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Abstract. This paper presents the results of an experiment comparing two different designs of an automated dialog
interface. We compare a multimodal design utilizing text displays coordinated with spoken prompts to a voice-only
version of the same application. Our results show that the text-coordinated version is more efficient in terms of
word recognition and number of out-of-grammar responses, and is equal to the voice-only version in terms of user
satisfaction. We argue that this type of multimodal dialog interface effectively constrains user response to allow for
better speech recognition without increasing cognitive load or compromising the naturalness of the interaction.
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1. Introduction

Accurate interpretation of acoustic input remains a
performance-limiting factor for speaker-independent,
continuous speech recognition applications. Process-
ing difficulties inherent to the underlying variability
of the signal are exacerbated in large vocabulary, high
perplexity domains. Traditional speech interface de-
sign strategies aimed at achieving an acceptable mea-
sure of recognition performance under these conditions
often rely on constraining user responses via list or
menu-based interactions, explicit instructions for an-
swering prompts and frequent response confirmation
(Boyce, 1999; Gardner-Bonneau, 1999; Novick et al.,
1999; Boyce, 2000). These methods ultimately suc-
ceed in reducing the likelihood of recognition errors
occurring or persisting undetected, but do so at the ex-
pense of natural and efficient dialog flow. While judi-
cious prompt design alleviates to some extent the char-
acteristic tedium of such system-oriented approaches,

user frustration frequently leads to speech behavior
that further reduces intelligibility (Baca, 1998). Fur-
thermore, because users are forced to remember sets
of speaking directions orthogonal to the task at hand,
these systems increase cognitive load and are unnec-
essarily dependent upon short-term memory (Grasso
and Finin, 1997; Shneiderman, 1997; Balentine,
1999).

This paper addresses the issue of how to influence
user response for better system performance without
compromising the system-user interaction in terms of
its naturalness or short-term memory requirements.
Baddeley’s (1992) tripartite model of short-term mem-
ory holds that separate neurological components simul-
taneously store and process phonological and visual
information, while a third controls attention. Work-
ing within this theoretical framework, a number of
previous studies investigating the effects of informa-
tion processing on cognitive load demonstrated that
the concurrent presentation of information via distinct
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modalities does not adversely affect performance on
cognitively complex tasks (see, e.g., Mousavi et al.,
1995; Mayer et al., 1999; Mayer and Moreno, 1998;
Goolkasian, 2000). Conversely, split-attention scenar-
ios, which require attending to disparate sets of in-
formation accessed via a single modality, are associ-
ated with decreased task performance (e.g., David and
Hirshman, 1998; Yeung, 1999; Velayo and Quirk,
2000). With this framework and results in mind, we
decided to approach the problem of processing infor-
mation related to the speech interface in addition to
processing information required by the task itself as
precisely the type of cognitively complex, two-in-one
scenario amenable to multimodal presentation.

The basic idea underlying our application involves
utilizing the multiple information channels enabled
by broadband connectivity to split the speech recog-
nition interface into separate modalities: the meta-
information constraining users’ linguistic behavior
may be presented visually in a device-appropriate man-
ner (e.g., cell phone display, PDA, voice-enhanced web
access), while the task itself is conducted via voice in-
teraction. The visual display may serve to inform users
of the system’s capabilities, whether as a menu-style
presentation of options to open-ended prompts such as
“How may I help you?”, or a restricted list of valid re-
sponses to a particular question. It can also be used to
display information obtained from a user as a dialog
progresses. Because users have access to immediate
visual feedback, the need for verbal confirmation of
responses is obviated; similarly, time-consuming re-
sponse instructions or explanation of system capabil-
ities can be encapsulated textually and visually pro-
cessed by the user while they are listening to a voice
prompt. A limited recognition vocabulary coordinated
to the text display can be employed to ensure higher
recognition rates, and because the display persists at
least until the user responds to a given prompt, he/she
is not required to keep lists of response options in
memory.

People adapt their conversational style automatically
to their model of a listener’s capabilities (Baber et al.,
1997; Walker et al., 1998; Balentine, 1999), so we
expect that making the system’s recognition abilities
explicit and maintaining a naturally-structured dialog
will simultaneously improve system performance and
reduce user frustration. However, there is no a priori
guarantee that users’ responses will conform to the for-
mat suggested by the text display; in this case a limited
recognition grammar would result in a greater percent-

age of out-of-grammar responses, and usability would
decrease.

