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ABSTRACT

This paper reports experimental results comparing a mixed-initiative to a system-initiative dialogue strategy in the
context of a personal voice email agent. To independently test the effects of dialogue strategy and user expertise,
users interact with either the system-initiative or the mixed-initiative agent to perform three successive tasks which
are identical for both agents. We report performance comparisons across agent strategies as well as over tasks. This
evaluation utilizes and tests the PARADISE evaluation framework, and discusses the performance function derivable
from the experimenta data.

1 Introduction

Recent advances in spoken language processing, text-to-speech, dialogue modeling, and computational power have led
to the devel opment of spoken dia ogue agents for many types of information services. Much work to date has focused
on the development and evaluation of the component technologies and on the non-trivia task of making them work
together. This has led to a number of fully integrated systems that can be experimentally evaluated with real users
carrying out representative tasks. Continued progress in understanding what design choices make the most effective
systems requires ageneral spoken dial ogue eval uation framework that supportsthe quantitative comparison of different
agent designs in the context of actual use. For example consider the two aternative dialogue strategies for a voice
email agent, exemplified by the dialoguesin 1 and 2 (A isthe agent and U is the user):

(D1) A:Hi, Elvishere. You have 5 new and O unread messages in your inbox. Say Repesat to repeat your messages,
or say Read, Summarize, or I’'m done here.

: Read.

: Select by Content or Position?

: Content.

: Select by Sender or Subject?

Sender

: Which Sender?

- Kim.

: The message from Kim is about Meeting Tomorrow. The meeting tomorrow isat 10:30 in 2D-516.

>CH>CPC>C

(D2) A: Hi, Elvishere. I've got your mail.
: Read me my messages from Kim.

: The message from Kim is about Meeting Tomorrow. The meeting tomorrow isat 10:30 in 2D-516.

>Cc>
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Both of these agents support the same task functionality for voice access to email. The agent in D1 is based on a
system-initiative dialogue strategy, whereas the agent in D2 is based on a mixed-initiative dialogue strategy. The
system-initiative strategy acquires information in small increments and constrains the user to single word utterances
whose content is explicitly prompted for. The mixed-initiative strategy lets the user control the dialogue, doesn’t
provide information unless the user asks for it, and allows the user random access to al the application functionaity
with utterances that combine a set of information requirements.

It may seem obvious that the mixed-initiative strategy in D2 is preferrable tothe system-initiative strategy in D1.
Previous work has emphasized the utility of mixed-initiative dialogue strategies in advice-giving and diagnostic
dialogue domains [8, 6]. However, other work suggests that the performance of the system-initiative system may
be superior [4, 1, 5]. One reason for this is the less than perfect performance of current speech recognizers. The
mixed-initiative strategy requires more complex grammars, possibly resulting in higher automatic speech recognition
(ASR) error rates. Thisin turn may lead to a higher overall task error rate, or extremely long repair subdiaogues. A
second potentia problem is that the mixed-initiative strategy requires users to learn what the system can understand,
since the system does not explicitly prompt them with valid vocabulary.

This suggests that the mixed-initiative strategy may be more suitable for experienced users. However, previouswork
has failed to evaluate spoken dia ogue agents in the context of repeated use by a single user as would be expected in
the case of an email agent. It islikely that (1) users become more expert over time; and (2) in the future systems will
adapt and learn. Thus it is important to evaluate changes in performance over time. We hypothesize that the more
experience auser has with the system, the better the mixed-initiative strategy will perform.

This paper describes theimplementation of these two dia ogue strategiesin an agent for accessing email by phone. We
present the results of experiment in which users perform a series of tasks by interacting with an email agent using one
of the dialogue strategies. We a so describe how our experimental results can be framed in the PARADISE framework
foreva uating dial ogue agents.

2 System Design

In order to determine the basic application requirements for email access by telephone, we conducted a Wizard of
Oz study. The Wizard simulated an email agent interacting with six users who were instructed to access their email
over the phone at least twice over afour-hour period. In order to acquire a basic task model for email access over the
phone, the Wizard was not restricted in any way, and users were free to use any strategy to access their mail. The study
resulted in 15 diaogues, consisting of approximately 1200 utterances, which were transcribed and analyzed for key
email access functions.

