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Human-Factors Issues

Thispaper explores the human-factors issues in designing human/machine
interfaces employing automatic speech recognition (ASR) technology. It
describes how a designer ofa product or service who usesthistechnology
mustensure successful interactions between computers and end-users,
leading to customer satisfaction and success ofthe product or service. The
paper discusses how ASR technology can support human/machine interac­
tions in telecommunications applications, if the human-factors issues that
arise inASR user-interface (UI) design can be appropriately addressed.
Introduction

HAL, the computer in the movie
200l-A Space Odyssey, could speakclearly in
a voice that sounded human. It could under­
standhumanspeech-not just the individual
words, but alsotheir meanings. And it could
easily recognize the voice ofthe personwith
whom it wasspeaking.

WhenHAL spokeand listened, the
humanwith whom it wasconversing didnot
need to compensate for the fact that HAL was
a computer. HAL's abilities as a speechpro­
cessor are only distant dreamsfor us today,
but paleoutlines ofthese dreamshavealready
reacheda stateofpractical application for
somesituations.

Reasons for Using ASR
Whyuse ASR? Anobvious answer is

that it holdsthe promise ofVIsthat are more
natural and easyto use.Today's interactive
telecommunications services, suchas voice
messaging, requireusers to translate their
wishes intoarbitrary stringsofnumbersthat
are entered on a touch-tone telephone key­
pad. However, many people would preferto
tellan operatoror attendant whattheywant,
so that there is no need to learnwhich but­
tons to press or howto navigate througha
complex hierarchical series ofmenus. ASR
seemsto offer a degreeofnaturalness that is
moreliketalking to an actual operator.

Otherfactors meritconsideration of
ASR technology. Interactive network services
are unavailable to customers who use pulse-

dialing telephones. Estimates varyand accu­
rate numbersare difficult to obtain, but cur­
rent telephone industry researchshows that
between 25and40percentofallU. S.house­
holdsare now usingpulse-dialing telephones,
either rotary-dial or push-button. If service
providers are to meet these customers' needs,
the only alternative toASR is the employment
offull-time attendants.

Replacing attendants or operators
with speech-processing equipment offers the
possibility ofsubstantial costsavings. In some
existing applications, such as operator ser­
vices, the potential savings are enormous. In
newapplications, a service mightbe economi­
cally viable only if it canbe automated to
avoid the highcostofattendants.

In someapplications, safety is the
main concern, as in dialing a cellular tele­
phonewhile driving. Whenever handsand
eyesare busywith other tasks, speechmay
be the only practical way fora user to provide
information to the system.

Current ASR Technology
To understand VIdesign issues, it is

first necessary to grasp someofthe charac­
teristicsand limitations oftoday's ASR sys­
tems.These systems mustbe engineered for
specific applications. Many applications do
not requirea systemwith the sophisticated
recognition capabilities ofa human being. A
systemthat can makeconsistent discrimina­
tionsbetween spoken words in a set canpro­
vide users with an effective toolfor
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Panel1. Abbreviations, Acronyms, and Terms

ASCII-American standard codefor information inter­
change

ASR-automaticspeechrecognition
ASR models-words entered intoa systemvocabulary

withwhich an end-user's utterancesare compared
andmatched

barge-in-permits speaking duringa prompt, eliminat­
ingthe needfor a user to listento an entiremes­
sagebeforeresponding

concept spotting-allows users to respond to prompts
with alternate words, phrases,or sentences
expressing their intent

early decision-ability ofanASR systemto respond
immediately to a user's utterance

motherese-a form ofspeechused by adultswhen
speaking to children that is characterized by
simplified vocabulary andchangesinpitch,loud­
ness, and sentencelength

natural-language processing-a technology that
allows ASR machines to "understand" complete
thoughts

non-keyword rejection-ASRcapability that prevents
out-of-vocabulary speechor noise from being
recognized as a legitimate word

phoneme-one ofthe set ofthe smallest unitsof
speechthat distinguish one utterance or word
from another

PIN-personal identification number
platform-locationofan ASR system, either in a net-

completing specific tasks.ASR provides that capability
for an increasing numberofapplications.

Comparisons of ASR Technology. An ASR device
operates by comparing a user's utterance with models of
words or phrasesheld in memory. There is virtually
never an exactmatchbetween an utterance and anyof
themodels. Amatch decision is basedon howfar a
user'sutterance is from various active models. Recogniz­
ers that simply pickthe closestalternative model gener­
ally do notperform as well as those that requireone
model to be clearly superiorin the comparisons. The for­
mermethod leadsto correctand incorrect recognitions,
while the latter-called non-keyword rejection-allows the

workor in a user's terminal equipment
prosody-elements ofmeaning that are conveyed by

features, such as stress and pitch, that spanboun­
dariesofsoundsegments. For example, in the word
"window", the soundsegments comprise
IwIIlnld/o.The prosodic feature ofstress is
presentacrossthe first three segments.

recognizer-ASR subsystem that matches a user's
utterances with storedmodels

SDL-specifications anddescription graphical com­
puterlanguage

speaker-dependent-an ASR systemhaving word
models formed byan individual user

speaker-independent-anASR systemhaving word
modelsformed in advance by system designers

SV-speakerverification
"training"-ASRsystemstorageofutterances used as

word models
TfS-text-to-speech, usually used to precede the word

"synthesis"
VI-user interface
VIP-voice-interactive phoneservice
Wizard ofOz technique-simulation ofthe action ofan

automated device usinga humanagent, in sucha
way that subjects believe they are interacting with a
machine, not a human

word spotting-a technique that improves recognition
accuracy by ignoring extraneous words or sounds
in anutterancethatwould otherwise impair or
preventrecognition

recognizer to report that it doesnothave enough infor­
mation fora cleardecision. ("Please repeatthat.") Non­
keyword rejection substantially reducesthe number of
incorrect recognitions, which is often moreimportant to
users than the simple probability ofa correctrecognition.

