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Abstract.

In this paper, we argue for the need to distinguish between task initiative and dialogue
initiative, and present an evidential model for tracking shifts in both types of initiatives in
collaborative dialogueinteractions. Our model predictsthe task and dialogueinitiative holders
for the next dialogue turn based on the current initiative holders and the effect that observed
cues have on changing them. Our evaluation across various corpora shows that the use of cues
consistently provides significant improvement in the system’s prediction of task and dialogue
initiative holders. Finally, we show how this initiative tracking model may be employed by
a dialogue system to enable the system to tailor its responses to user utterances based on
application domain, system’srole in the domain, dialogue history, and user characteristics.
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1. Introduction

Naturally-occurring collaborative dialogues are very rarely, if ever, one sid-
ed. Instead, initiative of the interaction shifts among dialogue participantsin
a primarily principled fashion, signaled by features such as linguistic cues,
prosodic cues, and inface-to-faceinteractions, eye gaze and gestures. Further-
more, patterns of initiative shifts between participants may differ depending
on the task the participants are attempting to accomplish, on the roles they
each play in thistask, and on their experience in interacting with each other
in current and previous dialogues. Thus, in order for a dialogue system to
successfully collaborate with its user on their interaction, it must be able
to dynamically track initiative shifts during their interaction by recognizing
the user’s cues for initiative shifts, and by providing appropriate cues, when
necessary, in its responses to user utterances.

Toillustrate merely one of the many decisionsthat adia ogue system must
make when generating responses to user utterances, consider the following
dialogue segment between abank teller and a customer where we show three
possible responses that the teller may provide in response to the customer’s
guestion:

(2) C: | need some money.
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(20 Howmuchdo | have in my 6-month CD?
(3a) T: You have $5,000 in that CD.

(3b) T: You have $5,000 in that CD, but that CD will not mature for
another 3 months.

(3c) T: You have $5,000 in that CD, but that CD will not mature for
another 3 months. However, you have $3,000 in another CD
that will be available next week.

In response (3a), the teller directly answers the customer’s question. In
(3b), theteller conveys her belief in theinvalidity of the customer’s proposed
plan, whilein (3c), she conveystheinvalidity of the proposal and proposesan
alternative solution. Given that al three alternative responses are reasonable
continuationsof the dial ogue, the question that comesto mindiswhat criteria
should a dialogue system adopt to select one response over the othersgiven a
particular circumstance? Existing cooperative response generation systems
(e.g. (van Beek, 1987; Pollack, 1990; Chu-Carroll and Carberry, 1994)) are
able to select response (3a) versus (3b)/(3c) based on whether or not the
customer’s proposal isin fact valid; however, to our knowledge, no existing
model isableto distinguishbetween responses (3b) and (3c), and to determine
the circumstance under which each response is appropriate. We propose to
approach this decision-making process from an initiative point of view, i.e.,
by viewing the difference between the alternative responses as a difference
between the levels of initiative exhibited by each dialogue participant. This
model then allows a dialogue system to select an appropriate response based
on how initiativeis distributed anong the participants.

In the rest of this paper, we argue that most existing models of initiative
conflate two types of initiatives, which we call task initiative and dialogue
initiative, and show how di stingui shing between these two types of initiatives
accountsfor phenomenain collaborative dia oguesthat previous modelswere
unableto explain. In particular, we show that the di stinction among responses
(338)-(3c) inthe above dial ogue can bemaodel ed by thedistribution of thesetwo
types of initiatives between the dialogue participants, i.e., the teller having
neither task nor dialogue initiative in (3a), having dialogue but not task
initiative in (3b), and having both task and dialogue initiatives in (3c). We
discuss our evidential model for tracking initiative shifts between dialogue
participants during their interaction using a set of cues that can be recognized
based on linguistic and domain knowledgealone, i .e., not considering physical
cues such as gesture and eye gaze. We demonstrate 1) the performance of our
model by showing that it can correctly predict thetask and dialogueinitiative
holdersin 99.1% and 87.8% of thedial ogueturns (compared agai nst manually
labeled initiative shifts), respectively, in the TRAINS domain in which the
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model is trained, and 2) the generality of the model by showing that its
application in various other collaborative domains consistently increases the
accuracies in the prediction of task and dialogue initiative holders by 2-4 and
8-13 absol ute percentage points, respectively, compared to asimpleprediction
method without the use of cues. Finally, we illustrate the usefulness of such
an initiative tracking model by showing how it may be incorporated into a
dialogue system to allow the dialogue system to vary its responses to user
utterances based on the factors that affect patterns of initiative shifts, such as
the application domain, the system’srolein the dialogue, the dial ogue history,
and individual user characteristics.

2. Related Work

2.1. VIEWS OF INITIATIVE

Previous work on mixed-initiative dial ogues focused mainly on tracking and
alocating a single thread of control among dialogue participants (Novick,
1988; Whittaker and Stenton, 1988; Wal ker and Whittaker, 1990; Kitano and
Van Ess-Dykema, 1991; Smith and Hipp, 1994; Guinn, 1998; Lester et al.,
1998). However, these researchers differ in terms of what they consider to
be initiative, and the circumstances under which an agent is considered to
have the initiative in a dialogue. Novick considered a dialogue participant
to have the initiative if he controls the flow and structure of the interaction
(Novick, 1988). Whittaker, Stenton, and Waker (Whittaker and Stenton,
1988; Wa ker and Whittaker, 1990) equated initiativewith control, and argued
that as initiative passes back and forth between the discourse participants,
control over the conversation gets transferred from one participant to another.
Kitano and Van Ess-Dykema (1991) considered an agent to have control of
the conversational initiative if the agent makes an utterance that instantiates
a discourse plan based on her domain plan, i.e, if the agent makes a task-
related proposal. Smith and Hipp considered initiative in dialogue to be a
representation of the control of the task (whose goals currently have priority),
and argued that the level of initiative in the dialogue should mirror the level
of initiativein the task (Smith and Hipp, 1994). Guinn considers an agent to
haveinitiative over amutual (task) goal when the agent controls how that goal
will be solved by the collaborators (Guinn, 1996; Guinn, 1998).1 Finaly, in
their work on mixed initiative problem solving, Lester et a. (1998) equate
initiative with the control on problem solving.

