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Voice response systems use recorded and synthesized
speech for machine-to-human communication. This
paper both describes current voice response systems,
and presents ourview ofthe ideal system. We discuss
the current state ofstored voice technology and text-to­
speech synthesis inthecontext oftheirconverging on
the ideal voice response system. Such a system would
be intelligible, simulate different voices, have anunres­
tricted vocabulary, be easy to use, and be compatible
with various types ofhardware. Although this ideal sys­
tem does notexist today, it represents a goal thatcan be
achieved building oncurrent technologies inthevoice
processing field.
Introduction

The ideal automated voice response system should deliver
messages that are as effective as those spoken bya human attendant,
anddo so at a fraction ofthe cost. Although the ideal voice response
systemis unattainable with current technology, this paperwill identify
dimensions that canbe used to evaluate current systems andthe goals
that systemsdesigners are pursuing.

The ideal systemwill have the following major features:
- It will deliver highly intelligible speechin a pleasant, natural voice.
- It will be ableto simulate a variety ofdifferent voices, andmatch the

voice quality ofa given human speaker.
- It will havean unrestricted vocabulary, andwill even"speak" foreign

languages.
- System messages will be easyto createandchange.
- It will be small, inexpensive, andeasyto use without priortraining.
- It will be portable, i.e., compatible with different types ofhardware,

andwill havemultichannel capabilities.
Although such a systemdoes notexisttoday, it offers a goalfor
currenttechnologies. This article describes currentvoice response sys­
tems, including those that use both storedvoice technologies andtext­
to-speech synthesis. These technologies, thoughstill short ofthe ideal,



Panel 1. Terms and Acronyms In this Paper

especially thoseapplications that demand largeamounts
ofstorage (e.g., voice mail), many channels (e.g., trans­
action processing), or both (e.g., audiotext). Researchers
have developed techniques forcoding at 24and 16kb/s
that produce quality high enoughfor someapplications.2

Forexample, both rates are available inAT&T's voice
mail systems, AUDIX (audio information exchange) and
AUDIX Voice Power.v" Thoughno national or interna­
tional standards existforcoding at these rates,AT&T
has developed and adopted its own internal standards.6

Voice coding (vocoding) techniques, used to
obtain lower bit rates,are based onthe observation that
human hearingis not equally sensitive to noise anddis­
tortion at allfrequencies. Thus, someinformation in
human speechcanbe removed without losing perceived
quality. Vocoding techniques are considerably more
complex andcomputationally intensive thanwaveform
coding. Nevertheless, they have been implemented on
single digital signal processors (nsrs), andprovide real­
timecoding. Subband coding (SBC) techniques use a
filter bankto separate the speechsignal intosubbands

arebeingused in many diverse applications, someof
which are described below.

Stored Voice Technology
Stored voice responsesystemsrelyon coding,

storing, and reconstructing speech. In coding, the analog
voice signal is sampled and digitized, typically at 64kb/s
(kilobitsper second). Latercomputations maybe used to
compress the digital signal. The digitized speechcanbe
stored untilneeded, then reconstructed through decom­
pression and digital-to-analog conversion.

The basicchallenge for storedvoice systemsis
to lower the speechcoding rate (i.e., the numberof
kb/s), while keeping the quality ofthe synthesized
speech high.Another challenge is to design and build
practical, cost-effective systemsthat meet the real-time
demands ofmany simultaneous users. Central to both
efforts is the needforhigh voice quality. In commercial
voice response systems, this meansthe storedspeech
sounds intelligible, natural, and almost noise-free. In
some applications, the listenermustbe ableto recognize
the speaker.

The 64-kb/spulsecodemodulation (PCM) and
32-kb/s adaptive differential PCM (ADPCM) standards­
bothwidely used indigital telecommunications, are the
currentInternational Telegraph andTelephone Consulta­
tive Committee (cern) standardsfor high-bit-rate, high­
quality codedspeech. 1-3 These are waveform coding
techniques, which aimto captureand reproduce the ori­
ginal speechwaveform as faithfully as possible to pre­
serve the intelligibility, naturalness, and recognizability
ofthe original speech, and provide goodnoise control. At
lower rates,quality is inadequate forgeneraltelecom­
munications use. However, high bit rates translate into
demands formemory stores too large-and bandwidth
toohigh-for many applications.