We categorized email access functionsinto general categories based on the underlying application, aswell aslanguage-
based requirements, such asthe ahility to use referring expressionsto refer to messages in context (as them, it, that), or
by their propertiessuch asthe sender or the subject of the message. We summarized the functionsused most frequently
in our Wizard of Oz study; these frequencies were used to prioritizethe design of the application layer. We concluded
that the email agent should minimally support: (1) reading the body of a message and the header information; (2)
summarization of the contents of an email folder by content-related attributes, like sender or subject; (3) access to
individual messages by content fields such as sender and subject; (4) allow cancelation and repetition by the user and
clarifying help from the system.

Weimplemented both the system-initiativeand themixed initiativeversions of theemail agent withinagenera -purpose
platform for voice dialogue agents, which combines ASR, text-to-speech (TTS), aphoneinterface, an applicationlayer,
and modules for specifying the dialogue manager and the application grammars [3]. The email application demands
several advanced capabilities from these component technologies. First, ASR must support barge-in, so that the user
caninterrupt the agent when it isreading along email message. Second, the agent must use TTS dueto thedynamic and
unpredictable nature of email messages; prerecorded prompts are not sufficient for email access. Third, the grammar
module must support dynamic grammar loading because the ASR vocabulary must change to support selection of
email messages by content fiel ds such as sender and subject.

AT&T — PROPRIETARY
Use pursuant to Company Instructions



The application layer isimplemented as a separate module called the Email Application Interface (EMAL). EMAL is
compatible with saveral e-mail server protocols, e.g. POP3, IMAP4 and SMTP, and is based on the standard known
as RFC822. It aso decodes the MIME standard for attachments (Text, Graphics, Application specific, Video, Sound),
and provides the information back to the application.

EMAI provides a set of basic email access functions to the dialogue manager. One feature is access to message
attributes such as subject, author, body, unique message 1D, and any attachments. A second set of features supports
selection of messages by message attributes such as subject or sender, or by positiona attributes such as previous,
next, or last. Third, sets of messages can be sorted by message attributes such as the Author’s Reply Address, Date,
Subject, Status, Length, or Priority. Fourth, messages and message folders can have their statusinformation updated.
For example, after the agent reads a message to a user the status may be changed from new to read, or after the user
says‘deleteit’, the status is modified from new to deleted. Fifth, the application layer preprocesses the message body
for TTS to modify material not easily realized in speech [2]. Finaly, therecursive structure of dial oguerequires EMAI
to manage a stack of folders reflecting the dialogue structure. The main advantage of EMAI to the dia ogue manager
isthat it abstracts from the implementation of the application system, so that the same application layer can be used
with different underlying mail systems. Both versions of the email agent have identical task functiondity.

The dialogue manager uses a state machine to implement both the system-initiative and the mixed-initiative dialogue
strategy. Each state includes parameter specifications for: (1) an initia prompt, which the agent says upon entering
the state (thismay include a response to the user’s current request); (2) whether barge-in isenabled; (3) ahelp prompt
the agent says if the user says help; (4) multiple rgjection prompts the agent says if ASR rejects the user’s utterance;
(5) multiple timeout prompts the agent says if the user doesn’t say anything; and (6) a grammar specifying what the
user can say. Transitionsbetween states are driven by a crude semantic interpretation of user’s utterances.

There are two main differences between the mixed-initiative and system initiative dialogue strategies. First, the
mixed-initiative agent does not volunteer information initsinitial prompt, or explicitly tell the user what to say. This
information is obtainable at the user’sinitiativeby waiting for the timeout prompt to play or by saying Help. Secondly,
asshownin D1 and D2, the system-initiative agent severely constrains the recognition grammar available at any point,
and prompts the user for each increment of information needed to carry out an application function. In contrast,
the mixed-initiative agent allows most responses at dl times, and alows the user to speak in full sentences which
specify multipleargumentsto application functions simultaneously. Interms of the state machine, the mixed-initiative
version’s main state corresponds to 8 system-initiative states, reflecting the fact that the system-initiative version is
more restrictive and has more constrained ASR grammars.

3 Experimental Design

The experiment required users, randomly assigned to one agent or the other, to complete three tasks in three separate
conversations with the agent. Users were instructed how to do the experiment using a set of three web pages, one for
each experimental task. Each web page consisted of a brief genera description of Elvis, alist of hintsfor using Elvis,
a description of the task to be performed, and information on how to call Elvis. The page aso contained aform in
which users had to specify the information they acquired from the agent over the course of the dialogue, and a survey,
to befilled out after task completion, designed to probethe users’ satisfaction with the system.

