesisalreadyhasa long historyof
multidisciplinaryresearchthatwill surelycontinue,evenwithout anexternalmandate.

� Demonstrationsandworkshopattendanceareimportant,but they shouldnotbecomesofrequentasto
beoverburdensome.

� Above all, a greatdealof thought,andindeedbasicresearch,mustbedevotedto thequestionof how
to evaluateourprogress.In speechsynthesisthereis noobviousparallelto thesimpleword-error-rate
criterionthatwassoheavily usedin theDARPA program:aswe arguedin Section3.3,evaluationin
synthesisis complex, andthereis nogenerallyagreedmethodor methodsto do it.

Ourrecommendationsborrow heavily from theDARPA programbut differ in areaswhereit is important
to establishaprogramappropriateto speechsynthesisresearch.
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5.2 Recommendation: Support annual workshops for reporting progressand exchanging
knowledge

Werecommendregularworkshopsto allow for benchmarkinganddemonstrations(points1,2,and4 above),
to facilitate timely exchangeof researchfindings and for training of new speechsynthesisresearchers.
Suchworkshops,evaluationsanddemonstrations,if designedcorrectly, canbe beneficialto thefield. We
recommendthattheworkshopsbeheldannuallyfor thepurposesof exchanginginformation.Clearlythere
is a needfor regularmeasurementto chartprogress,andthereis a needfor workshopsfor reportingon this
progress,aswell assharingtechnicalandscientificadvances.As we have noted,providing commontasks
for programparticipantsmakesit easierto interprettheresultsof othersandthereforeleadsto fasterprogress
for thecommunityasa whole. However, aswe have alsonoted,we mustavoid evaluationparadigmsthat
leadto incrementalimprovements,stifle innovation, andpenalizelonger-term morespeculative research.
We have alsodiscussedthe 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 cooperatively advancethe stateof scienceby facilitating communicationacrosssites
andacrossdisciplines.In addition,theworkshopcouldalsobea vehiclefor demonstratingprogress,both
within thescientificcommunityandto governmentorganizationsfunding the program.To thatend,such
workshopswould includesystem-level resultsreportedononeor morecommontasks,site-specificsystem-
level demonstrations,andanalysesbasedoncomponent-level evaluationoncommonandsite-definedtasks.
Having somework on commontasksenablesresearchersto compareresultsacrosstasks,but encouraging
work on other tasksaswell will ensuregeneralizabilityof the technologyandavoid problemsassociated
with a narrow researchfocus. Encouragingwork on multiple scientificissueswill enableadvancementin
additionto assessmentof thecurrenttechnology.

Resourcesfor commonevaluations should support a suite of benchmark tests,designedto encourage
research that will support both constrained-and unconstrained-domaintasks. It is clearthatthereis
a broadspectrumof tasksthat requirespeechsynthesisandthata researchprogramshouldnot focuson a
singledimension.It is not clearwhetheroneapproachwill serve all needs,andcertainlysometaskswill be
moreamenableto short-termapproachesthanothers.For thatreason,commonevaluationsshouldsupportat
leasttwo tasks— constrained-andunconstrained-domain— thoughbothshouldbeopenvocabulary since
storedvoiceresponsesystemscansatisfytheclosedvocabulary taskneeds.Sinceit is importantto maintain
consistency in thetaskfrom yearto yearin orderto chartprogress,thechosentasksshouldbeverydifficult.

The program must allow for a subsetof the participants to report only on internally-defined eval-
uation metrics. For thoseworking on wholesystems,task-level evaluationsareappropriateanda good
way to demonstrateprogress.However, if thegoal is broadinvolvementandinclusionof academicwork,
many researcherswill not have completesystemsandtheir work will not beamenableto suchevaluations.
In thesecases,the requirementshouldbe to have somesite-definedevaluation(discussionof which could
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leadto new commonevaluationstandards)to assessprogresson piecesof thecommontasksaswell asany
othersite-definedproblem. Examplesof component-level evaluationmetricsmight be perceptualexperi-
mentsassessingcopy-synthesisquality for evaluatingwaveform generationtechniquesandmeansquared
errormeasuresof durationdifferencerelative to sometarget. In many cases,suchmeasurescannotbe“com-
mon” standards,sincedifferentsynthesissystemsmodularizecomponentsin differentways. However, all
participantsmustfind measuresby which they candemonstrateprogress.