The 32-kb/sADPCM rate is the upperlimit ofbit
rates forpractical storedvoice, and provides a good
tradeoff between quality and systemresources. However,
many applications cannotafford evena 32-kb/srate,

APCM
ADPCM
ASCII

AUDIX
ccrrr

CELP
DSP
LPe
MPLPC
PCM
SAM
SBC
TDD
TIS

adaptive PCM
adaptive differential PCM
American Standard Code for Information

Interchange
Audio Information Exchange (AT&1)
International Telegraph andTelephone

Consultative Committee
code-excited linearprediction
digital signal processor
linearpredictive coding
multipulse LPC
pulsecodemodulation
speech-activated manipulator
subband coding
telecommunications device forthe deaf
text-to-speech
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that are coded separately usingadaptive PCM (APCM).
The bandsleast sensitive to quantizing distortions have
fewer bits.

Linear predictive coding (LPC) techniques use a
model ofthe humanvocal tract as a linearfilter excited
by pitchpulses (which occurperiodically to act likevocal
cordvibrations) or white noise (i.e., noise with allfre­
quencies represented equally and randomly intermixed).
Arecent advance-multipulse LPC (MPLPC)-substitutes
a sequenceofpulseswhose amplitudes and locations are
computed to minimize the perceptual difference between
the original and codedspeechsignals. Another recent
advance is code-excited linearprediction (CELP) , where
the excitation pulsesare chosenfrom a "codebook" of
white noisesequences, again to minimize the perceptual
distance between original and result.

Atpresent, 16kb/s is the lowest coding rate
widely used forcommercial storedvoice applications.
Improved voice coding techniques, discussed in the
"Coding ofSpeech andWideband Audio" paperin this
issue.? holdgreat promise forproducing quality high
enoughfor commercial applications, evenat rates as low
as 4.8kb/s. Thus far, however, voice quality is insuffi­
ciently high to satisfy service providers, and these coding
methodsare slower and morecomputationally expensive
than those now used forhigher coding rates. Because
these coding rates remain at 16kb/s and above, design­
ers and developers ofstoredvoice systemsface signifi­
cantchallenges in designing circuit boardsandnetworks
that can reliably handlesimultaneous accessfrom many
channels to huge volumes ofstoredspeech. This involves
designing elementsat everylevel with the highestband­
width that is economically feasible, devising schemesfor
intelligently blocking storedspeechfiles, caching speech
fragments that may be used again, and sharingresources
among channels. Other papersin this issue-Fischell
et al., Verma et al., and Berkley and Flanagan-discuss
somecommercially feasible applications, their system
requirements, and architecture choices madein design­
ingand developing them.
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Administrative andoperational concerns-and
technical issues involved in reducing coding rates-also
affect the practicality ofstoredvoice systems. For exam­
ple, in applications that dealwith variable numeric
amounts-e.g., account, catalog or order numbers; dates
and times; account balances; or other dollar amounts-it
is clearly impossible to recordallpossible messages in
advance. In such cases,messages may be constructed as
neededbyconcatenating smaller words and phrases.
Forexample, to reporta checking account balance of
$137.61, the following sequence could be concatenated
from recorded segments: "checking" "account balance
is""one" "hundred" "thirty" "seven" "dollars" "and"
"sixty" "one" "cents." This strategy is furthercompli­
catedbyhaving to keep several versions ofsome
phrases, particularly numbers, to achieve a natural
sounding message.

In the account balance example, the two
instances of"one" should have different inflections: the
first rising, the secondfalling. Without this inflectional
difference, the message would notsoundnatural and
would be difficult to comprehend. Notonly mustmore
phrasesbe recorded and storedto achieve natural
sound, but messagesalso mustbe parsedto determine
the variant that should be selected fora given context.