M ore recently, researchers have cometo the redlization that simply track-
ing onethread of initiative does not adequately model human-human dialogue

1 Guinn provides definitions for both task initiative and dialogueinitiative, but argues that
when an agent holds the task initiative, he must also hold the dialogue initiative.
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interactions. Novick and Sutton (1997) analyzed the earlier views of initia
tive and proposed a multi-factor model of initiative, including choice of task,
choi ce of speaker, and choice of outcome. Choice of task determineswhat the
conversation is about, choice of speaker model s turn-taking among dialogue
participants, and finally, choice of outcome allocates the decision or action
necessary to achieve the task. Jordan and Di Eugenio (1997), on the other
hand, argued in contrary to Whittaker, Stenton, and Walker’s view that con-
trol and initiative are equivalent. Instead, they proposed that control should
be used to describe a dialogue level phenomenon, and that initiative should
refer to the participants' problem solving goals. Cohen et al. (1998) presented
alternative theories of initiative. In one of their theories, they argued that
theories of initiative that model merely the flow of the conversation or the
task-level actionsin collaborative problem solving are problematic because
of their inappropriate mixing of initiative and conversational control. As a
result, they proposed atheory that followsJordan and Di Eugenio’sdistinction
between initiative and control. Rich and Sidner (1998) distinguish between
global initiative, which is concerned with whether or not a dialogue partici-
pant has somethingto say, and local initiative, which addressesproblemslocal
to a discourse segment such as turn-taking and grounding. In their interface
agent, however, they focus mainly on modeling global initiative. In Section 3,
we motivate our view of initiative, which consists of modeling task initiative
and dialogue initiative (Chu-Carroll and Brown, 1997a). Note that although
our distinction between task and dialogue initiativesis similar to Novick and
Sutton’s choice of outcome and choice of task, as well as to Jordan and Di
Eugenio’sinitiative and control, these ideas were conceived independently.

2.2. ANALYSIS AND USE OF INITIATIVE

Previous work on mixed-initiative interaction can loosely be grouped into
three classes. First, some researchers have developed models that capture
mixed-initiative behavior in dialogues. Novick developed a computational
model that utilizes meta-locutionary acts, such as give-turn, clarify, and
confirm-mutual , to explainissues such asturn-taking, negotiation of reference,
and confirmation of the mutuality of knowledge in mixed-initiative dialogue
interaction (Novick, 1988). Inaddition, Kitano and VVan Ess-Dykemaextended
Litman and Allen’s plan recognition model (Litman and Allen, 1987) to
explicitly track the conversational initiative based on thedomain and discourse
plans behind the utterances (Kitano and Van Ess-Dykema, 1991).

Second, some researchers have investigated the causes of initiative shifts
in mixed-initiative dialogue interaction and their effect on the structure of
discourse. Whittaker and Stenton (1988) devised rulesfor allocating dialogue
control based on utterancetypes, whichincluded assertions, commands, ques-
tions, and prompts. They then analyzed patterns of control shiftsby applying
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their rulesto a set of expert-client dialogues on resolving software problems.
They noted that the the majority of control shifts are signaled by prompts,
repetitions, or summaries, whilein the remainder of the cases, control shifts
as aresult of interruptions. Walker and Whittaker (1990) subsequently uti-
lized the control allocation rules devised by Whittaker and Stenton to perform
1) a comparative study of the cues used to signa control shiftsin different
typesof dia ogues (advice-giving dia ogues and task-oriented dial ogues), and
2) an analytical study of control segmentation and the structure of discourse
by analyzing the distribution of anaphora with respect to control segmentsin
advice-giving dial ogues.

Third, some researchers have taken into account the notion of initiative
in dialogue interactions and have developed dialogue systemsthat vary their
responses to user utterances based on their models of initiative. Smith and
Hipp (1994) developed a dialogue system that varies its responses to user
utterances based on four dialogue modes, directive, suggestive, declarative,
and passive. These dialogue modes characterize the level of initiative that
the system has in a dialogue, and affect the topic selection in the system’s
response generation process. For instance, in the directive dialogue mode,
the system has complete dialogue control and will not alow interruptions
from the user to other subdialogues. Thus, during topic selection, the system
simply pursuesits current goal without regard for the user’s focus. However,
in their system, the dialogue mode is determined at the outset and cannot
be changed during the dialogue. Guinn (1996; 1998) subsequently developed
a system that allows change in the level of initiative based on each agent’s
competency in compl eting the current subtask. Guinn employsa probabilistic
model for eval uating competency based on the likelihood of each agent’s path
for solving the goal being successful. The initiative setting of the dialogueis
then based on the result of this competency evauation.

Our work overlaps with work in classes two and three above. We investi-
gated potentia cues that trigger initiative shifts, and developed a moddl that
tracks the distribution of task and dialogue initiatives between participants
during the course of a dialogue based on the combined effect of a set of
observed cues. Thelong term goal of thiswork isto incorporate our initiative
tracking model into a dialogue system in order to alow the system to tailor
itsresponses to user utterances under different circumstances.

3. Task Initiativevs. Dialogue I nitiative

3.1. MOTIVATION

Asdiscussed in the previous section, most existing models of initiative focus
on tracking a singlethread of initiative, often considered to be the conver sa-
tional lead, among dial ogue participants during their interaction. However,
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we argue that merely maintaining the conversational lead is insufficient for
modeling complex behavior that affects a dialogue system’s decision making
process during response generation. We illustrate this argument by analyzing
in further detail the dialogue segment shown in Section 1 using a model of
initiative that tracks only the conversationa lead, such as that of Whittaker
and Stenton (1988).

In utterances (1) and (2), C states her goa and requests for information as
part of formulating a plan to achieve this goa; thus C has the conversational
lead at thispointinthedialogue. In utterance (3a), T providesadirect response
to C's question; hence the conversational lead remains with C. On the other
hand, in utterances (3b) and (3c), instead of merely answering C's question,
T takes control of the dialogue by further initiating a subdiaogue to correct
C's invalid plan of attempting to withdraw money from an immature CD.
However, existing modelsfor initiative, when adopted by a dialogue system,
cannot distinguish between situations when it may be more appropriate to
provide a response such as (3b) and those when a response such as (3c) may
be more desirable. A comparison between (3b) and (3c) shows that the two
responses differ in the level of involvement that T hasin the agents' planning
process. More specifically, in (3b), T merely conveys the invalidity of C's
proposal, whilein (3c), T further actively participatesin the planning process
by explicitly proposing what she believesto be avalid plan for achieving C's
goal. Based on this observation, we argue that, in a collaborative problem-
solving environment, it is necessary to distinguish between task initiative,
which tracks the lead in the development of the agents' plan, and dialogue
initiative, which tracks the lead in determining the current discourse focus
(Chu-Carroll and Brown, 19974). This distinction then allows us to explain
T’s behavior from aresponse generation point of view: in (3b), T respondsto
C's proposa by merely taking over the dialogueinitiative, i.e., changing the
discourse focus to inform C of the invalidity of her proposal, whilein (3c),
T responds by taking over both the task and dialogue initiatives, i.e., taking
the lead in the planning process by suggesting an aternative plan which she
believes to be valid. In other words, by modeling both task and dialogue
initiatives, adia ogue system is able to determine the appropriate distribution
of task and diaogue initiatives for each dialogue turn, and thus tailor its
responses to user utterances based on its model of initiatives.