In order to test the hypothesis that a multimodal dia-
log interface can reduce cognitive load effectively and
simultaneously constrain user responses for improved
speech recognition, we designed a simple dialog appli-
cation that optionally utilizes text displays coordinated
with the speech interface and conducted an experiment
with two groups of users. The remainder of this pa-
per covers the setup and results of that experiment. In
Section 2, we describe the application in detail, begin-
ning with an overview of the domain and continuing
with a presentation of the system design. Section 3 re-
ports the results of an experiment comparing user be-
havior and system performance between the bimodal
and speech-only interfaces to the dialog application.
Finally, in Section 4, we discuss the results of our ex-
periment in the broader context of natural language
computer-human interfaces.

2. Application

We started the design process by analyzing 650 tran-
scribed dialogs supplied by the UK-based GE Con-
sumer Finance’s customer service call center as a mem-
ber of the AMITIES (Automated Multilingual Interac-
tion with Information and Services) consortium. Each
dialog consisted of a conversation between a customer,
calling to resolve some issue regarding their credit card
account, and a financial services representative. Typi-
cally, customers wished to complete such tasks as mak-
ing a debit card payment on their account, changing
their address, reporting a lost or stolen card, or vari-
ous other account inquiries. We analyzed the dialogs
in terms of the data keys needed to complete each trans-
action (e.g., things like name, address, phone number,
date of birth), vocabulary, the grammatical structure of
utterances, and the dialog structure of different tasks
(for a more detailed description of the analysis proce-
dure see Hardy et al., 2002).

A typical dialog began with the customer service
representative greeting the caller, who stated the rea-
son for his/her call. After verifying the caller’s iden-
tity, the dialog moved on to completing the primary
task. Finally, the representative wrapped things up,
thanked the caller, and the conversation was com-
plete. Figure 1 illustrates a sample dialog for a cus-
tomer calling to inform the representative of an address
change.
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REP: Good afternoon customer services, you're speaking to Sam, how can I help?
Greet Caller CUST: Hi, do you want me to give you my new address?

REP: Ok, can I take your name?
Verify 1d CUST: It's Jane Smith

REP: And your postcode and telephone number of your old address?

| CUST: AllCDand 1111 1111111

REP: Thank you and your new house number?

CUST: 85 The Lane

REP: And the postcode?
Task CUST: ErrN, oh sorry, Al err 1EF

REP: The Lane did you say?

CUST: Yeah

REP: And is there a new telephone number?

CUST:  Erryeahno

REP: Ok, that's been updated for you to erm 85 The Lane is there anything else I can
Task Summary help you with?

CUST: No that's it thanks

REP: Thanks for calling then
Close CUST: Bye

| REP: Goodbye

Figure 1. Sample dialog for address change.

Our application was designed to handle two of the
transactions found in the natural dialogs: change of
address and lost card. Dialog flow was controlled via a
set of dialog states corresponding to the observed task
structure for the two topics. Figure 2 illustrates these
states and transitions.

Each state included a pre-recorded voice prompt to
indicate to the user the information they should pro-
vide. The verbal prompts were designed to be fairly
open-ended, allowing for a mixed-initiative conversa-
tion similar to the customer-agent interactions in the
dialog database. More importantly for our study, the
prompts were designed to be unrestricted enough to
elicit a range of responses sufficient for a meaning-
ful between-group comparison given our small subject
pool.

In the text-coordinated version of the application,
each state also included a text cue to prompt the user. As
opposed to the verbal prompts, the text cues suggested
that the user produce responses constrained to what
they saw onscreen. The verbal prompts did not refer
explicitly to the text cues; users were expected to be
able to integrate the visual information passively into
the formulation of their responses. The voice prompt
for each dialog state and corresponding text cue are
detailed in Table 1.

Each dialog state was also associated with a recog-
nition grammar defining licit utterances for a particular
user turn. The grammars served to map user utterances
to the particular data key we needed to extract at that

Identify Task

!

Verify Caller
Identity

— Change Address *‘

Lost Card

Get New Address —> Task Summary

Anything Flse Yes—

Goodbye

Figure 2. Dialog states and control flow.
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Table 1. Spoken prompts and corresponding text cues for dialog
states. Each text display was preceded by the words “You say:”

Spoken prompts Text display
“Hello. This is Fred, Duke’s automated Change Address
credit card help desk computer. How Lost Card
may I help you?” Card Balance
Credit Limit
Charge Denied
“What is your name?” (Name)
“What is the zip code currently listed on (Zip Code)
your account?”
“May I have your date of birth?” (Birth Date)
“Can I get the street and street number (Street Address)
currently listed on your account?”
“Can I get your new state?” (New State)
“Can I get your new city?” (New City)
“Can I get your new zip code?” (New Zip Code)
“Can I get your new street and street (New Street Address)

number?”