In addition, voluminous or frequently changing
information often is difficult to manage with storedvoice.
The costsofeliciting high-quality and error-free record­
ingscanbe prohibitive, andthe storage andretrieval
dynamics are highly complex. Finding the "rightvoice"
for an application requiresworkto ensure that the voice
conveys the desiredovertones, such as confidence, relia­
bility, and trust. Some codedvoices soundbetter than
others, and it can take mucheffort to get a good "take"
for a particular phrase. And with storedvoice, the way a
phrase is recorded determines howit will soundon play­
back. There is little dynamic control overfactors likethe
lengthofpausesand speaking rate.All these factors limit
the flexibility andchoices available with storedvoice
response systems. Atone level, they are natural con-



straints to be engineered. But at another level, the hope
ofremoving these limitsprovides added energy to the
drive to improve text-to-speech synthesis.

Text·to-Speech Synthesis
Text-to-speech systems take arbitrarytext as

input (togetherwithoptional user-specified commands
tovarysystemparameters such as phrasing,rate, and
prominences) and produce real-time syntheticspeech.
The basic steps in the conversion oftext to speech are
discussed below. They include:
- Text normalization, where input text is filtered to iden­

tify phrase and sentence boundaries, expandconven­
tional abbreviations, and translate nonalphabetic char­
acters (e.g., $5 to "five dollars")

- Syntactic analysis, where each word is labeledfor part­
of-speech (i.e., noun,verb, preposition, etc.)

- Letter-to-phoneme conversion and lexical stress assign­
ment, where the input string is mapped to a suitable
string ofphonemes (minimal sound units ofa lan­
guage) withappropriate stress markings

- Prosodic assignment, where timingand pitchfor the
utterance are determinedand associated withthe
phoneme string

- Synthesis, where the analyzed input text is realized
in speech.

Text Nonnalization. Manyabbreviations, acro­
nyms, nonalphabetic characters, punctuation, and digit
stringsare encountered in text. Periods in the text may
showeither an abbreviation or end ofa sentence, and so
mustbe made unambiguous.

Manycommonabbreviations potentially have
multiple meanings. For example, St. is an abbreviation
forboth Saint and Street. Common punctuation charac­
ters and numbers maybe expandeddifferently, depend­
ingon context: 1/2, for example, maybe expandedas
one-halfin some contexts,and asJanuary second in oth­
ers. All departures fromfull-word equivalents are prob­
lematic for text-to-speech systems. In addition, ASCII
(American StandardCodefor Information Interchange)

text frequently containsembeddedescapesequences
and other nonalphabetic characters that are not intended
to be part of the textualmessage.

Existing text-to-speech systems havedealtwith
the problemsoftext normalization in severalways. Some
systems simply spellout allwords that have nonalpha­
betic characters. Other systems relyon the host com­
puter to preprocess the material used in its application,
so text normalization decisions are handledoutsidethe
text-to-speech process.Still other systems provide spe­
cialized normalization modes for different typesofuser
specified text.With this last approach, taken by the
AT&T text-to-speech (TIS) system,the user mayspecify
the typeoftext (e.g., address, date), and the TIS system
will adjust its normalization procedures accordingly.

Word Pronunciation. Correctpronunciation of
wordsis critical to a text-to-speech system's intelligibility
and acceptability. To pronounce a wordcorrectly, the
systemmust mapa string ofletters fromtext to a string
ofphonemes, symbolsthat represent the smallestcon­
trastive units ofsound in a language. The English lan­
guage presents particularproblemsin this respect
because pronunciation has evolved considerably over
time,while spelling has been more stable,and because
there are manyborrowings fromother languages, such
as French, Latin, and Greek.Asa result, the way words
are spelledin Englishis frequently related in a less-than­
straightforward wayto pronunciation. These difficulties
are exacerbatedfor the pronunciation ofAmerican sur­
names,whichrepresent an evenwidervariety of
languagesoforigin.