Anagentissaidto havethetaskinitiativeif sheisdirecting how the agents
task should be accomplished, i.e., if her utterances directly propose actions
that she believes the agent(s) should perform. The utterances may propose
domain actions(Litman and Allen, 1987) that directly contributeto achieving
the agents' goal, such as* Why don’t we couple engine E2 to the boxcar that's
at Elmira, and send it to Corning. 2 On the other hand, the utterances may

2 The majority of the examplesin this paper are taken from (Gross et al., 1993).
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propose problem-solving actions (Allen, 1991; Lambert and Carberry, 1991,
Ramshaw, 1991) that contribute not directly to the agents’ domain goal, but
to how they will go about constructing a plan to achieve this goal, such as
“Let’s look at the first [problem] first. | think they are separate’ An agent
is said to have the dialogue initiative if she takes the conversationa lead in
order to establish mutual beliefs between the agents, such as mutual beliefs
about a piece of domain knowledge or about the validity of a proposal. For
instance, in response to agent A’s proposal of sending a boxcar to Corning
via Dansville, agent B may take over the dialogue initiative (but not the task
initiative) by saying “ We can’t go by Dansville because we' ve got engine E1
going on that track” Notethat although these utterances contributeindirectly
to theformulation of thefinal plan (by suggesting that the current plan not be
adopted), since they do not directly propose actions to be added to the plan,
they affect initiative only at the dialogue level. The relationship between
task and dialogue initiatives is such that when an agent takes over the task
initiative, he also takesover the dia ogueinitiative, since aproposal of actions
can be viewed as an attempt to establish the mutual belief that aset of actions
be adopted. On the other hand, an agent may take over the dialogueinitiative
without taking over the task initiative, as in response (3b) in the sample
dialogue. This agrees with Cohen et a.'s theory of initiative in which they
argued that when an initiative shift occurs, the agent who took the initiative
also has taken control of the conversation, but not vice versa (Cohen et a.,
1998).

Our distinction between task and dialogue initiatives agrees with Jordan
and Di Eugenio’s view of initiative, which distinguishes between initiative,
applicable to the agents’ problem-solving goals, and control, pertaining to
the dialogue level (Jordan and Di Eugenio, 1997). Thisdistinction is further
supported by Cohen et a.'s theory of initiative where they again separate
control from initiative (Cohen et a., 1998). Novick and Sutton proposed a
multi-factor model for modeling initiative based on choice of task, choice
of speaker, and choice of outcome (Novick and Sutton, 1997). Our task
initiative correspondsto their choice of outcome, while our dialogueinitiative
corresponds to their choice of task.3 On the other hand, in Guinn’s model,
an agent has task initiative over a goa if he dictates how the agents will go
about achieving the goal, while an agent has the dialogue initiative when
both agents expect the agent to communicate next (Guinn, 1998). However,
although Guinn provides distinct definitions for task initiative and dia ogue
initiative, he also equates task and dialogue initiatives, argues that an agent
who holds the task initiative over the current mutual goal must aso hold
the dialogue initiative, and models only one type of initiative in his system.
We contend that Guinn's framework is insufficient for modeling the type

3 Their choice of speaker modelsinitiative at the turn-taking level, whichis not represented
in our view of initiative.
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of phenomenon we attempt to model in collaborative planning dial ogues by
distinguishing between task and dialogue initiatives. More specifically, by
equating task and dialogueinitiatives, Guinn’s model equates being expected
to communicate next (having the dialogue initiative in his model) to having
control over thecurrent goal (havingthetask initiativein hismodel). However,
our earlier sample dialogue illustrated a counterexample to this view in that
although T was expected to communicate next after C's question in utterance
(2), shedid not have control over the current goal in her responsein utterance
(39).

3.2. CORPUS ANALYSIS

To analyze the distribution of task and dialogue initiatives in collaborative
dialogues, we analyzed the TRAINSI1 dialogues in which two agents are
collaborating on planning a route for cargo shipping along a hypothetical
railway system (Gross et a., 1993). The TRAINSO1 corpus contains 16
dialogues based on 8 speaker pairs, and contains a total of 1000 dialogue
turns. We manually labeled each dial ogue turn in the corpus with two labels,
task initiative holder (TIH) and dialogue initiative holder (DIH). Each label
can be assigned one of two vaues, system or user, depending on which
agent holds the task/dialogue initiative during that turn.* Table | shows the
distribution of task and dialogue initiativesin the TRAINS91 dialogues. The
results of our analysis shows that although in the mgjority of turns the task
and dialogueinitiatives are held by the same agent, in approximately 27% of
theturnsthe agents’ behavior can be better accounted for by tracking the two
types of initiatives separately.

Tablel. Distribution of Task/Dialogue Initiatives

TIH: System  TIH: User

DIH: System 37 (35%) 274 (26.3%)
DIH: User 4(0.4%)  727(69.8%)

To further justify the need to distinguish between task and dialogue ini-
tiatives, and to assess the reliability of our annotation, approximately 10%
of the dialogues were annotated by two additiona coders. In this subset of
the dialogues, the original coder found that in 37% of the dialogue turns,
the task and dialogue initiatives were held by different agents, while the two
additional coders found that the two types of initiatives are held by different

4 Thetask/dialogueinitiative holder is determined on aturn by turn basis. For instance, an
agent holds the task initiative during a turn aslong as some utterance during that turn directly
proposes how the agents should accomplish their goal, asin utterance (3c).
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participants in 21% and 14% of the dialogue turns, respectively. Although
there is a discrepancy in the percentages presented above, on average, the
coders found that in 24% of the dialogue turns, the agents' behavior can
be better accounted for by tracking the two types of initiatives separately,
thus providing further support for the need to distinguish between task and
dialogueinitiatives.