Each user performed three tasks in sequence, and each task consisted of two subtasks. Six users were assigned to
the mixed-initiative agent and 6 users to the system-initiative agent. Thus the experiment resulted in 36 dialogues
representing 72 attempted subtasks. To be consistent with the PARADISE evaluation framework [7], each subtask
was represented by a scenario where the agent and the user had to exchange information about criteria for selecting
messages and i nformation withinthe message body. For example, in one scenario the user isexpecting email fromKim
about a meeting and needs to find out the time and place of that meeting (asin Dialogue D1 and D2). Thisscenariois
represented in terms of the attribute value matrix (AVM) in Table 1.

Successful completion of the scenario requires that all attribute-values must be exchanged; the sender and subject
attributesthat are usable as sel ection criteriaare known by the user at the beginning of the dial ogue, whilethe attributes
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attribute value

Selection Criteria | Kim Vv Meeting
Email.att1 10:30

Email .att2 2D516

Table 1: Attribute Value Matrix: Email Scenario Key for Dialogues 1 and 2

to be extracted from the body of the email message are acquired from the agent in the course of theinteraction. All of
the subtasks were similar to that shown in Table 1. Notethat the task’s information-exchange requirement represented
inthe AVM isindependent of the agent strategy used to accomplish the task.

Experimental resultswere collected by three means, and a series of variableswere extracted. First, al of the dialogues
were recorded. This supports utterance transcription and checking aspects of the timing of the interaction, such as
whether there were long delays for agent responses, and whether users barged in on agent utterances. In addition, it
providesarecord of exactly what the user said, and was used to cal culate thetota time of the interaction (the variable
named Elapsed Time).

Second, the system logged the agent’s dialogue behavior on the basis of entering and exiting each state in the state
transition tablefor thedialogue. For each state, the system logged the number of timeout prompts (Timeout Prompts)
, ASR Rejections, and thetimesthe user said Help (Help Requests). The number of System Turns and the number of
User Turns were calculated on the basis of thisdata. 1n addition, the ASR result for the user’s utterance was logged.
The recordings were used in combination with the logged ASR result to calculate a concept accuracy measure for
each utterance. Mean concept accuracy was then calculated over the whole dial ogue and used as a M ean Recognition
Score for the dia ogue.

Third, users were required to fill out the web page forms after each task specifying whether they had completed the
task and theinformationthey had acquired fromthe agent (Task Success). In Table 1, thisinformationisthe valuesfor
Email.attl and Email.att2. In addition, users responded to a survey on their subjective evaluation of different aspects
of the agent’s performance for that task with the following questions:

o Was Elviseasy to understand in this conversation? (T TS Performance)

¢ Inthisconversation, did Elvis understand what you said? (ASR Performance)

¢ Inthisconversation, wasit easy to find the message you wanted? (Task Ease)

o Wasthe pace of interaction with Elvis appropriatein this conversation? (I nteraction Pace)

¢ Inthisconversation, did you know what you could say at each point of the dialogue? (User Expertise)
o How often was Elvis sluggish and slow to reply to you in this conversation? (System Response)

¢ Did Elviswork the way you expected him to in this conversation? (Expected Behavior)

¢ Inthisconversation, how did Elvis svoiceinterface compare to the touch-toneinterfaceto Audix? (Comparable
Interface)

o Fromyour current experience with using Elvisto get your email, do you think you'd use Elvisregularly to access
your mail when you are away from your desk? (Future Use)

Most questions responses ranged over vaues such as (almost never, rarely, sometimes, often, almost always), or an
equivaent range. Each of these responses was mapped to an integer in1 ... 5. Some questions had (yes, no, maybe)
responses. Each question emphasized the user’s experience with the system in the current conversation, with the hope
that satisfaction measures would indicate perceptions specific to each conversation, rather than reflecting an overall
evaluation of the system over the three tasks. We calculated a Cumulative Satisfaction score for each dia ogue by
summing the scores for each question.
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4 Experimental Results

Our goa was to examine performance differences between the mixed-initiative strategy and the system-initiative
strategy, when the task is held constant, over a sequence of three equival ent tasks in which the users might be expected
to learn and adapt to the system. We hypothesized that the mixed-initiative strategy might result in lower ASR
performance, which could potentialy reduce the benefits of user initiative. In addition, we hypothesized that users
might have more trouble knowing what they could say to the mixed-initiative agent, but that they would improve their
knowledge over the sequence of tasks. Thuswe hypothesi zed that the system initiative agent might be superior for the
first task, but that the mixed initiative agent would have better performance by the third task. Thus, our experimental
design consisted of three factors: strategy, task and subject. Each of our result measures were analyzed using a
three-way ANOVA for these three factors. Effects that are significant as a function of strategy indicate differences
between thetwo strategies. Effectsthat are significant as afunction of task are potentia indicatorsof learning. Effects
that are significant by subject may indicate problems individua subjects may have with the system , or may reflect
differencesin subjects’ attitude to the use of spoken dialogueinterfaces. We will discuss each of these factorsin turn.