The ASR models with which a user's utterances
are compared come intoexistence in oneoftwo ways.
Theycanbe formed bythe individual user, thus creating
a speaker-dependent system. Or,theycanbe formed in
advance by usability engineers, creating a speaker­
independent system.

During "training" ofa speaker-dependent recog­
nizer, a typical system prompts the user to speaka
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command word at least twice. The recognizer averages its
coding ofthese utterances and stores the resulting model.

Two potential problems ariseat this point. One
problem concerns the consistency ofutterances used in
"training." Suppose oneutterance was"aahhhhh, Harry,"
and the otherwas"Harry." Averaging the coding of
these two utterances could well produce a model that
would neverbe matched. Aneffective methodfor solving
this problem is to matchthe two utterances at the timeof
"training". If theydiffer toowidely, prompting for utter­
ancesis continued untila sufficiently similar pairis
obtained.

The second problem shows upwhenone
model is so similar to anotheralready in memory that it
is unlikely that the systemcan discriminate between
them ("Murray" and "Mary"). The systemcan spotthis
similarity andprompta user to changeone ofthe names.
It is not desirable to promptfor changing only the last
model developed, becausethe systemdoesnot know
which onehas more"synonyms." These problems do
not arisewith a speaker-independent system, becauseit
is "trained" as partofproduct or service development
before a user is exposed to it.

The training processis one that holdsno intrin­
sicvalue fora user. It is analogous to teaching each new
acquaintance howto understand one's speech. It is a
challenge for UI engineers to design a training session
to be as quick and innocuous as possible.

Designers provide a speaker-independent sys­
temwith speechsamples for a particular application. To
build a composite model ofa single command word, a
speaker-independent systemwill requirenumerous sam­
plesofeachcommand word from alldialects throughout
the country. Asignificant sample sizeis requiredbecause
ofthe largevariation in the acoustic properties ofspeech
produced bydifferent speakers, evenwhenthey saythe
sameword. The processofobtaining these samples-and
ensuringthat an adequate cross-section ofusers by age,
gender,and region is represented-is costly andtimecon­
suming. However, oncea model is completed, anynew
services may use it.Thus, many common words are cur­
rently available for use in speaker-independent services,
words such as the numbers"zero"through "nine",
"oh", "yes", and "no."

When designing a UI fora newspeaker­
independent service, identification ofthe necessary
vocabulary set is a critical decision, one that has
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substantial cost implications if newword models must
be constructed. Ifnewwords are needed, theyshould be
carefully selected so that they are meaningful to a user's
task andacoustically distinguishable bythe recognizer.
Balancing the recognizer's needforeasily distinguished
words with a user's requirement foreasily remembered
commands is a critically important UIdesign goal.

Aspeaker-independent ASR system allows
accessto the service by anyone with a telephone,
including thosewith pulse-dialing phones. In addition,
speaker-independent ASR canbe usedevenwhencus­
tomersare not subscribers, such as inautomated oper­
ator applications. Because speechmodels are devel­
oped with samples acrossallenvironmental conditions
(for example, different microphones, line-noise, back­
groundnoise, etc.),these models may be morerobust
in services wherecalls originate acrossallenvironmen­
tal conditions. Finally, while speech-model development
is laborious and costly, it is transparent to users who
need not"train" the systemfor their own voice.

Speaker-dependent ASR has an advantage in
applications that requireverylargevocabularies (speech
dictation systems), that are idiosyncratic to users (name­
dialing telephones), or that have a highly specialized
vocabulary (speech control ofan industrial process).
Because speaker-independent systems canrequirea
lengthy period ofdatacollection and model building,
someapplications employ speaker-dependent technology
to meeta market-window. Oneexample comes from
international applications that,formarketing reasons,
needs to be deployed rapidly. There is no reasonin prin­
ciple whya speaker-independent system could notbe
designed to handlemultiple languages, but there may
notbe enoughtimeto build command-word models for
many countries. Valuable marketing opportunities may
be lostwhenproductdevelopment takes toolong.

Platforms. The ASR systemcanbe located either
in the network or in a user's terminal equipment. These
two locations haveverydifferent advantages andlimita­
tions. In the network, many users can share ASR hard­
ware and software. Sharing spreadscosts andpermits
use ofmoreexpensive technology than would otherwise
be acceptable in terminal equipment. Onthe other hand,
the network device mustaccommodate the network's
limited bandwidth that filters out muchofthe informa­
tioncontained in users' utterances. Network devices
must also accommodate carbon-button transmitters,



Panel 2. Other Supporting Speech Technologies

ASR is only part ofthe storyofHAL's linguistic
behavior. Other speechtechnologies, which HAL had
mastered, are beingdeveloped today. While a meaning­
ful ability to identify speakersby the soundoftheir
voices is still largely beyond reach,the capability to ver­
ify a person'sclaimed identity with a speechsample
(speaker verification) is currently beingdeveloped. And
programs that translate stored text intoarticulate
speech are now available.

Speaker Verification (SV). This technique requires
the systemto verify that the speakeris the person
claimed, usinga speechsample in a manneranalogous
toa fingerprint. Telecommunications fraud is a billion­
dollar-per-year problem that mightbe solved-or at
leastgreatlyreduced-by usingSV technology.

