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Speech is the prototypical, usually preferred, communi­
cation mode for humans. Recent progress in digitally
processing and transporting human speech, in synthesiz­
ingspeech from text, and inautomatic recognition of
human speech, promises improvements inbothhuman­
to-human and human-to-machine communication. We
examine the roles ofthe human factors specialist,
applied psychologist, and linguist, in developing and
deploying these new technologies, and inconstructing
human-to-machine interfaces particularly suitable for
speech input/output.
Introduction

Communication-the exchange ofideas-is the foundation for
allsocial transactions. It is mostcommonly and efficiently conducted
usinga natural language, such as English, as a signaling system. The
language is primarily a spoken communications medium. Thus, a
speaker, listener, and transmission medium-such as air-are
requiredto complete the transaction.

The telephone network provides yet anothermedium for spo­
ken communication. While it alterscommunication by spatially-and
sometimes temporally-separating partners,it nevertheless maintains
manyofthe conventions offace-to-face conversation. Revolutionary
advances in computer and speechtechnology, however, havemade
possible a newgeneration oftelecommunication services. New signal
processing techniques allow conversations to be transmitted more
efficiently andsecurely. Moreradical advances allow computers to
automate one sideofa telephone conversation. The result is that text­
to-speech synthesis canproduce human-like speech,and automatic
speechrecognition will recognize humanspeech.

The continuing goalofthese telecommunications services will
be to enable people to use their familiar signaling system-eonversa­
tional speech-for efficient and cost-effective communication. The
challenge for speechtechnologists and behavioral scientists is to
develop computer systemsthat approximate the humanability to speak
andperceive language. Currently, no theoryofspeechperception or
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Human-to-Human Communication: Speech Transmission
Human-to-human communication is the core

business ofthe telecommunication industry, and the glo­
bal telephonevoice network is the most ambitious, eco­
nomically importantapplication ofspeech technology.
The overall usefulnessofa telecommunication network
for an end user depends on everything fromhowlong it
takes to installa newtelephone, to the likelihood that a
callcannotbe completed because ofnetworkcongestion.
The fidelity ofthe speech carriedby the network is
importantto users. Asthe networkevolves by incorpo­
rating more reliable and cost-efficient technology, speech
quality must be maintained at acceptable levels.

Network Voice Quality Evaluations. How does one
decide if an improvement in speech quality is worth the
extra cost, or whether a cost savings is wortha loss in

Although computerized systems haveyet to matchthese
remarkable human abilities, they are developed enough
to begin to be deployed in telecommunication products
and services. When speech processingtechnologies fail
to provide as transparent an interface as the existingtele­
phone system,behavioral scientistsalsoare active in
designingstructured transactions to help humansadapt
to the limitations ofthe technologies.

This paperwill discuss someworkofbehavioral
scientistsin three categoriesofvoice communication
systems: human-to-human, computer-to-human, and
human-to-computer. The servicesdiscussedillustrate:
1. Howvoice quality is measured to ensure the contin­

ued high performance ofthe voice network as trans­
mission technology advances

2. Howlinguistic and psychological research are incor­
poratedinto the development oftext-to-speech syn­
thesis

3. How people'sbehaviormust be shaped to interact
successfully withautomatic speech recognition
devices.

This articlediscussesbehavioral science'scontributions
to developing both basicvoice-user interface technolo­
gies and products that rely on them.

Intonation
Contour

kHz
sustention

errors

DAM
DRT
DSI
IEEE

Panel1. Terms and Acronyms In This Paper

ADPCM adaptive differential pulsecode modu-
lationcoder

American StandardCodefor Informa­
tionExchange,a binarycodefor
data that is widely used incommuni­
cations.

automatic speech recognition
International Telegraph andTele­

phone Consultative Committee
4.8kb/s code-excited linearprediction

coder
Diagnostic Acceptability Measurement
Diagnostic Rhyme Test
Digital speech interpolation
InstituteofElectrical and Electronics

Engineers
underlying pitchpattern offundamen­

talfrequency (FO) that occurs over
time inspeech phrases

kilohertz
errors referring to the distinction

betweeninterruptedand uninter­
rupted airflow, the twomodesof
consonantproduction

text-to-speech
wideband packet technology

production exists to accountfully for the complexity of
human language. The syntax, phonology, and semantics
ofhuman languagesallow speakers to construct any
number ofentirelynovel, unexpected, and potentially
ambiguous statements. Furthermore, listeners can per­
ceive-and evencomprehend-these utterances practi­
cally instantaneously, oftenunder imperfect conditions
(e.g., whispering, during cocktail parties,or whilestand­
ing on busy street corners).