Resources should be devoted to expanding the web-basedevaluation paradigm already in place.
From a consumer’s perspective, which is to someextent what governmentfunding organizationsare, the
bestway to assesssynthesistechnologyis to evaluateit with text that is representative of their targetappli-
cationdomain.For suchpurposes,aweb-basedevaluationof synthesistechnologyis ideal.As describedin
Section3.3, thereis alreadysucha facility in placeandparticipationis growing. This sitecanbeimproved
by moreactive support,but alsoby allowing for thecapabilityof assessingsystemtuningcapabilities.For
instance,techniquesareemerging thatallow for voice modificationsfrom sampledata,andsomeeffort is
neededto accommodatethissortof assessmentin theweb-basedevaluationframework.

5.3 Recommendation:Support a broadportf olio of research

Speechsynthesisis a highly multidisciplinaryundertakingandresearchin diversefields is requiredto ad-
vancethequality of speechsynthesis.Thus,we recommendthat fundingincludesupportfor a portfolio of
researchactivities intendedto addresstheexisting limitationsof thetechnology. In Section4, we reviewed
a rangeof specificresearchtopics.Thefollowing arethegeneralpropertiesthatareimportantfor a funded
programfor speechsynthesisto besuccessful:

Support should be available for work in all areasof basic scienceunderlying speechsynthesis,in
evaluation methodologies,and in the technologyitself. Clearly, if all resourcesarespenton evaluation
or on basicscience,therewill be little immediateimpacton the technologyandsocietywill not be well
served. On the otherhand,investmentpurely at the technologyend is unlikely to engenderthe kind of
paradigmshift neededto significantlyadvancethestateof theart.

Support should be available for a variety of competingapproachesto synthesis. As shouldbeclear
from theoverview of currentsynthesistechnology, thereis nooneacceptedsolutionto thespeechsynthesis
problemandit is furthermorepossiblethatdifferentsolutionswill beusefulin addressingconstrainedversus
unconstraineddomaintasks.“Data driven” and“knowledgedriven” approachesarebothneeded,aswell as
combinationsof thetwo. Engineeringsolutionsthatwork well whenmuchdatais availablemaynot work
aswell in thecasesof sparseor unreliabledata,asonefindswhenonemovesto “higher” linguistic levels
(e.g.,discoursemodeling),or whenonemovesto new applications.Conversely, data-driven “engineering”
solutionscanserve to fill in themany gapswherehumanknowledgeis incomplete,particularlywith regards
to speaker 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, andtherecommendationof areasfor futureresearch,thereare
a largenumberof disciplinesthat touchon theproblemof speechsynthesis,including linguistics,compu-
tationallinguistics,speechscience,psychology, aswell asengineeringandcomputerscience.Supporting
multidisciplinarywork is essential,but thismeanssupportingwork in multipledisciplinesaswell asencour-
agingcollaboration.Collaborationsbetweenindividualsworkingin multipletechnicalareasis mostfeasible
in large institutionswherethereis a wide spanof areasof expertise.Certainlysuchcollaborationsshould
be encouraged,but not to the detrimentof smallerlessinterdisciplinaryefforts, which nonethelessshow
promiseof advancingthestateof theart. We neverthelessrecognizethe importanceof makinginterdisci-
plinary collaborationsasfeasibleandaswidespreadaspossible:we thereforewill propose(Section5.5)as
aspecificrecommendationtheestablishmentof interdisciplinaryresearchcenters.

Both system-building and smaller-scalecomponent-level research programsshouldbesupported. It
is neitherefficientnorpracticalto askthatall researchgroupsbuild full synthesissystems.In additionto the
unnecessarycostof duplicatedeffort, many researchteamswill nothave theinterestor expertiseto develop
completestate-of-the-artsystems.On the otherhand,it is frequentlythe casethat the real usefulnessof
an ideais hardto estimatewithout implementingthe ideaaspartof a full working system:many of us in
the speechsynthesiscommunityhave seenproposalsthat seemedreasonableon paper, andeven seemed
reasonablein demonstrationsthatareintendedto isolatethephenomenonin question;but fail to result in
noticeableimprovementswhenimplementedaspartof a full system.To solve thisdilemmawewill propose
(Section5.4)a researchinfrastructurethatincludespublic-domainand/oropen-sourcefull speechsynthesis
systems,thatwill helpresearchgroupsworkingoncomponent-level problemsdemonstratetheir ideasin the
context of theproblemasa whole.