Froma user's pointofview, substitution ofa sim­
plespoken password in place ofan easily forgotten per­
sonal identification number (PIN) is veryappealing. SV
requires a user to "train" a systemto "understand"
human voice characteristics by providing a numberof
speechsamples.

Speakerconsistency isveryimportant. If a user
speaks with the sametoneand pacefor eachtraining
sample, as well as later duringactual use, SV accuracy
will be high.Onemajor challenge forhuman-factors
engineers is to find ways to assure such consistency.
Inevitably, the verifier will rejectcertain words and
phrases. Some ofthese rejections will be legitimate;
otherswill be incorrect, rejecting valid users for some
unknown reason. The human-factors challenge is to

used in someoldertelephones, which significantly dis­
tortthe signal. These problems canbe avoided if the
device is located in the terminal equipment.

Applications. ASR telephone network applications
can servea variety ofdifferent markets. These markets
may be identified by network providers interested in cut­
ting the cost oftheir current services, or othervendors
wishing to offer newproducts.

Overthe last several years,a numberof
speaker-independent services has been madeavailable,
either in field trialsor as actual service offerings. Several
corporations-including AT&T, BBN Systems &Tech­
nologies, Bell Communications Research, Northern Tele­
com, and the regional Bell operating companies-have

achieve an optimal tradeoff between rejection ofimpos­
tors andacceptance ofvalid users.

Speech Synthesis. In the movie, HAL appeared
ableto think, formulate newthoughts, convert thoughts
intonatural language, and produce speechas output.
Today, thoughtsare stored incomputers as text and
coded asASCII (American standard codefor informa­
tioninterchange) characters. Text-to-speech (ITS) syn­
thesis is arguably the mostadvanced ofthe three tech­
nologies discussed in this paper. Conceptually, TTS
synthesis is simply a processthat takes textas input
and produces speechas output. However, TTS syn­
thesis is not as simple as it appears.

There are many pairsofwords that are spelled
the sameway but havedifferent pronunciations and
meanings (for example, "contract", "record", "lead",
and "object" used as verbsor as nouns, and"read" used
as a present- or past-tense verb). Also, orthographic
stringsoften havepronunciations that depend on con­
text (for example, notethe diverse pronunciations asso­
ciated with "gh"in "ghost", "tough", and "through"). In
addition, meaning is often determined by the prosody of
speech. Nevertheless, the use oflinguistic analysis
makesit possible to solve these problems, andusable­
if imperfect-TTS-synthesis systems are now available.

Some TTSsystems have undergone field tri­
als19,20, and someare now available incommercial pro­
ducts such as the AT&T AYC12 text-to-speech syn­
thesis boardused in the AlNet service circuit node and
Conversant" voice information systems.

been involved. Versions ofan automated operator have
been offered byAmeritech Services, AT&T, and New
Jersey Bell.' Northern Telecom offered a stock­
exchange quotation service that could be accessed by
saying the nameofthe company aboutwhich informa­
tionwassought. BBN Systems &Technologies has
offered a voice-dialing system, allowing callers to say
the nameofthe persontheywantto call. And MetroCel
Cellular has offered a voice-dialing system overthe
cellular network.

AT&T partnered with US Westto trialvoice­
interactive phoneservice (VIP), allowing customers to
saythe nameofthe custom-calling feature theywished
to activate instead ofenteringa two- or three-digit access
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Panel 3. New Capabilities
Several newdevelopments havemadegreat

improvements to ASR service capabilities and to the
VI. ASR technology has only recently begun to fulfill
the promise ofnatural, conversational interactions.

Early Decision. WhenASR systemswerefirst
beingdeveloped, speechrecognition occurred during
fixed-duration "windows." For example, if a six-second
window wasused and a personspokeonly duringthe
first second, there would be a five-second pause
before the systemwould respond. Early decision is '
the ability ofa systemto closethe recognition window
following the end ofa user's utterance and to respond
immediately (seefigure above).

Although a timedelay ofonly a few seconds
seems insignificant, in reality the unnatural pause
often prompts inexperienced users to repeat their
utterance, thinking theyhavebeen ignored or not

code. In collaboration with BellSouth Enterprises, AT&T
collected speechmodels overthe cellular network for
the southernregion ofthe country and completed a trial
usingvoice-digit dialing. This allowed customers to say
the seven-digit numbertheywanted to call.

Speaker-dependent recognizers alsofind a wide
range ofapplications, and someofthese werediscussed
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heard,just as they would whenspeaking to another
person. Experienced ASR users know theyhave to wait
for the systemto catchup,but are often frustrated by
the delayed responses. Early-decision technology per­
mitsa muchsmoother, morenatural human/machine
interaction.

Non-keyword Rejection. The first speechrecogni­
tionalgorithms simply compared an inpututterance

, with storedmodels or templates ofvocabulary words
and produced the best matchas output. This resultedin
out-of-vocabulary speech, or evennoise, being"recog­
nized" as a wordit didnot evenresemble. Morerecent
algorithms can determine whena match is so poorthat
the inputshould be rejected. This capability is known
as non-keyword rejection. It permits dialogue between a
user andmachine to be morenatural and human-like.
The systemcan ask for a repeat, or for newinputif the
original utterance is unintelligible.

earlier. Another application ofthis technology is in
voice-controlled programming, which simplifies the
setupprocessforvideo cassetterecorders.f Another
example isvoice dialing ofcellular telephones." Without
speech-recognition capability, a cellular telephone user
usually steers with the lefthandwhile dialing manually
with the right thumb, holding the handset (which has



the dial padlocated on the back) up to eyelevel. Callers
areoften pushedto the limits oftheir ability to maintain
vehicle control in this situation. With a speaker­
dependent system, a user lifts the handset, speaksa
name, andthe connection is automatically completed.
Attention to safedriving has notbeen diverted.