Behavioral scientistshavecontributedtheoreti­
calconstructs and empirical findings to develop the key
technologies needed to speak and comprehendspeech.
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quality? Suchdecisions dependon having a quantitative
index ofspeechquality. Atpresent,human judgmentis
the onlyfeasible method to assess speech quality,
becausedefined or measuredacoustic distortions do not
necessarily correspond to user perceptions.

Consider, for example, measuring a straightfor­
ward attribute ofquality: the "loudness" ofa circuit. Loud­
ness meansthe perceived intensity ofsound. Circuit loss
(orgain) must be controlled so speech loudnessis at an
acceptable level. For pure tones, loudnessis determined
bythe frequency and soundpressure level ofthe tone.
However, for more complicated signals (e.g., anyimpulse
noise suchas typing or hammering, or anyspectrally com­
plicated signal such as speech),there is no satisfactory
way to predictthe loudnessofa sound sourcefrom its
physical attributes. Since other perceptually salient
characteristics ofthe speech signal are evenharder to
predictfrom acoustic measures, humanjudgmentpro­
vides the onlyreliable assessmentofspeech quality.

The most straightforward approach to measur­
ingspeech quality is to askfor overall quality ratings on
a numeric or verbally labeled scale. In a typical experi­
mentusinga numerical system, participants listento one
or two sentencesovera real or simulated circuitand rate
them on a 5-point scale. In an hour, each judgecan rate
several hundred samples, typically making a few dozen
ratings per circuit. The "meanopinion score"-Le., the
average ratingassigneda circuitbyjudges-is commonly
used to summarize overall ratings. This procedure canbe
used withanyset ofspeech samples, without concernfor
the particular impairments introduced. The judgesneed
no training and onlybriefinstructions. Various versions
ofthis procedureare used throughoutthe telecommuni­
cations industry, and havebeen incorporated intoIEEE
and CCITI practices for measuring speechquality.
(IEEE is the Institute ofElectrical and Electronics Engi­
neers, and CCITI is the International Telegraph and
Telephone Consultative Committee.)

Analternative procedureis to itemize the possi­
ble typesofperceptual impairments, then havepartici­
pantsjudge the severity ofthose impairments in speech

samples. Aglobal quality measurecanbe devised by
weighting the magnitude and importance ofthe various
impairments. Voiers' Diagnostic Acceptability Measure
(DAM) 1 is the best known ofthese procedures. Partici­
pantslistento samples ofsimple sentencesand rate each
sample on several attributes. The ratingsinclude judg­
mentsofboth the characteristics ofthe speechsignal
(e.g.,f/uttering, thin, nasal, or mujJletl) and the back­
ground (e.g., hissing, buzzing, or rumbling). The DAM
provides scoreswithdiagnostic value, notonly measur­
ingthe fidelity ofspeechreproduction, but alsoidentify­
ingwhatneeds improvement. However, the costofdevel­
opingsuch scalesmaybe high.To produce a quality met­
ric, they requireboth an inventory ofimpairments and a
nonlinear rule forcombining ratingsofimpairments.
Also, it is often necessary to use trainedjudges.

To assess a technology's acceptability for net­
work use, measures of speech quality should predict
user satisfaction with comparable service during day-to­
dayuse ofthe telephone network. Field studies, because
they are madein the physical and social contextinwhich
we are most interestedin predicting behavior, provide the
mostecologically valid observations. In somefield studies,
customersuse experimental circuits to makeroutine tele­
phonecalls, without notification that the circuitis atypical.
Theyare then askedto judgethe circuit's quality.

For example, the network planning organization
regularly evaluates equipment, designed eitherbyAT&T
or outside vendors, to gauge its suitability for use in the
network. In a typical experiment, two centraloffices
(e.g., in Cleveland and Phoenix) are selected, and exper­
imental circuits are installed. There mightbe onebase­
linecondition whereAT&T standard equipment is used,
and two or more experimental conditions that use the
realor simulated circuits to be evaluated. Customers
makeroutine calls, someofwhich are routedovereither
the baseline or the experimental circuits. After the call is
completed, either the called or the calling partyis inter­
viewed, usinga standardquestionnaire such as that
described by DiBiaso.2 The respondent is asked if there
wereanyproblems with the call, and aboutseveral

AT&T TECHNICAL JOURNAL • SEPTEMBER/OCTOBER 1989

19



the leastexpensive, but cannot be used to evaluate
impairments such as delay or talkerecho. Conversational
experiments mimic a morenatural telephone interaction,
because pairsofjudgesconverse overexperimental cir­
cuitsfor several minutes before ratingspeechquality. In
both typesofexperiments, judgeseither canmakeover­
allquality ratings, or canevaluate specific impairments.