Next, we used the kappa statistic (Siegel and Castellan, 1988; Carletta,
1996) to assessthe level of agreement among the three coders on this subset
of the dialogues. In this experiment, K is .57 for the task initiative holder
agreement and K is .69 for the dialogue initiative holder agreement. Carletta
reportsthat content analysisresearchers consider K > .8 to be good reliability,
with .67 < K < .8 alowing tentative conclusionsto be drawn (Carl etta, 1996).°
Strictly based on this metric, our results indicate that the three coders have a
reasonable level of agreement with respect to the dialogue initiative holders,
but do not have reliable agreement with respect to the task initiative holders.
We attribute this low level of agreement to two possible causes. First, the
kappa statistic is known to be highly problematic in measuring inter-coder
reliability when the likelihood of one category being chosen overwhelmsthat
of the other (Grove et a., 1981), which is the case for the task initiative
distribution in the TRAINSO1 corpus, as shown in Table I. Second, the low
level of agreement may be due to the fact that a small number of dialogues
were used in the coding reliability test, and that these dialogues may not
be representative of the corpus. Furthermore, as will be shown in Table VI,
Section 6, the task and dialogue initiativedistributionsin TRAINS91 are not
representative of collaborativedial ogues. We expect that by taking asample of
dial ogues whose task/dial ogueinitiative distributionsare more representative
of collaborative dialogues, we will lower the value of P(E), the probability
of chance agreement in the kappa statistic, and thus obtain a higher kappa
coefficient of agreement. However, we |leave sel ecting and annotating such a
subset of representative dialoguesfor future work.

4. Cuesfor Shiftsin Initiative

Given that initiative shifts between dialogue participants during their inter-
action, we are interested in finding out the reasons that result in such shifts.
Whittaker, Stenton, and Walker (Whittaker and Stenton, 1988; Walker and
Whittaker, 1990) have previously identified a set of utterance intentionsthat
serve as cues to indicate shift or lack of shift in initiative, such as prompts
and questions. We examined our annotated TRAINS91 corpus and identified

5 Itisan open question as to whether or not this metric (and the kappa statistic in general)
is appropriate for measuring reliability in annotating dialogue features. However, short of a
better alternative, we adopt this metric in our current discussion.
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Tablell. Cuesfor Modeling Initiative Shifts

Class Cue Type Subtype Effect Initiative
Explicit Explicit requests give up task both hearer
give up dialogue DI hearer
take over task both speaker
take over dialogue DI speaker
Discourse  Endsilence both hearer
No new info repetitions both hearer
prompts both hearer
Questions domain DI speaker
evaluation DI hearer
Obligation fulfilled  task both hearer
discourse DI hearer
Analytical  Invalidity action both hearer
belief DI hearer
Suboptimality both hearer
Ambiguity action both hearer
belief DI hearer

additional cues that may have contributed to the shift or lack of shift in task
and dialogue initiatives. This resulted in eight cue types, which are grouped
into three classes, based on the type of knowledge needed to recognize each
cue. Table Il shows the three classes, the eight cue types, their subtypes if
any, whether a cue may affect merely the dialogue initiative (DI) or both the
task and dialogue initiatives, and the agent expected to hold the initiative in
the next turn.

A cue may affect both the task and dialogue initiatives if the cue may
reasonably suggest that the hearer direct how the agents’ task will be accom-
plished in the next dialogue turn. Examples of such cues include cases in
which the speaker explicitly asks the hearer to direct the task, and those
where the speaker proposes an invalid action, thereby potentially leading the
hearer to correct the invalid action and proposing an alternative valid action.
On the other hand, a cue only affects the dialogue initiative if the cue sug-
gests that the hearer take the conversational lead in order to establish mutual
beliefs between the agents, e.g., when the speaker attemptsto verify a piece
of domain knowledge.

4.1. ExpLiCIT CUES

Thefirst cue class, explicit cues, includes explicit requests by the speaker to
give up or take over the initiative. Explicit cues may result in shiftsin both
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types of initiatives. For instance, consider the following dialogue segment
(where the cue is highlighted in boldface):

(4) U: Yeah, so go to Bath and pick up the boxcar, bring it back to
Corning and then bring it back to Elmira.

(5) S Okay, well that's 8 hours, so you're not gaining anything by
doing that.

(6) U: Okay [2sec] [sigh] [3sec] Any suggestions?
(7) S WAll, there’'sa boxcar at Dansville and you can use that.

In utterance (4), U has both the task and dialogue initiatives, since U
is explicitly proposing actions for accomplishing the agents' goal. S takes
over the dialogue initiative in utterance (5) to point out the invalidity of
the proposal. The explicit cue to give up task initiative, any suggestions, in
utterance (6) suggeststhat S should have both the task and dialogueinitiatives
in the next dialogue turn, as in (7) where S proposes a (partial) solution to
U’s problem.

Instead of affecting both the task and dialogue initiatives, an explicit cue
may be intended to affect merely the diaogue initiative, as in the following
example:

(8) U: Soyou can start making OJ and then when the OJ is ready you
load it up into the tanker car and bring it back to Avon.

(99 Okay, summarizethe plan at this point system.

(10) S Okay, lemmemake surel got all this. You wanna link the boxcar
at ElmiratoE2 ...

In utterance (8), U has both the task and dialogue initiatives, and in (9),
U employsthe give-up-dia ogue cue to explicitly hand the dialogueinitiative
over to S by asking Sto summarize the current plan, asrealized in (10). Note
that these cuesmerely indicate the speaker’sintention regarding task/dial ogue
initiativeshiftsfor thenext dial ogueturn, anditisupto thehearer to determine
whether or not such shifts actually occur. For instance, instead of utterance
(7), Smay respond to U’scue* any suggestions” by saying“ it's your respon-
sibility to make a proposal” , i.e., responding to U’s question without taking
over thetask initiative.

4.2. DISCOURSE CUES

The second cue class, discourse cues, includes cues that can be recognized
using linguisticinformation, such as the surface form of an utterance, and the
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12 J. Chu-Carroll and M. K. Brown

recognized intentionsof the utterances, such as the how the current utterance
relates to prior discourse.

We haveidentified four typesof discoursecues. Thefirst typeisperceptible
silence, or pauses, observed at the end of an utterance, which hasbeen foundto
correl ate with discourseboundaries (Grosz and Hirschberg, 1992; Passonneau
and Litman, 1993; Swerts, 1997). We believe that in the context of initiative
modeling, silence at the end of an utterance may suggest that the speaker has
nothing moreto say in the current turn and intendsto give up histask/dialogue
initiative. For instance, in the following dial ogue segment, the silence at the
end of U’sutterance led Sto take over the dia ogueinitiativeand provide what
she believed to be the most relevant information at that time, even though it
was not explicitly requested.

(11) U: Can we please send engine E1 over to Dansville to pick up a
boxcar and then send it right back to Avon. [3 sec]

(12) S Okay, it'll get back to Avon at 6.