Inter national collaboration shouldbeencouraged. Finally, oneof thegoalsof synthesisresearchshould
be the developmentof high-quality synthesistechnologynot only for English, but for many languages.
Contraryto popularparlance— oneoftenhearstalk of “porting” aparticularTTSsystemto anew language
— eachlanguagepresentsits own portfolio of problems.Solutionsto a particularproblemin Englishwill
of coursebetremendouslyusefulin attackingsimilarproblemsin otherlanguages,but they will notobviate
theneedfor furtherwork, in somecasesinvolving further research,in thoselanguages.TheUnitedStates
is amulticulturalsociety, andwe arefortunateto have in thespeechtechnologycommunitya largenumber
of researcherswho arenative speakersof languagesotherthanEnglish. Inevitably, though,our expertise
in somelanguagescannotmatchthe expertiseavailable in countrieswherethe languagesin questionare
the nationallanguages.This implies a needfor internationalcollaboration.Suchcollaborationshouldbe
actively encouragedundertheprogram.

5.4 Recommendation:Build a speechsynthesisresearch infrastructur e

Like any large researcheffort involving multiple sites,a researcheffort in speechsynthesiswill requirea
coresetof commonpublic resources.We recommendthat fundingbemadeavailablefor thedevelopment
of thefollowing sharedresourcesthatarenecessaryto supportresearchonspeechsynthesis.
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Common Databases. Publicdatabasesof variouskinds arenecessary, for exploratorydataanalysis,for
systemparametertraining,andfor testingandevaluation.Thelist of suchdatabasesis open-ended,andto
a large extent thecommunitywill have to decidewhich onesaremostneeded,andwill have to prioritize
basedonneedsandavailableresources.A partiallist of thekindsof databasesneededis thefollowing:

� Labeledtext corpora;for example,corporawhereall tokens,includingnumbersequences,abbrevia-
tions,etc.,arelabeledwith pronunciation,andotherlinguistic informationthatcouldhelpin training
disambiguationmodels.

� Corporaof text andspeech— preferablyparalleltext andspeech— labeledwith prosodicinforma-
tion, suchasstrengthof prosodicboundariesandstrengthof accents.

� Annotatedtext corporatailored to the needsof CTS systems,whereannotationincludesmeaning
structuresaswell asprosodiclabels.

� Constraineddomain(but openvocabulary) andunconstraineddomaintext andspeechdatafor testing
andevaluation.

� Parallelspeechandphysiologicalmeasurementsfor trainingarticulatorymodelsof waveformgener-
ationaswell astalkingheads.

�

� Parallelspeechandvideodatafor trainingvisualsynthesismodels.

It is worth remindingthe readerthat suchdatabasesareneedednot just for English,but for many other
languagesaswell.

CommonTools. In additionto corpora,varioustoolsareneeded.Onceagain,thecommunitywill needto
decidewhatthosetoolsshouldbe,andprioritizeaccordingly. Again,a partiallist would include:

� Toolsfor corpusannotation.

� Evaluationtools, includinggraphicalinterfacesfor conductingperceptualexperiments,tools for the
quantitative analysisof prosodiclabelingdifferences,andsoforth.

� Completepublic-domaintext-to-speechandconcept-to-speechsystems,sothatresearchgroupswork-
ing on individual componentshave mechanismsin which to testout their ideasin thecontext of a full
workingsystem.

�
Thereareanumberof datasourcesaboutspeechproduction- bothstaticanddynamic- thatcanbeutilized. Thesedatasources

include: 1) ultrasoundandelectropalatography(EPG)datafor the tonguefrom a singletalker [StoneandLundberg, 1996], 2) X-
Raymicrobeam[Westbury, 1994] and3) cineradiographicrecordings[Munhall et al., 1995] of thevocal tractduringarticulation,
4) MRI andEPGdata[Al wanet al., 1997], 5) 3D Cyberwarelaserscansof staticfacial gesturesandvisemes,and6) systematic
measurementsof visiblespeecharticulationusingacomputercontrolledvideomotionanalyzer.
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Standards. Finally the communitymustagreeuponstandardsfor markupof the databases,aswell as
markupschemes(suchasSABLE) to supportfurthertechnologicaldevelopments.