D. O.Bowker and C. A. Dvorak ofAT&T Bell
Laboratories haverecently completed an extensive series
ofboth conversational and listening tests" that evaluated
the quality ofspeechgenerated usingwideband packet
technology (WPl). Oneadvantage ofWPT is that band­
width canbe compressed whena customer application
requiresit. In particular, embedded digital speechcoders
canbe used to decrease bit rate from the standard 64
kilobits per second (kb/s) to 32or even 16kb/s during
periods ofpacketbuffer overflow. It also is possible to
tum off the packetstreamwhenno speechis beingpro­
duced (usually referred to as digital speechinterpolation,
or DSI). Bowker andDvorak used conversational tests
andglobal quality ratings to showthat DSI had no detect­
ableeffects on perceived speechquality. Yettheir experi­
mentwassensitive enoughto show a difference between
electretandcarbon microphones (seeFigure 1).They
furtherdemonstrated the significant but small effects of
decreasing effective bit rate from 4.0 bitsper sample to
3.7 bitsper sample usingan embedded adaptive differen­
tialpulse codemodulation (ADPCM) coder.

Anattractive application ofWPTis digital circuit
multiplication. In normal use, aT1 digital facility operat­
ingat 1.544 megabits per second (Mb/s) cancarry24
simultaneous voice channels. Listening tests wereused
to evaluate the effect onvoice quality ofusingWPT to
extendthe capacity ofthe T1facility to up to 160 conver­
sations. Loads ofup to 80channels could be carried with
quality equivalent to that provided by32kb/ sADPCM,
which is just slightly inferior to 64kb/s PCM (seeFig­
ure 2).There weredecreases in voice quality with higher
loads that mightbe acceptable depending onthe user's
application.
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Figure 1. Effects of DSI on perceived speech quality as a
function of microphone.

possible difficulties such as lowvolume, crosstalk, noise,
echo, or delay. The respondent then rates the overall
quality ofthe connection on a four-point scale (excellent,
good, fair, or poor). Bothglobal quality ratings and
detailed descriptions ofimpairments are obtained with­
outusingtrainedjudges. However, interviews cantake
10minutes or more.

Datafrom suchfield studiesare mostuseful in
predicting user reactions to speechtechnology embed­
ded in a realservice. However, such studiesare expen­
sive andtime-consuming. Collecting sufficient dataon
even a few circuits canrequiremonths. Early in a pro­
duct's life, developers and researchersfrequently need
measuresofhowwell several variants ofthe productor
prototype are performing. Because field studiesare usu­
ally impractical, somevariety oflaboratory experiment
mustbe substituted.

Laboratory experiments use either listening or
conversational tests. In listening experiments, partici­
pantsjudgethe quality ofselected speechsamples heard
overreal or simulated circuits. These experiments are
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intelligibility studiesassume that,forlargerunitsof
speech-words, phrases, or sentences-to be understood,
the basicspeechunitsmustnecessarily be recognized.

Apopular method ofmeasuring segmental intel­
ligibility is the Diagnostic Rhyme Test (DRI), described
byVoiers. Participants listen to monosyllabic words, and
then selectthe word theyheardfrom two alternatives
that differ only by minimal distinctions in their initial con­
sonants. Forexample, the initial consonant ofone alter­
native may be voiced, as the Ibl in bond; the otheralter­
native is unvoiced, as the IPI in pond. The pattern of
errors madebylisteners in the DRT shows howwell the
speechtransmission systemunder studypreserves the
sixtypes ofdistinctions tested. Thoughthis information
is restricted to a small subsetofallpossible intelligibility
confusions, it canbe used effectively bydevelopers to
adjustthe hardware andthe coding algorithm to improve
performance.

Testing During Product Development. The AT&T
Security-Plus phone is the company's response to a

Figure 2. Effect of number of channels on perceived speech
quality carried at OSI rate.

Low-Bit-Rate Coded Speech Evaluations. While
telephone-quality speech-a bandpass ofroughly 300 to
3,000 hertz (Hz) and a signal-to-noise ratio ofat least25
decibels (dB)-is comfortable for mostuses,both higher
andlower quality channels are used regularly. End-to­
end digital transmission ofspeechwill makeit possible
to use high-bit-rate coders (56 or 64kb/s) that will repro­
ducespeechaboutas well as commercial AM radio sta­
tionsusinga bandpass of15Hzto 7.5 kilohertz (kHz).
Coding speechat muchlower bit rates (1.2 kb/s to 9.6
kb/s) is desirable whencommunications channels are of
limited bandwidth, or whenquantities ofdigitized speech
mustbe stored.