“Your address has been changed. Is there Yes
anything else I can do for you?” No

point in the dialog. The recognition grammars for the
version of our application not utilizing a text display
were constructed on the basis of customer replies in the
AMITIES database. These grammars were designed to
incorporate the full range of observed responses and
as broad a range of anticipated responses as possi-
ble, taking dialectal differences between the British
English of the database and the American English of
our users into account. The general form of a grammar
for a particular prompt consisted of an optional list
of filler words (um, uh, yes, etc.), response variants,
and any optional markers of politeness (please, thank
you, etc.). The grammars for the text-coordinated ver-
sion accepted only utterances taken verbatim from the
visual display (Table 1).

The application was built using the Nuance speech
recognition system (v7.0.3). We created a component
(The Recognizer Manager) that handled language and
dialog processing using the Nuance Application Pro-
gramming Interface. The Recognizer Manager also
processed incoming phone calls and updated the text
display of a Java Graphical User Interface on a remote
computer via a socket-based network protocol. The
voice signal was sent from the modem to the speech
recognizer using Open H.323, an open source H.323
implementation.

Finally, we created a database of 20 “customers,’
each associated with a first and last name, address

(street and number, city, state and zip code) and birth
date (month, day and year). This customer list was
linked to the dialog application such that slots in the
recognition grammars were tied to the appropriate keys
in the database.

Given this basic overview of application architec-
ture, we turn in Section 3 to the description of an ex-
periment that compared recognition performance and
user behavior between the text-coordinated and no-text
versions of the application.

3. Experiment
3.1. Subjects and Experimental Setup

Twenty undergraduate volunteers enrolled in an intro-
ductory linguistics course at UNC Chapel Hill were
randomly assigned to evaluate the text-coordinated or
no-text version of the application. Each group consisted
of 7 female and 3 male participants. Subjects received
$5 for participating. This portion of the experiment
was conducted in the phonetics lab at UNC Chapel
Hill.

Subjects were seated individually at a desk with a
computer monitor and telephone on it, and were given
a sheet with a name, account number and address that
corresponded to an entry in the customer database. Sub-
jects were asked to assume the given identity while they
completed the experiment. Once they dialed into the
system, located in the language lab in the Computer
Science Department at Duke University, they received
pre-recorded instructions over the phone describing a
scenario involving their credit card that they had to
work through. An experimenter at Duke monitored the
dialog and manually selected the next dialog state if
recognition remained unsuccessful after three attempts
by the system to understand the answer to a given
prompt. Each participant made two phone calls cor-
responding to the scenarios shown in Table 2.

Table 2. Initial prompts to describe experimental scenarios.

Scenario one  “You tried to purchase a new microwave, and your
wallet was not where you expected. Now you
have looked everywhere and are worried that
your credit card might fall into the wrong hands.

Would you like for me to repeat the scenario?”

Scenario two  “You have a new job in Austin, Texas and wish to
let your credit card agency know. Would you

like for me to repeat the scenario?”
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You say:

Change Address
Lost Card

Card Balance
Credit Limit
Charge Denied

Figure 3. Text display for greeting prompt: “Hello. This is Fred,
Duke’s automated credit card help desk computer. How may I help
you?”

After completing the phone calls, participants filled
out a subjective evaluation form. The total procedure
took approximately 15 minutes per subject.

The text-coordinated group of subjects was told to
watch the computer screen for directions on how to re-
spond to each of the computer’s questions as the dialog
progressed. The text cues were presented using large
black letters in a Java window with a white background
centered in a white screen. Figure 3 shows the text cues
coordinated to the initial greeting prompt and is rep-
resentative of the appearance of the text cues for the
other prompts as well.

The no-text group was presented a blank white
screen and was asked to answer the computer’s ques-
tions as the dialog progressed.