Customer Reactions to ASR. Customers respond
positively to newservice offerings that use ASR. In a resi­
dential trialofVIP, participants wereselected because
they subscribed to two or morecustomcalling features.
About 66% oftrialparticipants saidthey would either
probably or definitely use the service if it wereput into
place permanently.

Focus-group results revealed the expected ASR
accuracy rate (correct procedure beingexecuted on the
first prompt) to be about90to 95percentfor a viable ser­
vice offering. Ofthose participants whosaidtheywould
usethe service, 96percentfeltcomfortable speaking to a
computer, and 85percentofthose who claimed they
wouldn't use the service stillfeltcomfortable withit. In
addition, 75percentofrespondents preferred speech
input to touch-tone input, while only 16percentpreferred
touch-tone input.

The successofcellular applications depends on
taskdemands. Voice name-dialing overa handset-with
therecognizer located in the car-was weIl received.
Therewaslittle to interfere with speech recognition
otherthan road rumble and noise contributed by the car.
These noises are essentially continuous, and although
often in excessof70dB, the recognizer can adaptto
them. The recognizer tends to maskmuchofthe impulse

. noise that mightotherwise interfere with performance.
Speech recognition in a car wasgood, and having the
speech-recognition capability available kept to a mini­
mum anyadditional cognitive loadimposed by dialing
while driving. That is, a user didnothaveto thinkmuch
about whatneededto be doneto complete a call.

For example, in a roadtest with experienced
users, voice name-dialing wasjudgedto be as easyas
reading one ofthe largegreen-and-white information
signs commonly found along interstate highways." In
contrast, manual dialing wasjudgedevenmoredifficult
than tuningin a car radio without usingthe prepro­
grammed selection buttons.

Another cellular trialofvoice-digit dialing tech­
nology wasconducted usinga car-installed speaker­
phone and a network-located recognizer. While users

liked the concept ofhands-free dialing, the noise that
is presently an inescapable part ofthe cellular network
interfered with recognition and substantially degraded
performance.

In markettrials ofanAT&T version ofauto­
mated operators, the majority ofusers rated the service
excellent or good. Usersincluded customers making
"zero-plus" (0+) telephone calls in a specific region. The
reasongiven mostoften forliking the service was that
users could place andcomplete calls quickly, eliminating
the formality oftalking to an operator. The reasonsgiven
mostoften for disliking the service werethat many users
preferred talking to anotherperson, rather than a
machine, and that the service wastooslow.

To summarize the results: users are willing to
talkto a machine if doing so provides a way to meeta
need.Aswith anytelephone service, users find products
or services mostappealing whentheyhelpsolve a par­
ticular problem.

Challenges to Current Technology
ASR is farfrom equaling HAL's performance.

However, intensive development efforts have led to
greater flexibility inASR technology (seePanel 3). In
addition, someofthe remaining obstacles to HAL-like
competence canbe overcome, at least in part, by special
efforts in designing a VI.

Accommodating Inaccuracies. Human speechis
normally directed to other persons, who bringa certain
level ofrecognition accuracy-plus an arrayofstrate­
gies-for correcting misunderstandings andclarifying
doubts. Human speechis highly redundant-A", andlis­
teners canunderstand many words from the context of
an utterance, evenif somewords are omitted or garbled.

Humans can employ many error-correcting
strategies, such as echoing or asking aboutpartsofa
speaker'sutterance that are unclear, if the inference
from context is uncertain. Recognizers, however,
presently relymainly on simple algorithms that makelit­
tle or no use ofredundancy or ofhuman error-correcting
strategies inconversation.

ASR algorithms do not "understand" speechas
humanlistenersdo. They are not ableto makeintelligent
guesses aboutgarbledor missing information-beyond
offering secondor third guesses basedon a match
between systeminputand active models or templates.
Therefore, a major challenge is to design ASR systems to
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Panel 4. Anticipated Technical Advances in ASR Technology

In addition to making improvements to ASR
technology, anticipated technical advances focus on
making ASR services seem morenaturalor conversa­
tional. Ideally, this would requirea systemto recog­
nize streamsofcontinuous speechcontaining many
words. The goalofASR research is to allow speakers
to use conversational speechwithout restrictions on
speedor vocabulary.t' Achieving this goaldemands,
among other advances, enlarged ASR vocabularies.

Concept Spotting. Eachtransaction or
human/machine interaction involves recognition ofa
single word or short phrase from a menu. There is a
one-to-one relation between menuitemsandtarget
words. Withconcept-spotting capability, users can
respondto prompts with alternate words, one or
morephrases,or sentencesexpressing their intent.

Using subword technology, along with
enlarged vocabularies andwordspotting, recognition
ofmultiple wordsrepresenting the sameconcept is
possible. Ultimately, it will be necessary to use the
techniques of natural-language processing, an emerg­
ingtechnology, for machines to "understand" com­
pletethoughts.

Enlarged Vocabularies. Vocabulary sizeis
presently restrictedby the limited accuracy ofrecog­
nition algorithms-e-which leadsto substitution errors
as vocabulary sizegrows-and by delays resulting
from necessary processing. Betteralgorithms and

accommodate less-than-perfect accuracy inways users
will find smooth, natural, and convenient.