The second type of discourse cues includes situationsin which the speak-
er's utterances do not contribute new information that has not been conveyed
earlier inthedialogue. These utterances are further classified into two groups:
repetitions, a subset of the informationally redundant utterances (Walker,
1992), in which the speaker paraphrases an utterance by the hearer or repeats
the utterance verbatim, and prompts, such as “ yeah” and “ okay” , where the
speaker merely acknowledges the hearer’s previous utterances. Repetitions
and prompts also suggest that the speaker has nothing more to say and are
indicationsthat the hearer should take over the task/dial ogueinitiative (Whit-
taker and Stenton, 1988). In the following dialogue segment, utterance (14)
isan informationally redundant utterance since it merely paraphrases part of
utterance (13):

(13) U: Grab the tanker, pick up oranges, go to Elmira, make em into
orangejuice.

(14) S Okay, then we go to Elmira, we make orange juice, okay.

(15) U: And then send the orangejuice back to Avon.

Thethird typeof discourse cuesincludes questionswhich, based on antici-
pated responses, are divided into domain questions and eval uation questions.
Domain questions are questions in which the speaker intends to obtain or
verify a piece of domain knowledge. They usualy merely require a direct
response and thustypically do not result in ashift in dialogueinitiative. Eval-
uation questions, on the other hand, are questionsin whichthe speaker intends
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to assess the quality of a proposed plan. They often require an analysis of
the proposal, and thus frequently result in a shift in dialogue initiative. In the
following dial ogue segment, U asks Sto evaluate the feasibility of aproposed
plan in utterance (16), resulting in S taking over the dialogue initiative in
(17).6 On the other hand, the domain question in utterance (18) required only
adirect response, and thusdid not result in an initiative shift in (19).

(16) U: Could it take the other boxcar back to Avon to fill up with
bananas?

(17) S Okay, we could get back to Avon by noon and that wouldn’t
leave enough time to get to Corning by 3.

(18) U: Right. Okay, so how long again between Avon and Bath?
(19) S That's4 hours.

The final type of discourse cue includes utterances that satisfy an out-
standing task or discourse obligation. Such obligations may have resulted
from a prior request by the hearer, or from an interruption initiated by the
speaker himself. In either case, when the task/dialogue obligation is fulfilled,
the initiative may be reverted back to the hearer who held theinitiative prior
to the request or interruption. As discussed in the previous section, utterance
(20) suggeststhat Stake over both thetask and dialogueinitiativesin the next
turn. This also creates atask (and thus discourse) obligation for S to satisfy
the request for suggestions by U. The utterance in boldface in (21) satisfies
this outstanding obligation, thus signals that the task and dialogue initiatives
should return to U, who initiated the request, as in utterance (22). Utterance
(22) is an evaluation question suggesting that S take over the dialogue initia-
tive, and at the same time creating a discourse obligation for S to provide an
evaluation of the proposal. Utterance (23) satisfies this outstanding discourse
obligation, signaling that the dialogue initiative be returned to U. Thusin
(24), U has both the task and dialogue initiatives, and continues the planning
process.

(20) U: Any suggestions?

(21) S WA, there's a boxcar at Dansville and you could use that,
but you’d have to change your banana plan.

(22) U: Wi the banana plan work if we get the boxcar at Bath instead
of Dansville?

5 In addition to being an evaluation question, utterance (16) also triggers the analytical cue
invalidity-action, which will be discussedin Section 4.3.
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14 J. Chu-Carroll and M. K. Brown

(23) S If you do that, the bananaswill get to Corning at 3PM exactly,
so that will work.

(24) U: Now about the oranges...

4.3. ANALYTICAL CUES

The third class of cues, analytical cues, includes cues that cannot be rec-
ognized without the hearer performing an evaluation of the speaker’s pro-
posal using the hearer’s private knowledge (Chu-Carroll and Carberry, 1994;
Chu-Carroll and Carberry, 1995). After theevaluation, the hearer may find the
proposal invalid, suboptimal, or ambiguous. When such aproblemisdetected
with respect to the speaker’s proposal, the hearer may initiate a subdial ogue
to resolve the problem, resulting in a shift in task/dialogueinitiatives.” In the
following dialogue segment, U evaluates S's proposal in (25) and believes
the action to be invalid. Utterances (26a) and (26b) illustrate two alternative
waysthat S may correct thisinvalid action. In (26a), S does so by taking over
both the task and dialogue initiatives to propose an action that will cause the
origina proposal to be valid, while in (26b), S takes over only the dialogue
initiative to point out the invaidity of the proposal.

(25) U: Let’s get the tanker car to Elmira and fill it with OJ.
(26a) S You need to get orangesto the OJ factory.

(26b) S You don't have OJin Elmira.

When the evaluation of a proposal results in the hearer believing that a
proposed belief isinvalid, the potential effect of the detected cue invalidity-
belief is for the hearer to take over the diaogue initiative (but not the task
initiative). For example, in thefollowing dialogue segment, Srespondsto U’s
proposed invalid belief in utterance (27) by taking over the dialogueinitiative
to correct the belief in (28).

(27) U: It’sshorter to Bath from Avon.

(28) S It's shorter to Dansville. The map is slightly misleading.

7 Whittaker, Stenton, and Walker (Whittaker and Stenton, 1988; Walker and Whittaker,
1990) treat subdialoguesinitiated as aresult of these cues as interruptions, motivated by their
collaborative planning principle.
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The cues ambiguity-action and ambiguity-belief are triggered when the
hearer cannot unambiguously interpret the speaker’s utterances based on her
knowledge about the domain and about the world. Their effects are similar
to those of invalidity-action and invalidity-belief described above. Finally, a
proposal is considered suboptimal if the hearer believes that there exists a
better way to achieve their goal than that proposed by the speaker. Thiswould
naturally lead the hearer to take over both the task and dialogueinitiativesto
suggest the aternative to the speaker. For instance, in the following dialogue
segment, S takes over the task and diaogue initiatives in utterance (32) to
suggest an alternative to U’s proposal in utterance (31):

(29) U: I'm looking for Saudi Arabian Airlines on the night of the
eleventh.

(30) S Right, it'ssold out.
(31) U: IsFriday open?

(32) S Let mecheck here. I’'m showing economy on Pan Am isopen
on the eleventh.

5. An Evidential Model for Tracking Initiative

Asillustrated by our corpus analysisin Section 3.2, during the course of a
dialogue, the task and dialogue initiatives switch back and forth between the
dialogue participants. Our goal isto develop amodel for tracking such shifts
in initiative, using cues identified in the previous section, in order to allow
a dialogue system to better manage its interaction with the user. Although
having the task initiative means that an agent has the lead in developing the
agents’ plan, it does not give this agent sole control over determining the
content of this plan. Instead, it merely indicates that the agent has a higher
level of involvement in directing the task planning process than the other
agent at the current point in the dialogue. Thus, in our model for tracking
initiative, we associate with each agent atask initiativeindex and a dialogue
initiativeindex, which measure the agent’s level s of involvement in directing
the planning process and in determining the discourse focus (and thus the
likelihood that the agent holds the task initiative and dialogue initiative),
respectively. In addition, we represent the effect of each cue identified in
Section4intermsof how it affects the existing task/dial ogueinitiativeindices.
Then at the end of each dialogue turn, new initiative indices are computed
based on the effects that the cues observed during that turn have on changing
the current initiative indices. These new initiative indices are then used to
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16 J. Chu-Carroll and M. K. Brown

determine the task and dialogue initiative holders for the next dialogue turn
(Chu-Carroll and Brown, 1997b).