ManyEnglishwordsexhibitregular patterns of
pronunciation and stress assignment. However, diction­
aries are needed for words that do not. But it is impossi­
ble to list allthe words that can occur in English text,
particularly when proper nouns are considered. So,most
text-to-speech systems use both a dictionary and letter­
to-sound rules to mapfrom spellings to pronunciations.
There havebeen severalattemptsto increasecoverage
withminimal dictionary entries.
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Morphemic decomposition strategiesinvolve
breakingdown wordsintosmaller meaning units, such
as decomposing unhelpful intoa stem,help, prefix un,
and suffixful. Suchdecomposition permits words to be
storedas stems,and allows unfamiliar wordsto be pro­
nounced in terms ofalready known components. Pronun­
ciation by analogy can also increase the coverage ofa
limited numberofdictionary entries.In this approach,
the pronunciation ofa novel wordis predicted byone or
moresimilar wordswhose pronunciations are known.
Cokerand Church7 describehowmorphological and
rhyming analogy approaches to dictionary-based word
pronunciation in the AT&T TIS systemhaveblurredthe
distinction between traditionalletter-to-sound rules and
dictionary-based methods. The rhymeanalogy method,
forexample, uses dictionary look-up to determine the
pronunciation ofthe rhyming portion ofthe word and
letter-to-sound rules to pronounce the novel beginning
ofthe word.

This hybrid approach to wordpronunciation pro­
videsgreater coverage than traditional methods, and is
far more reliable than traditionalletter-to-sound rules. For
example, pronouncing surnamesis a difficult but impor­
tant task foranytext-to-speech system. While a vocabulary
ofunder 150 wordswill coverabouthalfthe ordinary
words in text,a vocabulary ofmorethan 23,000 entriesis
neededto coverthe samepercentage ofsurnames. For
this task, the hybrid approach used by the AT&T TIS
systemprovides acceptable pronunciations forover98%
ofAmerican surnames.

Syntactic Analysis. Syntactic analysis provides
information necessary forword pronunciation andhigher­
level prosody, i.e., the intonational phrasing andvariation
in prominence that humanspeakerscanuse, for exam­
ple, to makea declarative sentencesoundlikea question,
or to makeonewordin a sentencesoundmoreimportant
than another. Many wordsin English are pronounced dif­
ferently depending on their part ofspeech. For example,
words likeobject and desert are stressed differently
depending on whether theyfunction as nounsor verbs.
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However, determining a word's partofspeechina given
sentence canbe difficult to do automatically, particularly
whenseveral words in the sentence may have different
part-of-speech assignments, as in Time flies.

Part-of-speech information is also used in most
text-to-speech systemsto makephrasing andaccentdeci­
sions. In the AT&T TIS system, likemostothers,words
are divided intofunction words (e.g., prepositions andarti­
cles) and content words (e.g., nounsandverbs) to deter­
minepitchaccentand local phraseboundaries. Ingeneral,
contentwords are accented, or madeintonationally prom­
inent, while function wordsare deaccented. In a sentence
like the CATliKES toEATMICE, forexample, the con­
tent words (upper case) will be synthesized with greater
prominence than the function words (lower case).The dis­
tinction between function andcontentwords is also gen­
erally used to determine local intonational phrasing, thus
grouping wordsin a sentenceintoprosodic unitsto
makethe phrases soundmorenatural.

Structural information aboutlargerunitsofthe
text canalsobe used to improve synthesis. Forexample,
identifying nominal compounds in a text (e.g., city hall
parking lot) permits acceptable pronunciation ofthese
phrases.f While fuller syntactic information has been
used in experimental interfaces to text-to-speech sys­
terns," and in message-to-speech systems that produce
synthetic speechfrom an abstractrepresentation10.11 to
produce morenatural-sounding phrasing, a broadcover­
age parser operating in real timehas yet to be incorpo­
rated intoanyfunctioning text-to-speech system.