Application Environments. Another challenge to
ASR deployment is variability in humanbehavior. Users
canobtain excellent performance in a controlled labora­
torysettingby knowing just whatthey may and may not
do. Butperformance in the realworld may be far less
favorable." In actual applications, people often don't
know exactly whatto say and may be distracted byother
tasks.Their expectation is ofa systemthat will adaptto
their needs, notvice versa.

Another issue that arises in many applications is
the problem ofnoise. Astudywascompleted in which
telephone conversations with service representatives
werecatalogued.1 The studyreportedthat over40per­
cent ofcalls contained noticeable background noise that
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fastercomputers will inevitably increase the practical
vocabulary sizethat recognition systems canhandle.

Asvocabulary sizegrows, users will be the
first to benefit. Applications will be able to accept
common synonyms forkeywords. Witheven larger
vocabularies, itwill be possible to design muchmore
user-friendly interfaces that avoid complex hierarchical
menutrees.

Subword-based ASH. To avoid the laborious pro­
cess ofcollecting speechdatato build models for
specific words, engineersare now developing models
basedon smaller speechunitssuch as syllables and
phonemes. These subword unitmodels will make it
possible to createnewvocabularies quickly, andwill
allow the trialing ofnewASR services monthsearlier
than currently feasible. Subword-based ASR will also
facilitate development ofcustom vocabularies for indi­
vidual network-services subscribers without the need
for speaker-dependent ASR system"training."

Connected Words/Digits/Natural Numbers.

Humans can distinguish words as separateentities
eventhough, on the basisofobjective physical
analysis, they may appear to be inextrlcable." Contin­
ued improvements to connected-digit recognition will
openup the ASR applications market. Recognition of
digitstringsallows development ofnewservices
requiring users to keyin telephone numbers, calling­
card or credit-card numbers, andcatalog orders.

was unrelated to telephone linequality. Examples
include talking in the background, television soundsor
music, and traffic noise. Transmission noises include
static, pops, and clicks.

In a recentAT&T study, noise from radios, TVs,
andconversations unrelated to the automated interaction
waspresentin almost ninepercentofcalls, while line
noise waspresentin oversixpercentofcalls. Another
seven andone-half percentofcalls contained both types
ofnoise. Because mostusers do notunderstand how
ASR technology works, it may fail for reasonsunknown
to them in such noisy conditions.

Noise is particularly problematical in the cellular
environment. In addition to the sourcesalready men­
tioned, there are additional noise sources, such as cell
fading, wind, airconditioning fans, andhonking horns.



Cell fading is peculiar to systemsthat have network­
situated recognizers. The other sourcesofnoise are
problems for anyrecognizer, whether in a car or a net­
work. But, as discussed earlier, the effects ofimpulse
noise arising inside or outside a car are somewhat less
than they mightotherwise be due to masking by wind
and roadnoise.

Optimizing a UI to ASR Applications
Aspreviously noted, currentASR technology is

favorably received by mostusers.They are willing to use
anASR-based service if it provides the meansto com­
plete tasks accurately, efficiently, and ina satisfying way.
Inotherwords, most users are willing to talkto machines,
buttheyexpectthe machines to respond intelligently.
There is a risk that users will rejecta newASR applica­
tion if it fails to understand spokeninstructions.

This risk is reducedbyanticipating andleading
speech to decreasethe chancesofusers saying unex­
pected words, and by identifying the appropriate
responses to expected words. Whetherthe use ofASR
technology involves single-word or concept-spotting
approaches to dialog design (seePanel4) , muchofthe
risk associated with deploying individual ASR applica­
tions involves uncertainty aboutthe range ofspeech
evoked by the newapplication.

ASR Influence on Speech Patterns. Research results
suggest that people are sensitive to the linguistic capabil­
ities oftheir listeners, and that they are willing and able
toadapt their speechto listeners (including machines)
with limited language competence.

Whenadultsspeakto children, they use a
form ofspeechthat they believe to be appropriate. This
speech, called motherese, involves diverse alterations in
speaking, ranging from simplifications invocabulary to
changes in prosodic characteristics, such as pitchand
loudness." Adults speaking to children shortenthe aver­
age lengthofsentencesand less often substitute pro­
nouns for nouns.

There has been considerable debateabout
whether mothereseis necessary, harmful, or just irrele­
vant to language development among children. Butit is
relatively uncontested that adultsoverwhelmingly alter
their speechwhentalking to children. Motherese has
been observed in everylanguage that has been examined
by linguists interested in language acquisition.9

Doadultsmakeadjustments in their speech

whentalking to machines? Evidence suggeststhey do. In
one study, users speaking to an information service over
the telephone wereobserved. 10 The studydetermined
that many aspects ofverbal behavior wereaffected by
whetherusers thought theyweretalking to anotherper­
son or to a machine. Another studyreportedthat adults
who interacted with an automated operatorservice short­
enedthe lengthoftheir spokenrequests, as compared
with the lengthofrequests madeto operators. 11
Researchers observed this effect regardless ofwhether
or not the initial promptindicated that a caller had
reachedan automated service. Interestingly, studies also
showed that children's requestswereofequallength
whetherspeaking to an automated service or to an opera­
tor. It is possible that mostchildren have not learned the
linguistic skill ofadapting their speechto minimally­
competent listeners.

The resultsofthis researchmustbe reflected in
UIdesignforASR systems. Adesigner cannot expectto
encounter the samespeechpatternsin talkdirected to
an automated systemand an operator or attendant.

Improving Naturalness. MuchUIdesign workis
aimed at letting users know whatwordsandphrasesare
recognized at anygiven pointin a dialogue. Conse­
quently, the typical approach up to now has beenfor the
ASR systemto take chargeofinteraction with a user,
leading to an unnatural interface that cangive
the impression ofa cold and unfriendly system. For
example, contrastwhatan attendant mightsay:

"Welcome toXYZservice. HowmayI helpyou?"
with whatan ASR systemmightsay:

'Welcome toXYZservice. Please sayA,B, C,
orDnow."