Evidently, some cues provide stronger evidence for a shift in initiative
than others. For instance, an explicit request to give up initiativeis a stronger
cue for initiative shift than, say, silence at the end of an utterance. Thus,
in developing a framework for tracking initiative, we need an underlying
model that allows us to represent the amount of evidence a cue provides
for a shift or lack of shift in initiative. Furthermore, since multiple cues
may be observed during a dialogue turn, this model must also provide a
mechanism for combining the effects of multiple cues to determine their
overal effect on initiative shift. We adopt the Dempster-Shafer theory of
evidence (Shafer, 1976; Gordon and Shortliffe, 1984) as such an underlying
model. The reasons for this are threefold. First, the Dempster-Shafer theory
allows usto use basic probability assignmentsto represent the effect of each
cueoninitiativeshift, and the Dempster's combinationruleallowsusto easily
compute anew basic probability assignments from two existing ones, i.e., to
determine the combined effect of two observed cues. Second, the Dempster-
Shafer theory, unlike the Bayesian model, does not require a compl ete set of
a priori and conditiona probabilities, which is difficult to obtain for sparse
pieces of evidence. Third, the Dempster-Shafer theory distinguishesbetween
situations in which no evidence is available to support any conclusion and
those in which equal evidence is available to support each conclusion. Thus
the outcome of the Dempster-Shafer model more accurately represents the
amount of evidence available to support a particular conclusion, i.e., the
provahility of aparticular conclusion (Pearl, 1990).

In the next section, we give a brief introduction to the Dempster-Shafer
theory of evidence. In Section 5.2, we show how the problem of tracking
initiative can be framed to utilize the Dempster-Shafer theory, discuss our
training algorithm for determining the basic probability assignment used to
represent the effect of a cue, and discuss the performance of this model in
predicting task/dia ogueinitiative holders. Finally, in Section 5.3, we perform
an analysis of the erroneous predictions resulting from our experimentsin
Section 5.2.

5.1. THE DEMPSTER-SHAFER THEORY OF EVIDENCE

The Dempster-Shafer Theory is a mathematical theory for reasoning under
uncertainty (Shafer, 1976; Gordon and Shortliffe, 1984). It operates over a
set of possible outcomes, called the frame of discernment, ©. The e ements
in © are assumed to be mutually exclusive and exhaustive. Associated with
each piece of evidence that may provide support for the possible outcomes
is a basic probability assignment (bpa). A bpais a function that represents
the impact of a piece of evidence on the subsets of ©. It assigns a number
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Tablelll. Intersection Tableau for Computing m ;1 & m:2

{hearer} (5)  {spesker} (3)  ©(2)

{hearer} (.2) {hearer} (.1)  (.06) {hearer} (.04)
0 (.8 {hearer} (4) {spesker} (.24) O (.16)

in the range [0,1] to each subset of © such that the numbers sumto 1. The
number assigned to the subset ©; then denotes the amount of support the
piece of evidence directly provides for the set of conclusions represented by
©;. For instance, suppose two bpa's, m:1 and m;», representing the amount
of evidence that two hypothetical cues, ¢; and ¢y, provide for determining
whether or not a task initiative shift should occur are as follows, where © =
{speaker,hearer}:

my1({hearer}) =2  m;1(©) =.8
mep({hearer}) =5  mp({speaker}) =3 m;(0O)=.2

my1 indicates that observation of the cue ¢, supports an initiative shift to the
hearer to the degree .2. The remaining belief, .8, is assigned to ©, indicating
that to the degree .8, observation of this cue does not commit to identifying
whether the speaker or the hearer should have the next task initiative.

When multiple pieces of evidence are present, the theory utilizes Demp-
ster’'s combination rule to compute a new bpa from the individual bpa’s to
represent the impact of the combined evidence. Dempster’s combination rule
uses a combination function, ¢, to combine two bpas, m1 and m». This
process involvestwo steps. First, m1 @ m2 (%) iscomputed by summing all
products of theform m1(X) m2(Y ), where X and Y run over all subsets of
© whose intersection is Z. Second, if m1 ¢ ma(@) £O, then my & mo(0)
is assigned a value of 0 and the the other values are normalized according-
ly so that they sum to 1. For instance, given m,1 and m;, above, to obtain
mys1 B my2, We first compute an intersection tableau whose first column and
first row are the values assigned to m; and m;», respectively. Suppose that
my1(s;) =v; isinrow ¢ and that m»(s;) =v; isin column j. The element in
entry ¢, 7 inthetableau isthen s; N s;, and itsvalue v; x v;. Table I1l shows
the intersection tableau for m;1 @ myo.

Since my @ my(0) £0, the resulting bpa needs to be normalized. This
normalization procedure is carried out by assigning 0 to m; & my2(}) and
dividing all other values of m:1 @ my2 by 1 - k, where k is the sum of all
values assigned to (. In this example, 1 - « is.94; thus the final results of
applying Dempster’s combination rule are as follows:

my & myp({hearer}) = (1+.04+ .4)/.94 =57
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18 J. Chu-Carroll and M. K. Brown

my1 @ myp({speaker}) = .24/.94 = .26
my1 D my(©) =.16/.94= .17

The final result of computing m1 @ my represents the combined effect
of observing both cues ¢; and ¢». It indicates that when both cues occur at
the same time, they provide stronger support for the hearer taking over the
initiative in the next dialogue turn than either cue alone.

5.2. UTILIZING THE DEMPSTER-SHAFER THEORY IN TRACKING INITIATIVE

As discussed earlier, our model for tracking initiative can be outlined as
follows. We maintain, for each agent, a current task initiative index and a
current dialogue initiative index to represent the levels of involvement that
the agent hasin leading the planning process and in determining the discourse
focus in the current dialogue turn. At the end of each dialogue turn, new
initiative indices are computed based on the current indices and the effects
that the observed cues have on changing these values. These new initiative
indices then become the current initiative indices for the next dialogue turn
and the process repests.