Prosodic Assignments. Determining appropriate
prosody fora synthetic utterance involves, at the least,
assigning appropriate timing for the words to be syn­
thesized, and aligning themwith an appropriate intona­
tional contour. So, for example, words at the end of
phrases should be longerthan those at the beginning.
And sentences analyzed as questions should sound like
questions. The duration ofthe phonemes that make up
eachword is assigned by rule, taking intoaccount factors
such as the identity andcontext ofthe phoneme to be



synthesized; the stress patternofthe word to be spoken;
and the location ofthe phoneme within the word, phrase,
and sentence. The improvement ofduration rules is an
active area ofresearch in text-to-speech systems12-16
thatdependsheavily on collecting andanalyzing large
speech databases.

Currenttext-to-speech systemsgenerally use
only the simple syntactic analysis oftext described
above, in addition to punctuation that is presentin the
input text, to guideprosodic assignments such as phras­
ing and pitchprominence. However, higher-level seman­
tic anddiscourse information clearly will alsohave to be
brought to bear,especially as applications that require
synthesizing longertexts (asopposed to single words or
sentences) become important. Forexample, in human
speech, previously mentioned wordsand phrases in text
tend to be deemphasized, but itemsnewto the discourse
aremoreprominent. And itemscontrasted with other
items (e.g., GEORGE likes BUITER, butBILLlikes MAR­
GARINE) are often utteredwith special emphasis. The
topic structureofa discourse alsoinfluences howphrases
arerelated to each other intonationally. Speakers often
raise theirvoices to suggest they are beginning a new
topic, and lower them to suggestthey are endingone.
The difficulty in inferring such information from unres­
tricted text has generally limited its use to experimental
systems" or message-to-speech systems" wherewhat
will be conveyed is "known" to the systemin advance.
However, currentworkin text analysis, combined with
examining natural speechdatabases, is providing some
ofthe discourse-level information used to constructrules
tovary features such as intonational phrasing and
prominence.19

Synthesis. Synthesis is sometimes called
phoneme-to-speech conversion. Atleast two different tech­
niques are used in the synthesis processin different
approaches to text-to-speech systems:
- Acoustic domain rule-based synthesis describesthe

method ofusingrules to generateeach phoneme, usu­
ally by specifying acoustic parameters that character-

izea digital filter. The rulesalso describe howthe
parameters should changewhenthe acoustic signal
changesfrom one phoneme to the next. Bystringing
these parameters togetherandusingthemto control a
digital filter, speechis produced. Several synthesizers
currently in production use this synthesis method.

- Diphone synthesis, anothermethod to convert phonemes
intospeech, doesnotuse rules to specify vocal-tract
parameters. Adiphone--i.e., a stored transition between
two phonemes-is constructed bycutting an appropriate
small pieceofnatural speechfrom a longerutterance.
Storage ofdiphones is donein terms oftheirvocal­
tract parameters, derived by mathematical analysis of
the natural utterance. About 1,000 diphones are
enoughto produce arbitrary English speech. For syn­
thesis, the appropriate diphones are retrieved from a
tableandconcatenated, andphoneme durations are
adjusted by stretchingor compressing the diphones to
the desiredlength. Aswith the acoustic domain rule­
based synthesis, this method produces parameters
that are fedto a digital filter to generatespeech.

AT&T's current advances indiphone synthesis
include improving the analysis techniques that provide
vocal-tract parameters, leading to moreaccurate repre­
sentations ofthese parameters.P Experiments with new
glottal sourcesalsoshowpromise ofimproving voice
quality andnaturalness, as well as making it possible to
changevoice timbreeasily whendesired.

Another advance in diphone synthesis is the
development ofmoresophisticated schemesfordiphone
concatenation. Programs have recently been developed
to concatenate longerunitsofstoredspeechso some
unitsmaycontain three or morephonemes.P Thiswork
allows concatenative synthesis of stored units to
approach moreclosely the naturalness ofstoredspeech,
while maintaining the flexibility to pronounce arbitrary
text and impose different prosody on the speech. For
example, an often-used carrierphrase,suchas Your
account balance is .... could be cut from speechand
storedas oneunit in the tableofsounds. The dollar
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amount that follows could be synthesized from shorter
soundunits. This approaches the methodused in stored
voice response, wherethe samephrase is stored in one
piece. The advantage ofa TIS systemin this example lies
in its ability to synthesize the monetary amount with
better prosody and less choppiness than storedvoice
techniques candeliver.