We first calculated task success using the « statistic[7].

P(A) - P(E)
R ————————=
1— P(E)
P(A) isthe proportion of times that the AVMs for the actual set of dialogues agree with the AVMs for the scenario
keys, and P(E) is the proportion of times that we would expect the AVMs for the dialogues and the keys to agree by
chance. Over al subjects, tasks and strategies, P(E) = .50, P(A) is.95, and K is.9. Thus users completed the assigned
task in amost al cases.

Results of ANOVA by strategy, task and subject showed that there were no significant differences for any factors
for Task Completion (Kappa), Cumulative Satisfaction, or Elapsed Time to complete the task. However there are
differences in the individual satisfaction measures, which we will discuss below. We believe the lack of an effect for
elapsed time reflects the fact that the dominant time factor for the system is the email access application layer, which
was constant across strategy.

Aswe hypothesized, the Mean Recognition Score for the system-initiative strategy (SI) was better than the recognition
score for the mixed-initiative strategy (MI) (df = 1, F = 28.1, p < .001). Mean Recognition Score for Sl was .90,
while the Mean Recognition Score for M1 was .72. Furthermore, the performance ranges were different, with a
minimum score for M1 of .43, as compared to a minimum score for S| of .61. The number of ASR Rejections was
also significantly greater for the MI strategy, with the system rejecting an average of 1.33 utterances per dialogue, as
compared with only .44 utterances per dialogue for Sl (df =1, F = 6.35, p< .02). However, despite the poorer ASR
performance, the average number of User Turns was significantly less for M1 (df =1, F= 6.25, p < .02). The average
number of User Turnsfor Sl was 21.9 utterances, as compared with a mean of 15.33 for MI.

We had hoped that users of the MI strategy would avail themselves of the context-specific help to learn the agent’s
valid vocabulary. While use of Help Requests was not significant by strategy, more Timeout Prompts were played for
MI (df =1, F=62.4, p < .001). The mean number of timeouts per dialoguefor S| was .94, whilethe mean for M1 was
4.2. Timeout Prompts suggest to the user what to say, and are triggered by occasions in which the user says nothing
after asystem utterance, perhaps because they don’t know what they can say. For example, the most commonly played
prompt for M1 was You can access messages using values from the sender or the subject field. If you need to know a
list of senders or subjects, say ‘List senders’, or ‘List subjects’. If you want to exit the current folder, say ‘I'mdone
here'.

In terms of user satisfaction measures, there were no differences in the Task Ease measure as a function of strategy;
users did not think it was easier to find relevant messages using the Sl agent than the MI agent, even on the first
day. Users perceptions of whether Elvisis sluggish to respond (System Response) aso did not vary as a function of
strategy, probably because the response del ays were due to the application layer, which isidentical for both strategies.
However users did perceive differences in the Interaction Pace of the system. Users were more likely to perceive
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the pace of M1 as being too dlow (df =1, F = 14.01, p <.001). One possible source of this perception is that the Sl
strategy kept users busy more of the time, specifying small incremental pieces of information. Thus the average pace
of interaction in the Sl strategy would be faster, except for those interactions that finally accessed the specified email
folder or message. In contrast, every Ml interaction could result in accessing the application layer, so on average each
interaction was dlower paced, despite the fact that average task completion times were lower.

There was a difference between the M1 and the Sl agent in users' perceptions of whether the agent understood them
(ASR Peroformance) (df =1, F= 14.54, p< .001). Thisis consistent with the fact that the Mean Recognition Score
was much lower for MI. Users a so perceived the M1 agent as more difficult for them to understand (df =1, F=4.30, p
< .05), possibly because the help and timeout messages had to be longer for the M1 agent, in order to describe what
typeof input it could understand. There isatrend towards users having more difficulty knowing what to say to the M|
agent (df =1, F= 3.41, p< .07).