Needlessto say, somedatabases,tools,andstandardsalreadyexist, but noneof theexisting resources
areentirelyadequate,andwouldeitherneedto beextendedor elsesimply replacedwith othermaterialsfor
thepurposesof speechsynthesisresearch.For example,theLinguistic DataConsortium(LDC) haslarge
text corporafor many languages.However, only a few of themareannotated,andnoneof themhave the
kind of annotationsneededfor work on text-to-speechsynthesis.Thetranscribedspeechcorporaavailable
from the LDC arevirtually all designedfor speechrecognitionapplications,including a small amountof
speechfrom a largenumberof speakers,which is in contrastto synthesisneedsof a largeamountof speech
from a smallnumberof speakers.

The Festival speechsynthesissystem[Black etal., 1998], developedby Alan Black, Paul Taylor and
othersat the University of Edinburgh’s Centrefor SpeechTechnologyResearch,is a widely usedfreely
availablepublicdomainsystemthatcouldservethecommunitywell asaplatformfor commondevelopment
of components.Nonetheless,morework will likely beneededto honetheFestival systemfurtherto optimize
it for useby a wide variety of peopleworking on variouscomponents.Furthermore,Festival represents
oneparticularapproachto synthesis,andothersystemswould be usefulto supportresearchin alternative
paradigms.

For prosodiclabeling,themostwidely usedstandardis ToBI. However ToBI doesnot includeconven-
tions for markingstrengthof accenting,which we believe will be crucial for training modelsto achieve
highernaturalness.

5.5 Recommendation:Support multi-disciplinary centersof excellence

Thenumberof problemsneedingresearchattentioncouldconsumea large amountof resources.To facil-
itate sharingof resourcesandprovide a catalystfor multi-disciplinarycollaboration,we believe it will be
necessaryto have fundedCentersfor speechsynthesisresearch.Two modelsfor suchCentersarepossible,
thefirst consistingof a looseconfederationof multiple laboratories,andthesecondbeingfundedinstitutes
establishedat particular(academic)institutions. While sucha Centerwould undoubtablybe involved in
technicalresearch,it shouldbeprimarily supportedto serve asa coordinatoramongvariousactivities and
variousorganizations.Thefollowing issueswouldneedto beconsideredin settingup suchaCenter:

Facilitate communicationandcooperationbetweencommercial andacademicinstitutions. Academic-
commercialcollaborationis importantfor technologytransferin bothdirections.Sincesomuchrecentwork
in synthesishasbeendonein industry, it is importantto haveindustrialinvolvementto makesurethatwheels
arenot reinventedandthatacademicresearchis relevant.At thesametime,thehopeof suchaprogramis to
pushbeyondwhatindustrialresearchcansupport,in which casetherewill beaneedto transfertechnology
back to industry. Onemechanismfor including industry is simply providing funding to supportpartici-
pationin benchmarktestsandassociatedworkshops.Anothermechanismwould be to fund “sabbatical”
visiting facultypositionsfor industrialaffiliates.Yetanotherpossibilityis for theCenterto brokeranindus-
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trial mentoringprogram,whereindividualacademicresearchprogramswouldhave industryrepresentatives
(from differentcompanies)assignedas“industrial liaisons”or mentors,following theSemiconductorRe-
searchConsortiummodel(seehttp://www.src.org/mentor/index.dgw), to providefeedbackonresearchgoals
andhelpwith obtainingresourcesneededto dostate-of-the-artresearch.Anotherrolemightbeservingasa
resourcefor settingupstudentswith industrialinternships.

Serve a role in developing and distributing common tools and data. Another importantfunction of
theCenterwill beasa repositoryanddistribution centerfor thepublic infrastructurematerialsdiscussedin
Section5.4. Thus,theCenter(or onememberof theconfederation)would have roughlythefunctionin the
synthesisresearchcommunityastheLinguistic DataConsortiumat theUniversity of Pennsylvaniahasin
thespeechrecognitionandlanguagetechnologycommunity.