In order to utilizethe Dempster-Shafer theory in this process, we represent
the current initiativeindices astwo bpa’s, m;_ ., and mg_ .. More specifi-
cally, thebpafor representing the current task initiativeindicestaketheform of
My—cur ({speaker}) =z andm;_.,, ({hearer}) =1—z. Atthebeginning of a
dialogue, default bpa's are used based on the coll aborative setting of the appli-
cation domain. For example, inthe TRAINS domain, areasonable default set-
tingfor theinitial bpa’'smay bem;_ .., ({user}) =.7; m;_cy, ({system}) =.3,
and mg_ . ({user}) =.6; my_c, ({system}) =.4. Thisis because the sys-
tem’sroleistoassist theuser indevising aplanto achievehisgoal ; thusthesys-
tem should have lower task and dialogueinitiativeindicesthan the user. Onthe
other hand, in the maptask domain (Canadian Map Task Dialogues, 1996), a
reasonabledefault setting may bem;_ ... ({giver}) =1; m;_ ., ({ follower})
=0,and mg_ ., ({giver}) =.6; my_qur ({ follower}) =.4. Thisisbecausethe
instruction giver has sole control over the agents' domain actions (to follow
the route on his map), but will allow the follower to ask, for instance, clarifi-
cation questions when necessary.

In addition to representing the current initiative indices as bpa's, we also
associate with each cue two bpa's to represent its effect on changing the
values of the current task and dialogue initiative indices, respectively. For
instance, the bpathat representstheeffect of cue; on changing the current task
initiative bpais m;_; ({speaker}) =z; m;_;({hearer}) =y; m;_;(©) =1 —
z — y. Recall thisindicates that if cue; is observed during the current turn,
then this observation provides evidence for the speaker taking over the next
task initiativeto the degree z, for the hearer taking over the next task initiative
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to the degree y, and to the degree 1 — x — y, the observation of this cue does
not commit to identifying whether the speaker or the hearer should hold the
next task initiative. Once we have represented the initiative indices and the
effects of cues as bpa's, then at the end of each dialogue turn, we can simply
invoke Dempster’s combination rule to compute two new bpa’s, m;_ ., and
My_new, O represent theinitiativeindicesfor the next dialogue turn based on
Myt cyr ANAd Myg_yr, aSWEl asm,_; and m,_,; for each cue; observed during
the turn. However, to employ thismodel ininitiativetracking, we need to first
determine the appropriate bpa’s to represent the effect of each cue. The next
section describes a training algorithm for this purpose.

5.2.1. Determining the Effect of Cues

In order to identify the effect that each cue has on determining the next
task/dia ogueinitiative holder, we extended our annotation of the TRAINS91
dialoguesto include, in addition to the agent(s) holding the task and dial ogue
initiativesfor each turn, alist of cues observed during that turn. We initialize
thetask and dialoguebpa’sfor each cue; tobem;_; (@) =land my_; (©) =1.
In other words, we first assume that a cue will have no effect on determining
the new task and dialogue initiativeindices. The annotated data are then used
to adjust these default bpa's based on whether or not they allow the systemto
correctly predict the next task and dialogue initiative holders. Figure 1 shows
our training algorithm for this adjustment process.

For each turn, the task and diaogue initiative bpa's for each observed
cue are used, along with the bpa's representing the current initiative indices
(Mmt_cur @d mg_.y.), to determine the new initiative indices (step 2). The
combine function utilizes Dempster’'s combination rule to combine pairs of
bpasinthe given set until afinal bpaisobtained to represent the cumulative
effect of all given bpa's. The resulting bpa’s then represent the new initiative
indices, and are used to predict thetask/dialogueinitiative holdersfor the next
dialogueturn (step 3). If thispredictionisconfirmed by theactua valuesinthe
annotated data, it indicatesthat the bpa sfor the observed cuesare appropriate
in this instance. On the other hand, if the two values disagree, Adjust-bpa
isinvoked to alter the bpa's for the observed cues, and Reset-current-bpa is
invoked to adjust the new bpa's to reflect the actual initiative holder (step 4).
In our implementation of this algorithm, Reset-current-bpa sumsthe values
assigned to speaker and hearer ineach of m;_,,.,, @Nd my_,..,, and assigns
.525 of the sum to the actual initiative holder and .475 of the sum to the other
agent.8

8 We ran a series of experiments to determine the optimal distribution of this sum by
varying the share assigned to the actual initiative holder from .525 to .975 (at .025 intervals).
Our experiment showed that values ranging between .525 and .6 yielded optimal results on
tracking the distribution of task and dialogueinitiatives on an 8-fold cross-validated test on the
TRAINSO1 corpus.
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20 J. Chu-Carroll and M. K. Brown
Train-bpa(annotated-data):

1. mi_cur — default task initiative indices
mq_cqr — default dialogueinitiative indices
cur-data — read(annotated-data)
cue-set — cuesin cur-data
2. [* compute new initiative indices */
task-bpas < task initiative bpa'sfor cuesin cue-set U {m;_cur }
dialogue-bpas < dialogueinitiative bpa's for cuesin cue-set U {mg—cur}
m;_new — COMbine(task-bpas)
My_new — coOmMbine(dialogue-bpas)
3. /* determine predicted next initiative holders*/
If m¢—new( {speaker}) > mi_new( {hearer}), t-predicted — speaker
Else, t-predicted — hearer
If ma—new( {speaker}) > ma—new( {khearer}), d-predicted — speaker
Else, d-predicted < hearer
4. [* find actual initiative holdersand compare*/
new-data «— read(annotated-data)
t-actual — actual task initiative holder in new-data
d-actual — actual dialogueinitiative holder in new-data
If t-predicted # t-actual,
Adjust-bpa(cue-set,task)
Reset-current-bpa(m—cur)
If d-predicted £ d-actual,
Adjust-bpa(cue-set,dialogue)
Reset-current-bpa(ma_cur)
5. If end-of-dialogue, return
Else, /* swaproles of speaker and hearer */
mi—cur( {speaker}) — mi_necw( {hearer})
Mma—cur( {speaker}) «— ma_pnew({hearer})
mi—cur( {hearer}) — mi_pncw({speaker})
Mma—cur( {hearer}) — ma_pnew( {speaker})
cue-set — cuesin new-data
Goto step 2.