As mentioned above, factorsthat are significant as a function of task are potential indicators of learning effects. Mean
Recognition Score was significant as a function of task (df = 2, F= 4.2, p < .03). The Mean Recognition Score for
Ml for task 1 was .69, for task 2 was .68, and for task 3 was .80, showing a potential learning effect of adapting to the
system’s language limitations over successive task. Mean recognition score for Sl did not improve over task, in fact
showing evidence that task 2 was more difficult, with task 1 mean recognition at .95, task 2 at .82 and task 3 at .94.
The average number of ASR Rejections per dialogue was a so significant as afunction of task (df =2, F = 3.3, p< .05).
ASR Reections averaged 1.33 for M1 for task 1, 2.0 for task 2 and .67 for task 3. For Sl, ASR rejections averaged
.16 for task 1, 1.0 for task 2 and .16 for task e. Finaly, the number of Help Requests per dialogue was significant as
afunction of task (df = 2, F = 4.8, p< .03). Users usually asked for help on the first task but not afterwards. Users
perceptions of knowing what they could say (User Expertise) also improved over successive tasks for both versions of
the system (df =2, F = 4.67, p < .02), showing the largest improvement for M1, aswe hypothesized. For thisquestion,
1 was mapped to almost never while 5 was mapped to almost always. The mean for Sl was 3.67 for task 1, 2.83 for
task 2 and 4.0 for task 3. Themean for Ml was 2.33 for task 1, 3.00 for task 2, and 3.67 for task 3. Thusat the begining
of the experiment, most M| subjects thought that they rarely knew what to say, and by the end of the experiment, felt
that they often knew what to say.

Severa factors were also significant as a function of subject. Some subjects may have had an easier time using the
system. There were significant differencesin Mean Recognition Score (df = 10, F = 2.7, p < .02), and the frequency
with which the system played Timeout Prompts as afunction of subject (df = 10, F= 3.07, p < .01). Itisalso clear that
subjects’ perceptions of the system varied. The user’s perception that they knew what they could say (User Expertise)
differed (df = 10, F = 3.00, p < .01), as well as whether Elviswas easy to understand (TTS Performance) (df = 10, F
=3.71, p< .005). Perceptions of whether Elviswas dow or uggish to respond (System Response) differed (df = 10,
F =296, p < .02), aswdl as feelings about whether Interaction Pace was appropriate (df = 10, F = 4.84, p < .001).
Finally, comparisons of Elvisto Audix (Comperable Interface) varied across users (df = 8, F=3.74, p < .01) .

5 Performance Function Estimation

Given this experimental data, we can estimate which factors are most significant in predicting cumulative user
satisfaction, and thus which factors might form the basis of a predictive performance function, asin [7].

Multivariatelinear regression using all the objective performance measures showsthat the only significant contributors
to cumulative user satisfaction are user turns and mean recognition. The results of a second regression with only these
factors included shows that user turnsis significant at p < .03, and that Mean Recognition is significant at p< .0001,
and that the combination of these two variables accounts for .42% of the variance in cumulative user satisfaction,
the external validation criterion. Kappa, as a measure of task success is not a significant variable because subjects
completed dl thetask in 33 out of 36 cases, leaving very littlevariancein thedata. The predicted performance function
is:

Performance = .63 * N (M ean Recognition) — .32 N (UserTurns)
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Applying this performance function to our experimental data, independent of task, suggeststhat the Sl strategy overall
performs better. The mean performance over all subjects for Sl is.214, while mean performance for Ml is-0.213.
However, as with the other measures, the performance of the M1 strategy improves over each successive task, with
performance at -0.27 for task 1 rising to 0.125 by task 3. Thusit is possible that over time, as users acquire expertise
that the performance of M| would outpace that of Sl.

6 Conclusion

In this paper, we've discussed the results of an experiment comparing a mixed-initiative dialogue agent with a
system-initiative dialogue agent, in the context of a personal agent for accessing email messages by phone. Our
initial hypotheses were that the system-initiative strategy would be better for inexperience users, but that as users
gained experience with the system over successive tasks, the mixed-initiative strategy would be preferred. Our results
demonstrated that user’s satisfaction and ease with of use with the M| strategy did improve over successive tasks.
However, the overall performance function derived from the experimental data showed that the M1 strategy did not
surpass the Sl strategy over the three tasks. Future experiments giving users more experience with the system are
needed to test this hypothesisfurther.
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