3.2.  Results

The dialogs were recorded as part of the experiment
and later transcribed by one of the experimenters. On
the basis of this information, we calculated values for a
number of variables reflecting both user behavior and
system performance between the two versions of the
application. Users of the text-display version of the ap-
plication averaged 2.9 words per turn versus 4.7 words
per turn for the users who did not see the text prompt,
a difference that a one-factor ANOVA run on a per-
utterance word count between the two groups indicates
as significant (F(1,403) =13.9, p <.0001). However,
the text cues had an even bigger impact on the length
of responses to the initial open-ended prompt “How
may I help you?” Users without text cues averaged
16.9 words per response vs. 3.5 words for the text-cued

group in answering that prompt, again a significant dif-
ference (F(1,34)= 17.6, p < .0001). Users without
the text prompt tended to provide more scenario-related
background for their call, i.e., “Um, I moved to Austin
Texas, I have a new job, and I wanted to let you know
so I could change the address on my account.”, whereas
the text-cued group successfully mapped the reason for
their call onto the limited set of in-grammar responses
indicated onscreen. Out-of-grammar responses (utter-
ances whose syntactic structure was not parsable by
our grammar) constituted 6% of the text-cued group’s
total, versus 13% for the other group. Binary logistic
regression on a per utterance out-of-grammar measure
between groups indicates that this difference is signif-
icant as well (F(1,403)= 7.06, p < .03). Most of the
text-cued group’s out-of-grammar responses consisted
of some type of conversation management, i.e., “Um,
I’d like to change my address,” versus the type of extra
background information that the uncued group tended
to provide.

Table 3 contains measures of system performance
related to the recognition of user utterances. These vari-
ables were calculated on the basis of several standard
evaluation metrics (Becchetti and Ricotti, 1999): sub-
stitution errors (the recognizer mistakes the actual word
for another in its vocabulary), insertion errors (the rec-
ognizer hypothesizes a word when none was actually
spoken), and deletion errors (the recognizer fails to reg-
ister a spoken word). As expected given the user behav-
ior noted above, the overall accuracy (1 — [#insertions
+ #deletions + #substitutions]/#total words) of the
text-display version of the application was 30% higher
than for the no-text version, presumably a direct conse-
quence of the limited vocabulary and simplistic recog-
nition grammar employed by the former. The results of
a one-factor ANOVA run on a per-utterance accuracy

Table 3. Comparison of system performance for the two versions
of the application. The text display version is significantly more ac-
curate than the no-text version: F(1,403)= 19.70, p < .0001. Ac-
curacy measured by 1 — [#insertions + #deletions + #substitutions]/
#total words.

Text display No text
# Words spoken 512 1081
# Words correctly recognized 270 279
Insertions # (%) 1 (0%) 9 (B3%)
Deletions # (%) 226 (44%) 810 (75%)
Substitutions # (%) 21 (4%) 34 (3%)
Accuracy 52% 21%
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rate between the two groups indicate that this differ-
ence is significant (F(1,403) =19.70, p <.0001). For
both versions of the application, deletions accounted
for the majority of recognition errors (text-cued: 44%,
no-text: 75%).

Although we observed a significantly higher ac-
curacy rate for the text-coordinated version of the
application, the actual accuracy rates for both ver-
sions (text-cued: 52%, no-text: 21%) are notably below
recognition rates commonly reported for tasks of simi-
lar complexity and environmental conditions (see, e.g.,
Martin and Przybocki, 2001). At least part of the ex-
planation for the overall poor recognition results may
lie in the fact that the H.323 implementation we used
for the experiment dropped packets, causing the voice
signal to be degraded. Unfortunately, this fact was not
revealed until post-experiment testing, at which point
we switched over to a different method of transporting
the audio signal to the recognizer.

After completing both calls, users filled out a sub-
jective evaluation asking them to rate their experience
with the system based on the seven statements shown
in Table 4. Subjects indicated how strongly they agreed
or disagreed with each statement by circling a number

Table 4. Average user responses to subjective evaluation form.
Scale: 1 (=strongly disagree) to 5 (=strongly agree). Differences
between the two groups for each statement are not significant.

Std.  Std. error

Statement Dep. Var. Mean Dev. mean
1.1 was able to complete Text 5.00 .000 .000
the required task. NoText 455 1.023 324
2.1 found the system Text 4.6 505 .16
intuitive and easy to use. No Text 4.2 781 247
3. The system recovered Text 4.7 483 153
gracefully from errors. NoText 3.9 1.101 348
4. The system understood Text 42 844 267
what I said. NoText 39 962 .304
5. The length of the dialog Text 4.6 .667 211
was not excessive. NoText 4.7  .644 204
6. Given a choice between Text 4.7 469 .148
using this system or NoText 375 14 443
waiting five minutes for a
human operator, I would
choose to use this system.
7. The system was easierto  Text 4.10 1.101 348

use the second time when
compared to the first
interaction.