Voice Response and Stored Voice
Mostcurrentvoice response applications use

stored speech-not text-to-speech synthesis-because
the former givesbetter control overintelligibility and
voice quality. Intelligibility-including the naturalness of
the voice response-is important to service providers
becausemany oftheir callers use the service infrequently;
they cannotbe expected to learnthe nuances ofan arti­
ficial voice. Voice quality often assumesgreat importance
in transactions; mostservice providers wanta voice that
will be perceived as pleasant, warm, friendly, and
trustworthy.

Moststored speechapplications involve simple
announcements played out to callers; no speechfrom
callersis recorded forfutureuse, thoughspeechinput
maybe recognized to guidethe transaction.P Perhaps
the simplest such application is call routing (i.e., auto­
matedattendant), where storedannouncements prompt
the callerto select (byTouch-Tone or voice response)
one ofseveral destinations, or to enter a particular exten­
sion. Amorecomplex transaction is order tracking,
whereannouncements prompt the callerto enter an
identification or security code, and then an order num­
ber, to get information aboutthe status ofan order.More
complex stillis order entry, which prompts the callerto
enter identification, itemsdesired, method ofpayment,
and delivery address.

Onecomplex transaction that has generated
considerable interestis college registration bytele­
phone. Another is banking byphone, wherecallers
identify bills and merchants to be paid, payment
amounts, and dates. These applications are widely used
today becausethey use the strengths ofstoredvoice
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technology: a modestnumberofannouncements canbe
called on as needed to guidecallers througha limited
andwell-structured transaction.

Voice store-and-forward applications notonly use
prerecorded announcements, but also capture speech
from the callerforlater use.The best known ofthese is
voice mail, wherethe callercanrecorda message to be
delivered to one or more ''voice mailboxes." Such mes­
sages usually are targetedfor specific persons or groups,
muchlikepapermail. However, broadcast messages are
also possible, such as whena systemadministrator sends
a message to allmailboxes.

Another typeofvoice store-and-forward appli­
cation now gaining in popularity isvoice capture andtran­
scription. Instead ofleaving messages forparticular
receivers, callers leave messages foranyagentwho is
capable ofresponding. Atypical example ofthis applica­
tionis automated order entry, which is used to handle
agentoverload duringpeakcalltimesor permitunat­
tendedorder entry. In such applications, voice quality can
generally be lower, becausethe listeners are trained
agentswho can replay messages as required.

The realm ofapplications forstoredspeechis
growing, spurredby practical needsto streamline busi­
ness operations. Nevertheless, there are applications that
are feasible only with text-to-speech technology. These
applications would involve having a speakerrecord huge
volumes ofmaterial, or material that changesrapidly, at
considerable expense and inconvenience forthe provider
ofthe service.

Applications of Text-to-Speech Systems
Currentapplications oftext-to-speech technology

include "talking" terminals andtraining devices, proof­
readers,warning andalarm systems, talking aidsforthe
vocally handicapped, and reading aidsforthe blind.
Audiotex services allow customers to use telephones as
terminals to retrieve information from public or private
databases. The information may include namesand
addressesfrom a telephone directory, financial accounts,
stockquotations, weather reports, reservations, sales



is translatedinto syntheticspeech for transmission to the
hearingrecipientof the call. Use of text-to-speech syn­
thesis results in greater privacy for the TDD user and
savings in human operator effort. The text translation

ordersand inventory information, or locations ofcom­
mercial dealers.While some of this information could
be provided using stored human speech, text-to-speech
systems are appropriate when servicesaccess a large or
frequently changingdatabase that would require record­
inglarge amounts ofnewmaterial. Text-to-speech tech­
nology reduces storage needs from 32 kb/s for stored
speechto a fewhundred bits for an equivalent text sen­
tence. Maintaining the database is also simplified,
because onlythe text data has to be updated.