Until recently, a user had to avoid uttering extraneous
words or sounds. Even a simple "uh"before the vocabu­
laryword, or a polite "please" afterward, would impair or
prevent recognition. For this samereason, a
human/machine interface wasdesigned to give explicit
instructions aboutwhatto say.

In the last two years, a newtechnique called
word spotting has largely overcome this problem. Users
are allowed to say"Collect, please" or even"I'dlikea col­
lectcall, please" with little or no decrease in recognition
accuracy as compared with an isolated "collect." This
permits a muchfriendlier interface style, andencourages
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users to respond morenaturally, as they normally would.
Anewcapability called barge-in permits a cus­

tomer to speakduringthe prompting message. Without
barge-in, the recognition systemmustbe turned off dur­
ing the prompting announcement to preventthe system
from "hearing" the promptitselfas user input. With
barge-in, users can interruptthe prompt, just as they
mightinterruptan operator. This capability has been
available formanyyears for touch-tone input, andcan
greatly accelerate the interaction process. Barge-in
allows the interaction between user and systemto be
morenatural andconversational.

To take advantage ofthese capabilities, studies
have been performed to test a moreconversational style
ofhuman/machine voice communication. Forexample,
instead of

"Welcome toAT&T. Please saycollect calling card,
thirdnumber, person-to-person, or operator, now."

the promptsaid
"Welcome toAT&T. Whattypeofcallwouldyoulike
tomake?(pause) Please saycollect, calling card, third
number, person-to-person, or operator, now. "

The researchersanticipated that the question and pause
insertedin the original promptwould accomplish three
objectives:
- Aspermitted by barge-in, experienced users would be

encouraged by the conversational pauseto complete
the transaction without waiting to hear the entirelist
ofoptions repeated.

- Dueto unfamiliarity with the system, novice users
would wait longenoughto hear the entire listofoptions.

- All users would find the question helpful inclearly
understanding whatto do next, reducing the number
of"freezes"-customers who hear the promptbut say
nothing.

Results ofthe laboratory researchreinforced
original predictions. Onaverage, customers can com­
pletetransactions more quickly than with the shorter
promptbecausethey are more likely to barge in.More
calls wereautomated, fewer customers called an opera­
tor for assistance, and the systemwasmorehighly rated
with the question-pause format. In a following field study
usinglive traffic, timespent on the transaction wasfound
to be shorter, andfewer customers called for an operator
whenprompted with the question-pause format than with
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a prompt that didnotbeginwith a question.
In addition to the menutransactions just dis­

cussed, the sameseries oflaboratory studiesexamined
the simpler yes/no transaction, in which a yes or no
response is requestedby the system. In this transaction,
the sameapproach wastried. Instead of

''You havea collect call from (caller's name). Please say
yes ifyou accept the charges, no ifyou refuse the
charges, oroperator ifyou need assistance, now. "

the systemsaid
''You havea collect call from (caller's name). Will you
accept the charges?" (pause) ''Please sayyes, no, or
operator, now. "

The results, paralleling those discussed earlier, reveal an
advantage to a simple question, followed bya pause, and
then the available options. AT&T Bell Laboratories is
planning additional field studiesat selected sites.

Researchers are currently studying other types
oftransactions. The mostsignificant ofthese are transac­
tionsthat involve collecting stringsofconnected digits
from users.While recognition accuracy is quite highfor
a single digit, a stringof10connected digits, as in a tele­
phonenumber, is less accurately recognized.

Asystemwith a one-percent chance oferror on
individual digits will makesomeerror on 10percentof
lo-digit telephone numbers. In addition, users ofdeployed
ASR systems often makefalse starts, inject pausesor
extraneous speech, or simply misspeak (for example,
reverseadjacent digits). Researchers are solving this
problem throughworkon bothASR technology and VI
design. In examining the VIdesign problem, the human­
factors focus mustbe on improving accuracy while also
maintaining gooduser acceptance and task efficiency.

Feedback and Error Impact. Acase ofusingASR for
connected digits illustrates particularly well the impor­
tanceofdesigning for error.12This approach involves
taking steps to minimize error frequency, to maximize
likelihood oferror detection, and to ensure that recovery
from error is natural and straightforward.13

Observing users keying incharactersand num­
bers, researchersfound that 70percentofallerrors were
self-detected. Keyboard users knew, in mostcases, that
theymadean error without anyspecial system feedback,
usinginstead their own self-monitoring techniques to
confirm successful completion ofan act. In contrast,
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Figure 1. Rate of
multiple requests as
a function of system
response delay. Data
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researchers notedthat users ofspeech inputwereheav­
ily reliant on externally provided systemfeedback. 13

Whenfeedback alertsusers to a recognition
error, the systemmust then permiteasyerror recovery.
Even in normal conversation, people sometimes mustask
for repetition ofa word or phrase they didnotunderstand.
It isveryimportant to ask for repetition quickly, clearly,
and without offending the ASR user. Researchers have
already begunstudying the best ways to accomplish this.