Whenspeechis coded at low-bit rates,assess­
mentdifficulties occurthat are not present in toll-quality
speech:
- First, if telephone speechis processed bylow-bit-rate

coders, the normal intelligibility ofthat speechcannot
be assumed. For mostapplications oflow-bit-rate
speech, then, intelligibility is the most important cri­
terion.

- Second, evenif a coderproduces understandable
speech, other information affecting communication
maybe missing from the speechsignal. For example,
it maybe difficult to identify evena familiar speaker.
Judgments aboutthe speaker'sphysical andemotional
state may be unreliable.

- Finally, listening to low-bit-rate codedspeechmaytake
extraeffort. Having to concentrate on understanding
the less intelligible codedspeechsignal mayfatigue
the listenerand limit his or her ability to payattention
to other tasks-such as following the conversation or
flying an airplane-and is likely to add to fatigue.

Speech Intelligibility. There are two major
laboratory-based assessmenttechniques for measuring
speechintelligibility. Acomprehension task requiresparti­
cipants to listento a recorded passage, then answer con­
tent questions aboutit. In measuresofsegmental intelligi­
bility, listenershear a listofwordsor syllables without
context, and identify the basicspeechsounds. Segmental
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Figure 3. Example of

the use of DRT error
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competitive federal program to develop the nextgenera­
tionofthe secure terminal unit (theSTU-III). This station
set provides secure communication bycoding speechat
2.4 kb/s or 4.8 kb/s, encrypting it, and then transmitting
the encrypted speechviaa modem throughthe existing
analog network to anothersimilarly equipped station set.
The Security-Plus phonewasdesigned to meet rigorous
U.S.government specifications andacceptability meas­
ures, including speechintelligibility andquality.

AT&TTECHNICALJOURNAL. SEPTEMBER/OCTOBER 1989

Government-supervised speechevaluations were con­
ducted byan independent testinglaboratory. The DRI'
wasused to measure speechintelligibility, andthe DAM
to measurespeechquality. AT&T Bell Laboratories
developed voice coding algorithms forimplementation in
the securetelephone. Human factors inputduring the
development processprovided feedback aboutaspects of
the coded speechsignal that neededimprovement, and
often provided information aboutthe direction improve-



mentsshould take.
During productdevelopment, DRTs and DAMs

were regularly conducted by the outside laboratory.
AT&T's humanfactors specialists tookresponsibility for
statistical analyses ofthe results, andfor devising proce­
dures that allowed developers to track their own pro­
gress. Creation ofa DRT error database provided
detailed analyses ofperceptual errors madein intelligibil­
itytests." The analysis involved storing, classifying, sort­
ing, andcounting listeners'perceptual errors, usinga
database containing other fields ofdescriptive phonetic
information. Errors could thus be brokendown in a vari­
etyofways forfurther examination. The major advan­
tagesofdetailed DRT resultswasthat they could be
related moredirectly to the acoustics ofthe signal being
evaluated, and allowed great flexibility in the typesof
analyses that could be performed. The detailed DRT ana­
lysesproved useful in diagnosing specific problems in
coding algorithms andfiltering procedures.

Figure3 illustrates howthe error database was
used to improve a speechcoder. First, filters specifying
searchconditions wereused to sort stimuli intosixbroad
phonetic classestested bythe DRT:
- Weakfricatives (j, v, th,dh)
- Strongfricatives (s, z, sh, zh)
- Stops (b, d, g, P, t, k)
- Nasals (m, n)
- Liquids andglides (w, r, I,Y)
- Affricates (ch, j).
Within these classes, additional searchconditions were
used to identify particularly problematic errors, such as
voicing errors for strongfricatives. Then,further search
conditions wereused to isolate extremeexamples of
problematic error types (i.e., a specific wordspoken bya
specific speaker) to examine the acoustic properties
associated with the perceptual errors.

For example, a phonetic classification ofpercep­
tualerrors led to the observation that a muchhigher pro­
portion ofsustention errors for strongfricatives occurred
forwords codedby a hardware prototype than by its soft-

ware simulation. (Sustention errors referto the distinc­
tionbetween interrupted anduninterrupted airflow, two
modes ofconsonant production.) The error database was
used to locate test words spoken by specific speakers for
which the numberoferrors differed substantially among
the systems beingcompared. These coded test words
werethen analyzed acoustically to determine the acous­
ticcharacteristics ofthe coded signals responsible for
the largeperceptual differences observed.