NoText 4.10 994 314

ranging from 1 (=strongly disagree) to 5 (=strongly
agree). Although user responses for the text-cued group
were slightly higher on average, an independent sam-
ples ¢-test (2-tailed) indicated no significant difference
between the responses of the two groups.

4. Discussion

In general, our results are in line with other studies
showing that giving users an explicit model of sys-
tem capabilities improves the quality of the interac-
tion in terms of performance and user satisfaction (e.g.,
Walker et al., 1998; Karsenty, 2002). We interpret the
similar average scores of the two groups to the subjec-
tive evaluation favorably, on the assumption that frus-
tration with the conversational requirements imposed
by the text cues would be reflected in lower scores.
The fact that the scores for the text-cued group were
not lower may be taken to indicate that those users did
not feel any more constrained by the nature of their in-
teraction with the system than did the un-cued group.
Furthermore, we may speculate that had the voice-
only version of the application contained lists of valid
responses or other explicit speaking instructions, the
scores for the uncued group would have been corre-
spondingly lower; however, the obtained results do not
speak directly to that claim.

Given that 94% of the text-cued responses were
grammatical even within a simplistic recognition gram-
mar suggests that this type of multimodal speech in-
terface represents an effective way to constrain user
response. Responses to the open-ended prompt were
influenced notably by the text cues, suggesting that
naturally structured voice interfaces can make efficient
use of people’s ability to incorporate visual informa-
tion into the meta-task parameters of their interaction
with the system. This type of dialog interface accom-
modates user expectations for conversational content
of direct pragmatic relevance to the task and retains the
system-oriented advantages obtained by explicitly stip-
ulating licit user behavior. However, this type of multi-
modal design is no more flexible in terms of adapting to
unanticipated user behavior than would be a similarly
restrictive, single modality dialog interface. We would
also expect considerably worse performance for the
subset of users consistently not conforming to the text
instructions than for a system that employed a more
comprehensive grammar. Furthermore, the simplistic
keyword matching type of recognition grammar that
our particular results support is antithetic to intelligent
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dialog applications capable of extracting semantic in-
tent from grammatically complex user utterances.

Introducing a visual component into the dialog inter-
face raises a number of additional issues not explicitly
addressed by the current study. Cases requiring variable
responses that cannot be represented literally onscreen
(i.e., (Name) or (Zip Code) for the user’s actual name
or zip code) may be problematic for people conditioned
to say exactly what they see in a text prompt, although
none of the participants in this experiment had any ap-
parent difficulty. A speech interface dependent on a text
display would be considerably less accessible to visu-
ally impaired users than a voice-only interface. Also,
text prompts are a distraction in environments where
vision is preoccupied with some other task, and poorly
literate users may find such systems unacceptable. We
would expect that both of these situations would result
in increased cognitive load.

The current study points to several further research
questions involving this type of multimodal dialog in-
terface. A comparison between this application and a
traditional system in which user response options are
presented via voice menus (versus the open-ended style
of this application’s voice-only prompts) may be in-
structive and would allow for a more direct assessment
of cognitive load. Tests of the application in degraded
environments (versus laboratory conditions) could ex-
amine how text cues affect system performance and
user satisfaction in noisy conditions and altered visibil-
ity conditions (changing the size of the display screen
or the size of the characters on the screen, for example).
Finally, examining the effects of a text display on user
experience may also be of interest; we would expect a
carefully designed text component to reduce the num-
ber of interactions with an interface before users could
navigate it quickly.

The results of this study demonstrate that a textual
component of a dialog interface may be coordinated
with spoken prompts to constrain user responses effec-
tively. This allows for the use of a smaller recognition
grammar, which in turn increases the likelihood of ac-
curate speech recognition. Furthermore, taking advan-
tage of bimodal information presentation should ease
the amount of cognitive load and unnaturalness associ-
ated with voice-only interfaces that similarly constrain
user response options. Users of our bimodal dialog
application judged their interaction with it as favor-
ably as users of a nonrestrictive, voice-only version
did, suggesting that under the appropriate conditions,
a multimodal speech interface represents a design that

constrains user response while maintaining natural and
efficient dialog flow.
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