In one ofthese studies, automated-operator re­
promptings wereclassified and counted. Researchers
found that, in most instances, the re-promptings followed
anutterance containing the correctkeyword, but that for
some reasonsuch as poortiming or background noise,
the recognizer missedit.Researchers subsequently tried
a shortenedprompt. Instead of

"Your response was not understood. Please say
collect, calling card, thirdnumber, person toperson,
oroperator, now: "

thesystemsaid
"Sony, please repeat. " (pause) "Please saycollect,
calling card, thirdnumber, person toperson, or
operator, now. "

Inlaboratory tests, the command "Sorry, please repeat,"
followed by a pause, resulted in muchfaster systemper­
formance and better customeracceptance than didthe
original sentence, ''Your responsewasnot understood."
As before, the pause induced many people to respond
immediately, rather than wait for the systemto repeatall
thealternate responses.

These strategiesseem to workbecausethey
effectively conform to the conversational style and paceto
which people are accustomed. It is clearfrom watching
participants in these studiesthat frustration and impa-

tiencebuild rapidly whensomeone knows whatto dobut
mustwait until the systemis readyfor themto proceed.

other Design Issues. It has been arguedthat
designers ofASR applications requirethe ability to per­
form controlled evaluation ofsimulated ASR dialogs
undera variety ofperformance levels, including lengthof
system-response delay, recognition accuracy level, and
types ofrecognition errors.14

Suchsimulation techniques are suggested to be
the primary meansofaddressing important issues.
These issues include speedand accuracy requirements
forvarious applications, criticality oferrors by type,
appropriate forms oferror correction, the needforcon­
nectedor continuous speechand speakerindependence,
the effects oflargevocabulary size, and the human ability
to constrain speechin terms ofvocabulary, syntax, and
speaking patterns.

Simulation experiments conducted byAT&T Bell
Laboratories provided resultsconcerning speedandaccu­
racyrequirements for a variety ofnetwork services using
ASR. Onetopic addressed in these experiments is system­
response delay-the timeinterval between the end ofa
user's utterance and the start ofsystemfeedback. In one
experiment, subjects calling from their homesinteracted
with each offourdifferent ASR services.

AnASR systemprovided separateresponse
delays for each task, ranging from 0.75 seconds to 3.7
seconds. Results indicated that evensmall response­
delay differences had noticeable effects on service
responsiveness ratings. Response delays negatively
affected overall service ratings whentheywerevery
short «0.8 seconds) as well as whentheywerelonger
(>3 seconds). However, longerdelays caused difficulty
only whenusers waited until afterthe prompt to begin
speaking. For users who bargedin on prompts, service­
response speedratings remained unaffected.

AT&TTECHNICALJOURNAL.MAY/JUNE1993 37



3800

Hil1:h
reliaBility

Unreliability
testing

2800
System response delay (milliseconds)

1800

=m
C:co
ltl
E
IJl:s
Co

ill al Neutral
C"C

8.'~
1Jl~me.
~m
t)~

.~~
-§::
(/)~

§h~
!!!.~

~m
<1Jl

IJl
;g
m Strongly
~ agree"C '--_-I.- --'- --J'--

So;;:

Figure 2. System
response delay and
reliability effects on
users' ratings of their
willingness to use an
ASR service.

AT&T Bell Laboratories researchers counted
the numberoftimesa systemrequest wasrepeated:
users repeata request whensystemdelay causes them
to thinktheyhavenot been heard. Figure 1 shows the
resultsofthis countas a function ofresponsedelay on
trialswith no user barge-in. Multiple requests only start
to occurwhendelays exceed1.25 seconds, and they
increase steadily thereafter. In contrast, onbarge-in tri­
als, multiple requests are morefrequentand unrelated to
response delay. These results are consistent with users'
expectations: a systemshouldrespondat aboutthe same
timeanotherpersonwould in normal conversation.

In a secondexperiment, users interacted with
oneoftwo ASR service simulations. Userswerealso ran­
domly assigned to one ofthree ASR accuracy conditions.
The distribution andfrequency ofpreplanned system
recognition failures differed for each condition. In one
condition, users experienced recognition errors (in
"priming" trials) beforethe experimental trials. Figure 2
summarizes the results ofthis experiment. Userswho
interacted with a highly reliable ASR systemin experi­
mental trialssaidtheywerewilling to use the service
regardless ofresponsedelay. Userswho interacted with
an unreliable ASR systemin experimental trialswere
neutral in their willingness-to-use ratings, regardless of

response delay. Butforusers who experienced errors
only in priming trials, willingness to use the service was
strongly dependent on a short response delay.

These resultssuggestthat ASR algorithms may
allow for as muchas a doubling ofresponse delays if the
numberofcorrectrecognitions increases. Results also
suggestthat positive service evaluations depend onthe
interaction between feedback promptness andexpected
accuracy. Whenexpected accuracy is low, users require
rapid feedback. In addition, users who indicate dissatis­
faction with response timemay actually be expressing a
lackofconfidence in the application's reliability.

Otherfactors may subtly contribute to ASR ser­
vice acceptance. For example, a user's age has a bearing
on reception ofnewtechnology. 15 Researchers usingan
ASR-based data-retrieval taskfound that olderusers were
slower to recover from systemrecognition errors.16
Suchan effect illustrates the importance ofcarefully con­
sidering a user group'sdemography.

Designing for Users
Observations ofa numberofattempted ASR

applications suggestthat a rangeoffactors affects ser­
vice usability andacceptability. 14 Implied in the observa­
tionsare several suggestions for developing successful
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applications for telephony. The suggestions are:
- Planning forASR incorporation should beginat

project inception.
- AstagedprocessofASR development should be

employed that includes regularuser checksand tests.
- Speaker-dependent, ASR systemtraining shouldbe

performed, whenneeded, in the context ofan opera­
tional task-that is,under noise conditions compara­
ble to ordinary environments.