Several telephone-based servicesusingAT&T
TIS technology have been offered on a trialbasis in
recentyears, and results from these trialshave been
positive. The trials have involved sales orders and inven­
tory information, the synthesis ofnames and addresses
takenfroma database,voice prompts,and even the syn­
thesisofuser-entered unrestricted text, as in the dual­
party relaytrial for hearing- or vocally-impaired custo­
mers. In a normaldual-party relayservice, a customer
usesa telecommunications device for the deaf (TDD) to
type messages that are read by a human communications
assistantto the hearing recipientofthe call. Acommuni­
cations assistant is typically assigned for the durationof
eachdual-party relaycallto read the TDD text and to type
the recipient's spoken response and transmit it back to
the TDD customer,allowing two-way communication.
Applying text-to-speech synthesis to this servicein a trial
beingconductedduring the fall of 1990, typedinputfrom
a customerusing a TDD, such as:

Input

HD YESHD SORRY
I HAVE BUSY
I LLCALL U BACK lATER
OKWITHU
QGA

Meaning

Hold. Yes. Hold. Sorry.
I'm busy.
I'll callyouback later.
Okaywithyou?
Goahead.

involves some interpretation ofthe message,as well as
breakingup generallyunpunctuated sentences into
manageable speech units.Suchapplications illustrate the
increasingimportance oftext analysis techniquesin
speech synthesis,to improve the naturalnessand intelli­
gibility ofsyntheticspeech.

There are severalresearch applications inAT&T
involving text-to-speech synthesis. These include an
Associated Press (AP) NewsReader, a telephonenews
servicedesignedfor the handicapped, andweatherand
mailreaders.Text-to-speech synthesis is alsoused as a
frontend for a robot, the speech-activated manipulator
(SAM),23 to provide promptsfor a speakerverification
system, and for applications in the HuMaNet project (see
Berkleyand Flanagan'spaper in this issue).Through
TelSpeak, a telephoneinterface, text-to-speech programs
and other speech software can be used in general tele­
phone applications. Anumber ofspeech-to-speech sys­
tems currentlybeing researched, including the AT&T
Airline Reservations System,24 use text-to-speech. The
most ambitious speech-to-speech projectto date is the
VEST project, a jointprojectbetweenBellLaboratories
andTelefonica, Spain's telephonecompany. VEST is a
Spanish-English translation projectthat takes spoken
input in one language and producessynthesized
responses in the other.This projecthas involved build­
ing a Spanish-language versionofthe synthesizer.

Conclusion
In this article, we havebriefly surveyed the

current speech technology available for voice response
systems.Storedvoice, based on well-developed
waveform codingandvoice codingtechniques, is practi­
caland effective for manyapplications. To extend the
range ofthese applications will require improvements
that keep voice quality high while reducingboth coding
rates and computation to more economical levels. Even
withsuch progress, however, manyapplications will be
beyondthe capabilities ofstored voice, and will require
the greater versatility oftext-to-speech synthesis.
Improvements in text analysis, syntactic processing,

AT&T TECHNICAL JOURNAL. SEPTEMBER/OCTOBER 1990

49



50

prosodicassignment, synthesis methods, and voice qual­
ityshould also extend the range ofapplications for text­
to-speech technology. Such advances will bring the ideal
voice response system closer to reality.

In the past, the overriding issue involving both
stored voice and text-to-speech systems has been the
question ofwhichwas more appropriate for a particular
application, givenlimitations ofstorage, speed, quality,
and task domain. Today,as speech synthesizeroutput
comes closer to natural speech, these technologies are
comingcloser together as well. So,not onlydo applica­
tions that integrate syntheticand stored speech become
ever more feasible and attractive, but shared problems
mayalsohavecommonsolutions.
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