Figure 4 shows a specific example ofthe acous­
ticcharacteristics ofa test word-shoes-spoken bya
specific male speaker, andprocessed bydifferent sys­
tems. The filtered but uncoded word (seewaveform in
toppanel) wascorrectly identified by 100 percentofthe
listeners. The sameword, filtered andcoded by software
simulation (middle panel), wasidentified correctly by88
percentofthe listeners. Whenfiltered andcoded bya
hardware prototype (bottom panel), the test word shoes
wasneveridentified correctly byanyofthe listeners (i.e.,
opercentcorrect). Instead, they identified it as choose,
the other response alternative available in the forced
choice DRT test format.

Affricates, suchas the firstconsonant in choose,
are produced with interrupted airflow because ofa
momentary but complete closure ofthe vocal tract. Affri­
catesgenerally haveaperiodic energythat is shorter in
duration, andmoreabruptinamplitude onset, thanfrica­
tives. Ourexample is the firstconsonant in"shoes," for
which airflow is uninterrupted during consonant produc­
tion. Behavioral researchin speechperception has
shown these acoustic characteristics are critical forthe
perceptual distinction between fricatives andaffricates.

Awaveform comparison shows that the acoustic
characteristics ofthe coded speech-related to the poor
intelligibility scoresfor the hardware coder-involve
both rise-time and duration distortions. The major cause
ofthese problematic acoustic characteristics was that
low energywasbeingfurther rounded down by the hard­
ware coder. Because ofthese analyses, moreprecision
wasprovided for encoding low energy, andidentification
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Figure 4. Acoustic
analysis of sustention
errors for the word
shoes.
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accuracy improved. Duringthe 13-month development
period overwhich these analyses wereused,overall DlIT
intelligibility scoreswentfrom 88.8 percentcorrectto 92.1
percentcorrect, an increase ofoverfourstandard errors.

The resultofthese efforts wasthatAT&T's pro­
ductwasrecognized by the government for its highvoice
quality and intelligibility, and its new4.8 kb/s Code­
Excited Linear Prediction (CELP) coderwasadopted as
a newgovernment standard. Figure 5 illustrates the
improvements in voice quality from STU-II, the govern­
ment'sprevious secure telephone, to the initial 2.4- and
4.8-kb/s codersused in it's successor, STU-III, and
finally to a 4.8 kb/s algorithm that will soonbe intro­
duced. The effective maximum achievable quality score

AT&T TECHNICAL JOURNAL. SEPTEMBER/OCTOBER 1989

is shown by a dashedhorizontal lineat the topofthe fig­
ure; this scorewas foruncoded speechwith the same
bandpass as the telephone network.

Text-to-Speech Synthesis
Text-to-speech (TTS) technology permits com­

munication from computer to human byallowing the
computer to generatehuman-like speechdirectly from
stored text.Terminal-based uses forTTS include:
- Warning andalarmsystems
- Speech-emulating terminals andtraining devices
- Proofreading
- Talking aidsforthe vocally handicapped
- Reading aidsforthe blind.



Audiotext services allow users to retrieve information
from public or private databases usinga telephone as a
terminal. The information mayinclude:
- Names and addressesfrom a telephone directory
- Financial accounts
- Stock quotations
- Weatherreports
- Reservations
- Sales orders and inventory information
- Locations ofcommercial dealers.
While someofthis information could be provided using
storedhumanspeech, TTS systemsare appropriate
whenservices accessa largeor frequently changing
database. TTS reducesstorageneeds from 64kb/s for
storedspeechto a few hundredbits foran equivalent
text sentence. Maintaining the database is also simpli­
fied, becauseonly the textual datamustbe updated.

Text-to-Speech Technology. ATTS systemconsists
ofseveral subcomponents that perform different func­
tions. These include:
- Text normalization. Identifying sentence boundaries,

and expanding conventional abbreviations. For exam­
ple, St. ~ Saintor Street, andtranslating nonalpha­
beticcharactersintoan appropriate pronounceable
form (e.g., $1234.56~ one thousand, two hundred
thirty-four dollars andfifty-six cents).

- Syntactic analysis. Parsing the text to categorize parts
ofspeech (e.g., noun, verb, adjective).

- Letter-to-phoneme conversion andlexical stress assign­
ment. Mapping orthographic charactersintothe
appropriate phonemes (i.e., stringsofabstractsound
units) andassociated stress markersusinga diction­
aryand letter-to-sound rules. Orthography refers to the
standardspelling ofwords with regularalphabetic
characters. For example, the orthographic stringgh is
translated to the phoneme If! in tough, the phoneme
/e/ inghost, and is silentin though. In an example of
stress assignment, record has primary stress on the
first syllable if it's a noun, but on the second syllable if
it's a verb.