Coordinate workshops. A Centershouldhave responsibilityfor organizingworkshopscenteredaround
commontaskevaluation. Apart from organizingthe workshopsthemselves,oneof the responsibilitiesof
the Centerwould be coordinatingwork on the evaluationmethodologiesto be usedin the task,including
both research(asneeded)into the evaluationmethodologies,andthe actualrunningof the evaluationfor
theworkshops.In additionto theseprogressevaluationworkshops,it will probablybeusefulto have more
extendedworkshopsfocusingentirely on scientific and technologicalprogress,as in the JohnsHopkins
Universitysummerworkshopson speechandlanguageprocessingor Europeansummerschoolson various
problemsin speechprocessinghostedby different sites. Suchworkshopsshouldbe organizedso as to
encouragebroadindustrial involvement,which meansthat the limited resourcesof small companiesmust
beconsideredandworkshopswould likely beat leastpartly “virtual”.

Supporting both large and small efforts. In orderto have widestpossibleimpactandtrain the largest
numberof students,it is importantthat the programandthe Centersupportprojectsat different levels of
effort from avarietyof institutions.Oneway to ensurebroadimpactis by simply servingasa tool anddata
distribution resource.Anotherideais to provide fundsfor studentsat schoolswith smallprogramsto spend
asemesterat schoolswith big programstakingclassesthatwouldnotbeavailableto themotherwise.
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B GLOSSARY

Accent. The “prominence”or degreeof “emphasis”associatedwith spoken words. Roughlyspeaking,a
word is saidto beaccentedif it is fairly prominent,anddeaccentedif it lacksany prominence.

Articulator . Oneof severalorgans— e.g.,thelips, jaw, tonguetip, tonguebladeandtonguebody— that
moveduringspeech,andaltertheshapeof thevocaltract.

Articulatory Synthesis.A parametricapproachto synthesisthat is basedon modelingthe movementof
articulators,andtheacousticconsequencesof thosemovements.

Coarticulation. Theinfluenceof onespeechsounduponanadjacentor nearbyspeechsound.

ConcatenatedVoiceResponse.A speechoutputsystemwhich constructsutterancesby splicing together
raw speechsegments,usuallycorrespondingto wholewordsor phrases.Unlikeconcatenative synthe-
sissystems,concatenatedvoiceresponsesystemsusuallydo not attemptto ensuregoodfits between
thesplicedsegments.

Concatenative Synthesis.An approachto speechsynthesisthat involvessplicing processedsegmentsof
realspeechtogether, with signalprocessingandunit selectionmethodsbeingusedto optimizethefits
betweenthesplicedsegments.

Concept-to-Speech.The generationof speechfrom “semantic” representations(usually the outputof a
languagegenerationsystem)ratherthanfrom text.

Copy Synthesis.Synthesisof speechfrom parametersthatarederived (andoften tunedby hand)from an
original utterancethatis being“copied”.

Deaccented.SeeAccent.

Dialog System. A speechor natural-languagesystemthat interactswith a userin a cooperative mannerto
achieve acertaingoalor task.

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

DiscourseStructur e. A formal modelof the organizationof utterancesinto a conversationor monolog,
includingfacetssuchastopic structureandintent.

Excitation. A periodicor noisesourcethat excites the acousticresonancesof, e.g., the vocal tract. The
termmayreferto thephysicalsourceor asimplemathematicalmodelasusedin computerwaveform
generation.

F � . SeeFundamentalFrequency.

Formant. Oneof theresonancesof thevocaltract.
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Formant Synthesis.A parametricapproachto synthesisthat startswith a modelthatgeneratesformants
andotheracousticfeaturesof thevoice.

Fricati ve A “noisy” speechsoundsuchasan“s”, an“f ” or a “v”, that involvesapartialconstrictionin the
vocaltract.

FundamentalFrequency. Thefrequency, usuallymeasuredin Hertz,of aspeaker’s voice.Thefundamen-
tal frequencycontouris theprimaryphysicalmanifestationof intonation.

Glottis. The vocal cords,or vocal folds, a pair of musclesin the larynx that vibrate to producevoiced
sounds,andremainopento producevoicelessor breathysounds.

Homographs. A setof wordsthatarespelledthesame,but have differentmeaningsand/ordifferentpro-
nunciations.

Interacti ve VoiceResponseSystems.An automaticinformation accessor call routing systemthat uses
speechsynthesisor concatenatedvoiceresponseandautomaticspeechrecognitiontechnology.

Intonation. A level of linguistic representationwhich determines,amongother things, the fundamental
frequency contour. In popularparlanceit is oftentermed“inflection”.