- No disruption ofa task sequence, eitherby long
response delays or by recognition errors, shouldbe
permitted.

- Usersshould be assured ofreceiving appropriate
recognition feedback.

VIdesign activity canbe used at allstagesof
development. Before incurring the cost ofdeveloping an
ASR service, designerscanlearnmuch aboutmarket
acceptance and usability. Later, by settingup prototypes
and running limited field trials, designers can obtain vital
data aboutthe service concept itself, as well as about
easeofuse.

Throughoutthe project, technical advances in
ASR algorithms must be integrated intothe VIdesign.
Through iterative designand testing, design decisions
focus on circumventing technical limitations and increas­
ing a user's likelihood ofsuccess. In somecases,forward­
looking efforts canhelp identify future directions the
technology must take to supportusers, andhowdesign­
ers cananticipate futureapplication opportunities.

Case Study One. In the case ofthe AT&T voice­
response operatorservice, VIcontributions havebeen
made in each stageofthe productdevelopment cycle:
- Early service evaluation
- Iterative design
- Live-traffic testing
- Improvements and refinement.

Duringthe mid- to late-1980's, AT&T completed
anumberofvoice-response operatorservice field trials.
Thereafter, researchers concluded that the service con­
cept wasviable, but that systemperformance needed
improvement. Aseries oflaboratory studies, which
examined various prompting strategiesto optimize the
UI, wasthen completed.V As the capabilities ofword
spotting, earlydecision, and barge-in became available,
and as ASR accuracy improved, a newroundoflive-traffic
field trialsbeganin 1991. VIdesignexperiments again

focused on announcement wording, but the studies grew
to include selection ofan announcement voice anda call­
flow structurethat accommodated a fully deployed ser­
vice. Withthe technical capability to discriminate
between valid input, invalid input, andno input, it was
possible to provide a user with context-specific feedback
at anytime, such as bya confirmation announcement, a
re-prompt, or operator help.

Next, workon refining the VIincluded shorten­
ingprompts wherever possible, routing confused callers
to an operator, andencouraging users to bargein-all to
shortencalltime. In addition, a demonstration system
wasdeveloped forongoing call-in studies. It assessed
user behavior, problems, and preferences. Even though
the service is now deployed, studiescontinue on how
prompts affect user behavior andhowresponse delays
affect service-quality perception. Asnewfeatures are dis­
covered, eachone is trialed in live-traffic situations and is
evaluated byexamining user successes and ratings. The
newprompting strategypreviously discussed ("What
typeofcall wouldyou like tomake? [pause] Please
say...") is one example ofthis ongoing work.

Case Study Two. In the caseofthe AT&T and US
Westtrialofvoice-interactive phoneservice (VIP), con­
siderable user-focused testingwentintoits development.
VIP offers residential customers a speechinterface into
custom-calling features. VIP's introductory prompt char­
acterizes the service:

"Please saythenameof the service you want orsay
helpforalist of the services you subscribe to, now. "

The first step in developing VIP wasmarket
research. Feedback from participants indicated that the
service could become a marketing success. Acustom
vocabulary wasto be used, andthe words, phrases, and
synonyms werequickly determined. During datacollec­
tionand model building, additional user tests andservice
design workwerecompleted.

Useofa Wizard ofOztechnique allowed the
design teamto collect dataaboutan earlyversion ofVIP.
This technique involves simulating the action ofan auto­
mated device usinga human agent, in such a way that sub­
jectsbelieve they are interacting with a machine, rather
than with a human. In the VIP study, the Wizard ofOz tech­
nique involved presenting users with a simulated VIP ser­
vice-one inwhich a humanperformed the speechrecog-
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nition function-and directing the system'sresponses to
user input. Results ofthe studywereused to complete
designworkand to finalize vocabulary content.

Next, a call-in demonstration wasdeveloped,
allowing the designteamto conductfocus groupsusing
an actual version ofVIP. Basedonfocus-group input,
additional changesweremadefora preliminary trialwith
volunteer users.The trialdemonstrated that callers
found VIP easyto use, and they supported marketability
ofVIP. Acomprehensive, two-month field trialwasthen
conducted. 18

The callflow forVIP waswritten in the graphical
specifications and description language (SDL) , which
compiles intoClanguage. SDL facilitated the rapid
design andtestingofoneversion ofVIP. Several human­
factors studieswereconducted to test alternative
announcements. The studiesalsoinvestigated ways of
incorporating helpmessagesintothe service. Currently,
US Westis conducting a phase-two trialto assess
whetherthe newannouncements are improvements, and
to test the usefulness ofhelpmessages.

In both the voice-response operatorservice and
VIP cases,VIdesignerscontributed their expertise to
improve andoptimize usability throughoutdevelopment
andfield testing.

Conclusion
HAL's speechabilities, which madeit appear

completely human, didnothappen by accident. HAL
seemedlifelike not just becauseitsASR algorithms
worked well, but becauseallits speechbehavior met the
expectations ofthose whotalkedto it.

Unlike humanspeechskills, which seem to
develop naturally with maturation, HAL had to be
"taught"-programmed, actually-to use every aspectof
its language. Many moreyears ofworkon the issues dis­
cussedin this paperwill be requiredbefore machines
will be capable ofduplicating HAL's seemingly effortless
andnaturalspeechcompetence.

Nevertheless, today's ASR technology offers
many capabilities that canbe used to meet current
needs. The frustration that somecustomers feel with a
touch-tone based interface maybest be overcome by
usingspeech-based technology. Butto achieve success,
designers mustplanfrom the beginning to use speechin
the interface, and to engagethe expertise ofa VI
designerat a project's inception.
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