- Determination ofprosody. Assigning the timing and

70
Uncoded filtered speech

65

50

45 L.-_-::L-:-""""':'~:----I....----'----
STU3
4.8(2)

Figure 5. Voice quality (DAM) scores for low-bit-rate coders
used for secure voice terminal.

intonation (thepitchchanges) necessary foran intelli­
gible andnatural-sounding utterance.

- Speech synthesis. Conversion ofa mathematical speech
representation (suchas vocal tract resonance patterns
or linearpredictive coding) intoan audible utterance.

Behavioral Science Research from AT&T Bell Laboratories.

The goalofresearchanddevelopment inTTS is to gen­
erate intelligible andnatural sounding synthetic speech.
Wewill discuss recentlinguistic andpsychological con­
tributions that behavioral scientists atAT&T Bell Labora­
torieshave madeto improve the prosody (i.e., intonation
and timing) ofTTS systems. These contributions have
been developed from the following sources:
- Acoustic analyses ofnatural speech produced by

humans. Hypotheses are then formulated aboutthe
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Figure 6. FO contour
for an utterance of In
November, the region's
weather was unusually
dry. 11 through 17 are
points in the contour
Interpreted as FO tar­
gets in the present
synthesis rules. The
labeling under the con­
tour indicates how
these targets are
aligned with syllables
and phrase boundaries
(%).
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basicunitsand rules that determine the observed
acoustic variations.

- Perceptual evaluations that test hypotheses about acous­
tic variations. These evaluations measurelistener
judgments aboutsynthetic speechgeneratedbycom­
petingrule systems.

Improvements in TTS prosody rules. Without prosodic
rulesfor intonation and time, both the quality and intelli­
gibility ofsynthetic speechwould be impaired. Synthetic
speechwould lackfluency andbe monotonic, jerkyand
difficult to understand. An intonation contour is the
underlying pitchpatternofthe fundamental frequency
(FO) that occursovertimein speechphrases.The into­
nation contourdistinguishes statements (falling intona­
tioncontours) from questions (rising contours). It often
conveys information aboutsyntactic structure, discourse
structure, and the speaker'sattitude. Figure6 illustrates
an intonation contourfor the spokensentence In Novem­
ber, the region's weather was unusually dry.

Atheoryofintonational structurebycomputa­
tionallinguist Janet B. Pierrehumbert andher col­
leaguest" provides an elegantandefficient meansto
achieve a variety ofnatural-sounding intonation contours.
Pierrehumbert theorizes that intonation contours are

AT&T TECHNICAL JOURNAL • SEPTEMBER/OCTOBER 1989

composed ofonly two typesoftarget tones, high (H) and
low (1). These canbe organized intomany acceptable
lineartonalsequences according to a grammar. Figure 7
shows a synthetic intonation contourgenerated byan
experimental TTS systemusingthese rules. The same
sentence, depending onthe intended meaning, could
also be given other intonational structures. For example,
whenthe phrase In November is given a rise-faIl-rise into­
nation contourcomposed ofa sequence oflow-high-low­
high abstracttones, listeners tend to interpretthe sen­
tenceto meanIn November [asopposed to someother
time], the region's weather was unusually dry. AT&T's
experimental TTS intonation rulesstrive foran accept­
able, somewhat neutral, intonation forunrestricted text,
becausetext is often ambiguous. However, whenthe
text's intentis known, as in an announcement fora spe­
cific application, the intonation contour maybe readily
tailored formaximum naturalness andeffectiveness.

Hirschberg and Pierrehumbert" andSilverman'?
have shown that variation in the intonational variables of
pitch range (aspecified rangeofFO values) andfinal
lowering are important in conveying discourse structure.
An increase in pitchrangemarksthe introduction ofa
newtopic ofdiscourse, analogous to a textual paragraph.
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Infinal lowering-another typeoflocal pitchrangevaria­
tion-the pitchrangeis gradually lowered and com­
pressedduringthe final portion ofan utterance. Final
lowering marksthe end ofa topic or discourse. Synthetic
speechgeneratedby rulefrom abstractrepresentations
ofknowledge, as used in artificial intelligence, canuse
intonational variables to organize discourse andconvey
information moreeffectively and naturally.