LanguageModeling. A modelthatdeterminesthelikelihoodof varioussequencesof words.A goodlan-
guagemodelwill give a high likelihood for sentencesthat areboth syntacticallywell-formed and
semanticallyandpragmaticallyplausible,anda low likelihoodfor others.

Laryngeal. Pertainingto thelarynxor glottis.

Letter-to-SoundRules. A setof rulesthatconvertsfrom spellingsinto pronunciations.

Markup. A schemefor annotatinga text with informationusefulfor aparticulartask.For instance,HTML
is amarkuplanguagefor webdocuments,wheretheparticulartaskis displayby abrowser.

Mor phology. Thestudyof theformalproperties,in particularthestructureof words.

Parametric Models. Modelsthatarebasedon a (usuallysmall)setof controllableparameters.

Periodic Sounds. Speechsoundsthat have a regular periodicvoicedsource(or excitation). Vowels, for
instance,areperiodicsounds,whereasfricativesarenot.

Phoneme.A basiccontrastive soundof a language.By “contrastive” wemeanthatit is possibleto find two
wordsthatdiffer in exactlyonesound:in thatcasethetwo soundsinvolvedwouldbephonemes.Thus
“t” (tack) is aphonemeof English,asis “b” (back). However, the“t” in “top” andthe“t” in American
English“butter”, whicharequitedifferent,arenonethelessnot differentphonemessincethey arenot
contrastive in thedefinedsense.

Phone. A basicsoundof a language.The“t” in “top” andthe“t” in AmericanEnglish“butter” would be
differentphones;cf. phoneme.
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Phrasing. SeeProsodicPhrase.

Pragmatics. Thestudyof themeaningsof linguisticutterancesin context.

Prosody. A level of linguistic representationthat includesintonation,accent,andprosodicphrasing. The
acousticcorrelatesassociatedwith prosodyincludefundamentalfrequency, segmentaldurations(or
timing), andenergy (or othermanifestationsof vocaleffort).

ProsodicPhrase. A (usually)meaningfulchunkof speechthat is delimitedby variousprosodiccues. A
prosodicphraseis oftenmarkedby sucheffectsasa final pause,final segmentallengthening,a final
dropor risein thefundamentalfrequency, inter alia.

Rule-BasedSystems.Typically usedto referto a systemthatis baseduponhand-writtenrules,ratherthan
on trainableparameters.

Segment.A basicsoundunit of speechthatcorrespondsroughlyto asinglephoneor phoneme.

Source-Filter Model. A modelof speechsynthesisthatassumesa more-or-lesscleanseparationbetween
theglottal or othersourceexcitationandthevocaltract.

SpectralTilt. If onecomputesa spectrumof a shortwindow of speech,thereis a constantenergy roll-off
asonelooksat higherandhigherfrequenciesin thespectrum.This roll-off is spectraltilt.

SymbolicRepresentation. A representationinvolving discretesymbols,or discrete-valuedparameters,as
opposedto continuous-valuedfunctions.

Text Analysis. Theanalysisof theinput text into a symbolicrepresentationfrom which waveformgenera-
tion canthenproceed.

Text-to-Speech.Thegenerationof speechfrom unrestrictedinput text.

TTS. SeeText-to-Speech.

VocalTract. Theacoustictubeformedby theoralandnasalpassages.

VocalTract Transfer Function. A mathematicalfunctionthatdescribestheacousticpropertiesof thevo-
cal tractin agivenstate.Thevocaltracttransferfunctionchangesasonespeaksandtherebychanges
theshapeof thevocaltract.

VoiceBrowser. An auralanalogof awebbrowsersuchasNetscapeCommunicator.

VoiceConversion. Theautomaticmanipulationof onevoiceto soundlike anothervoice.

VoiceQuality. An impressionisticdescriptionof thevoice in termsof suchpropertiesasits “harshness”,
“shrillness”, “muffledness”,“breathiness”,etc. In speechsynthesisevaluation, it is often usedin
contradistinctionto otherevaluableaspectsof thesynthesissuchasthenaturalnessof theprosodyor
theaccuracy of thetext analysis.
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Waveform Generation. Thegenerationof a listenablespeechwaveformfrom asymbolicrepresentationof
themessageto bespoken.
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