Studies andmodels ofsegmental durations are
currently beingused to improve TTS timing rules.
These contribute to both intelligibility and speechqual­
ity. Gopal andSyrdal" andVan Santen'? haveanalyzed
natural speechto find better mathematical descriptions
ofrule systemsthat determine phoneme durations. Syr­
daF3 developed a newTTS duration rulesystemusing
someofthese results. In perceptual evaluations, this rule
systemwaspreferred overthe previous rules about80
percentofthe time. It also wasslightly preferred over
synthetic versions that had durations equivalent to those
observed in the sameutterances spoken naturally.

Automatic Speech Recognition
Human-to-computer voice communication using

automatic speech recognition (ASR) 14 can serveseveral

functions.
- It canreducethe needforhuman attendants in

uncomplicated interactions bysubstituting speech
recognition devices.

- It can expand a user's control options whentheyare
limited by the available inputdevice (e.g., handsetand
keypad).

- It can eliminate manual control fora device.
ASRTechnology. Automatic speechrecognition

devices canbe categorized bythree major dimensions
that affect the user interface: training, vocabulary size,
andconnectedness ofspeech.
- Training. Mostcommercial ASR devices mustbe

trained bycollecting samples ofspeech. Speaker­
dependent devices are trained byeachindividual who
will use the system. Speaker-independent devices may
be trained during development, usinga broadsample
ofspeakers'voices, or are developed usingempirically
derived models ofspeech.

- Vocabulary. MostASR devices recognize a constrained
set ofwords or utterances. For the moretechnically
difficult speaker-independent systems, accurate recog­
nition (>95 percent) canonly be donetoday forsmall
sets ofwords (2 to 50) that are phonetically distinct.
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For speaker-dependent systems, vocabularies may
range intothe thousands. This is especially true ifthe
application has a syntaxthat further constrains the
wordpossibilities at anypointin the transaction.

- Speech connectedness. ASR devices varyin their ability
to detect and recognize continuous humanspeech.
The simplestrecognizers, isolated word systems,
require that each utterance-either a singlewordor
short phrase-be spoken in isolation, e.g.,with
enoughsilence on either side ofthe utterancefor the
systemto detect start and stoppoints. Moresophisti­
cateddevices allow a user to speak connectedly-for
example, by speakinga string ofdigits, or spelling a
name.

The goalofmostASR research is to allow speak­
ers to use conversational speech without restrictions on
their speed or vocabulary. This placesthe processing
burden on the device, not the user. However, current
ASR technology is not yet mature. Furthermore, there
are additional constraints on the technology imposed by
the 300-3,200 Hzbandwidth ofmost telecommunication
networks. Therefore, productsmust be designedso
users adaptas much as possible to the limitations ofthe
technology. For example, ifthe ASR device expectsiso­
latedwordinputduringa brieffixed interval, instructions
must be designed to elicit that typeofspeech from users,
eventhough their naturaltendencyis to speak in
phrases. Human factors studiesfor trialsofautomated
call-classification services illustrate howappropriate
instructions can be designedand tested, and howdif­
ferent needs and limitations must be considered when
designing a service.

Automating Call Classification with ASR. Many types
ofspecial billing (i.e., 0+) calls-collect, person-to­
person,person-collect, bill-to-third number,and calling
card-require operatorassistance duringcallsetup.
However, ifthe desired call typecan be classified by an
ASR device, operatorintervention is requiredonlyifthe
call is answered. Suchan automated operatorfeature
would require 0+ callersto be prompted by a recorded
announcement to speak one ofseveral keywords, and to
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do so with only a singlekeyword at the appropriate time.
Before a 1987 field trialofthis service usingpro­

totype ASR equipment, humanfactors studieswere con­
ductedby Gellman andWhitten15 to selectan appropri­
ate announcement wording that would elicit the correct
speechfrom callers.

To measurecallers' responsesto an automated
operator, a complete simulation systemwasconstructed,
including a simulated telephone network, live attendants
to act as ASR devices, and an announcement capability.
Experimental subjects were toldonly that theywould be
evaluating a new (fictitious) telephone information ser­
vice. Theywere instructed to place an operator-assisted
long-distance callto reach the attendant-based service.
They encountered one set ofautomatic operatorproto­
cols simulated on the artificial network. For example,
when dialing a collect call, the subject heardanannounce­
ment similar to-At the tone, please say collect, calling
card, third number, person, oroperator-followed bya
beep. The subject would respond appropriately byspeak­
ing only the singlemenuitemrequestedwithin a few
secondsafter the prompt. The subject's recorded
responses to the automated operatortested the experi­
mental hypotheses abouthowbest to cue people on
when andhow to speak, and abouthowmuchlearning
took place as subjectsused the service repeatedly.

To test for cueingwhento talk, three announce­
mentconditions were constructed, usingeither oftwo
promptphrases, and one ofthree cueingmethods. Table
I lists the three announcement typesand the percentage
ofcorrect responses. The at the tone condition (prior
warning plustone at the end ofthe prompt) wassignifi­
cantly better at eliciting appropriate behavior. There was
no difference between the two phrases, nor were there
significant interactions between promptandcueing
method. To test for learningeffect, subjects made three
operator-assisted calls to the fictitious service. Adra­
matic learning effect wasobserved. Across allprompting
conditions and calltypes, 58percentofthe subjects suc­
ceeded on the first trial, 72percenton the second, and 74
percenton the third.This showed that a reprompt proce-



Table I. Percent Correct Responses in Responding to ACTR
Cueing Methods

InitialPrompt-Menu-"Now"
(i.e.,Please say collect, calling card,
third number, person, oroperator-Now)

InitialPrompt-Menu-''Tone''
(i.e.,Please say collect, calling card,
third number, person, oroperator-Beep)

65%

58%

durefollowing an erroneous response would aidsignifi­
cantly in eliciting the correctresponse.

The results ofthisexperiment were incorporated
into an operator services field trialofthe automated
operator. While the resultsofthe field trialwereprom­
ising, the callers' interaction with the systemclearly
needed improvement. Byusingthe pre-tested prompt­
ingannouncements, about63percentofthe callers
responded appropriately with an isolated keyword in
their firstattempt duringa session. The remaining 37
percentofthe callers addedextraneous utterances (e.g.,
please or uhh) or paraphrased the keywords (e.g., saying
reverse the charges insteadofcollect) or saidnothing.
When reprompted, nearly 60percentresponded with an
isolated menuitem. Results such as these showthe need
forcontinued ASR algorithm development, and, more
generally, for the need to adapttechnology to human
performance and social convention. For example, larger
vocabularies are neededfor synonym recognition and
acceptance. Algorithms will alsobe neededto recognize
keywords embedded in longerutterances-as described
byBossemeyer et al.16-and refinements need to be
made to the human-to-computer speechtransaction.

Conclusion
Recent developments in speechprocessing tech­

nologies have improved basictelephone service by pro­
viding moreefficient and secure speechtransmission.
Theyalso havepermitted human-computer dialogues
wherecomputers produce speechfrom stored text,or
recognize and interprethumanspeech. Because the tele­
communication network supports important business
andsocial activities, each newproduct and service must
be introduced with attention to network quality and
integrity.

Animportant criterion ofquality is user accep­
tance. Doesthe speechsoundnatural and intelligible?
Doesthe service designaidthe user's ability to under­
standa spoken message and respond appropriately? As
with allservices and products, speechapplications must
be sensitive to the user's expectations, physiological and

"AtThe Tone"-Initial Prompt-Menu-''Tone'' 79%
(i.e.,At the tone, please say collect, calling card,
third number, person, oroperator-Beep)

cognitive limitations, andsocial constraints. Because ser­
vices automated with speechtechnologies extend human
voice communication, designers must recognize that
users have well-formed-and not easily modified­
expectations aboutspeechtransactions. Thus, develop­
ing, evaluating, andadapting technology to human
expectations andneedsmustbe an intrinsic partofthe
product life cycle, from basic researchto the mainte­
nance ofmature products and services.

This paperhas reviewed several contributions of
behavioral scientists in developing telecommunications
services usingspeechtechnology. In human-to-human
communication, speechtechnology is used to transmit or
reproduce voice inputas accurately as possible. Wehave
focused on describing the contributions ofhuman factors
specialists inevaluating the quality ofthe processed
speechand improving the transmission technologies. In
computer-to-human andhuman-to-computer communica­
tion, text-to-speech synthesis andautomatic speech­
recognition technologies must translate a message from
one modality to another, from ASCII text to speech, or
vice versa. Froma human factors perspective, the trans­
lation algorithm mustemulate someaspectofhuman
behavior, so its behavior is natural and rational to users.
With text-to-speech synthesis, wefocused on how
linguists and psychologists have madetheoretical and
empirical contributions to the development ofthe tech­
nology. And with ASR, wefocused onhowhuman factors
specialists determine howbest to adapthuman behavior
to the limitations ofa stillmaturing technology.

The combined efforts ofbehavioral scientists,
speechtechnologists, and product developers, canmeet
the challenge ofharnessing computers to enhance
human communication and information transfer. Just as
computers have madepossible revolutionary advances in
speechprocessing, so speechprocessing technology
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maysomedayrevolutionize howpeople communicate
withcomputers.
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