Figure 1. Training Algorithm for Determining BPA's

Adjust-bpa, which is invoked when the system’s predicted task or dia-
logue initiative holder disagrees with the actua initiative holder, adjusts the
bpa's for the observed cuesin favor of the actua initiative holder. We devel-
oped three adjustment methods by varying the effect that a disagreement
between the actual and predicted initiative holders will have on changing the
relevant bpa's(bpa’sfor the observed cues). Thefirst isthe constant-increment
method, where each time a disagreement occurs, the value assigned to the
actua initiative holder in each relevant bpaisincremented by a constant (4),
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while that for © is decremented by A. The second method is the constant-
increment-with-counter method, which associates with each bpafor each cue
a counter which isincremented when the use of the bpa resulted in a correct
prediction, and decremented when it resulted in an incorrect prediction. If
the counter is negative, the constant-increment method is invoked and the
counter is reset to 0. This method ensures that a bpa will only be adjust-
ed if it has no “credit” for correct prediction in the past. The third method,
variable-increment-with-counter, is a variation of constant-increment-with-
counter. However, instead of using the counter to determine whether or not
an adjustment is needed, the counter is used to determine the amount to be
adjusted. In our implementation of the system, each time a bpa results in
the system making an erroneous prediction, the value for the actual initiative
holder isincremented by A/2°°“"*1 and that for © decremented by the same
amount. Thisfunction is selected to reflect our intention that the adjustment
be inversely exponentialy related to the value of the counter, i.e., the higher
“credit” the bpa has for correct prediction in the past, the less it should be
modified for occasiona errors.

5.2.2. Experimentsand Results

In addition to experimenting with different adjustment methods, we also
varied the increment constant, A. For each adjustment method, we ran 19
training sessions with A ranging from .025 to .475, incrementing by .025
between each session. We then evaluated the system’s performance based on
its accuracy in predicting the task and dialogue initiative holders for each
dialogue turn. We divided the TRAINSI1 corpus into eight sets based on
speaker/hearer pairs. For each A, we evaluated the system’s performance
in predicting the task and dialogue initiative holders using an 8-fold cross-
validation. Figures 2aand 2b show our system’sperformancein predicting the
task and dialogue initiative holders, respectively, using the three adjustment
methods. These results are compared against the prediction results using a
baseline method of predicting initiative holders without the use of cues, i.e.,
always predict that the current initiative holder will have the initiative in the
next dial ogue turn.

The results in Figures 2a and 2b show that in the vast mgjority of cases,
our prediction methods yield better results than making predictions without
cues (baseline strategy labeled “no cue”). Furthermore, substantial improve-
ment is gained by the use of countersin constant-increment-with-counter and
variable-increment-with-counter. This outcome agrees with our expectation
that without counters, the effect of the “exceptions of the rules” may accu-
mulate and result in erroneous predictions, hence the erratic behavior of the
constant-increment method. With the aid of counters, the variable-increment-
with-counter method is ableto obtain substantially better and more consistent
results than the constant-increment method. However, even by restricting the
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Figure 2b. Dialogue Initiative Prediction Results

increment to be inversely exponentially related to the “credit” the bpa had
in making correct predictions, the exceptions of the rules still resulted in
undesirable effects, hence the further improved performance by constant-
increment-with-counter.

As Figures 2a and 2b show, the best prediction results occur using the
constant-increment-with-counter adjustment method with A between .35 and
A75. Tables IVaand 1Vb show the bpa's that result from our training pro-
cedure using A=.35.° These bpa's represent the amount of evidence each cue
givesto changing the current task and dialogueinitiativeindices. For instance,

9 The cues Request-take over task and Request-take over dialogue were not used in our
experiments since they do not occur in our corpus.
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Table IVa. Trained BPA'sfor Task Initiative Shift

CueType Subtype Trained BPA
Explicit request giveuptask mi_gu:( {hearer}) =.35;m;_gu:(©O) =.65
End silence mi_..(©) =1
No new info repetitions  m;_r.p(©) =1

prompts Mi_pro( ©) =1
Obligation fulfilled  task mi_tof( {hearer}) =.35;m;i_s0r( ©) =.65
Invalidity action mi_iq(©) =1
Suboptimality mi—sub( {hearer}) =.35;m;—sup( ©) =.65
Ambiguity action Mi—aa( {hearer}) =.35 m;_qq(O) =.65

TableIVb. Trained BPA'sfor Dialogue Initiative Shift

CueType Subtype Trained BPA
Explicit request give up task ma—gut( {hearer}) =35, mg_gu:(O) =.65
giveup dialogue mg—gua( {kearer}) =35 my_gua( ©) =.65
End silence my_es(9O) =1
No new info repetitions Ma—_rep( ©) =1
prompts Ma—_pro( ©) =1
Questions domain ma—aq( {speaker}) =.35; ma_qq( {hearer}) =.35;
md_dq( @) =3
evaluation ma—cq( {hearer}) =.35 ma_cq( ©) =.65
Obligation fulfilled  task ma—tof( {hearer}) =.35;ma_ior(©) =.65
discourse ma—dof( {hearer}) =35 ma_qor(©) =.65
Invalidity action ma—ia( {hearer}) =.7;mq_ia(©) =3
belief ma—iv( {hearer}) =.35;mq_;p( ©) =.65
Suboptimality ma—sub( {hearer}) =35 mg_sups( ©) =.65
Ambiguity action Ma—aa( {hearer}) =7, ma—_qq(©) =3
belief ma—ap( {hearer}) =35 my_qp(O) =.65

the cue suboptimality provides support to the degree .35 that both the task
and dialogue initiativeswill shift to the hearer in the next turn.

Thetrained bpa'sin Tables1Vaand 1V b show that explicit requeststo give
up task or dialogue initiative provide a moderate amount of evidence for an
actual task/dialogueinitiative shift to the hearer in the next dialogueturn. The
degree of support, however, isnot as strong as one may expect for an explicit
cue. We believe that this may be the result of the the sparse data problem,°
since our training algorithm only adjusts the existing bpa for a cue if 1) the

10 There were only 2 explicit requests to give up task initiative and 4 explicit requests to
give up dialogueinitiative in the entire corpus.
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Table Va. Task Initiative Prediction Errors

CueType Subtype Shift No-Shift
error  total error  total
Invalidity action 2 2 0 13
Suboptimality 1 1 0 0
Ambiguity action 3 7 1 5

cueis actually observed, and 2) the existing bpaincorrectly predicts the next
initiative holder.

The trained bpa's for discourse cues indicate that the cues end silence,
repetitions, and prompts have no effect on changing either thetask or dialogue
initiativeindex. An analysis of these cuesin our corpus shows that they often
occur in the user’s turn and that the system often responds to them with an
acknowledgment, such as yeah or uh-huh. We believe this behavior may be
partialy dueto the rolethat each agent playsin the TRAINS domain, where
the user is expected to make a plan and the system is expected to provide
assistance in the process. As a result, the system may be more reluctant to
take over theinitiativewhen subtle hintsare given, such asthe discourse cues
under discussion. Our results further show that domain questions provide an
equal degree of support for adia ogue initiative shift to the hearer and for the
dialogueinitiativeto remain with the speaker, while the remaining discourse
cues provide a moderate degree of support for a task/dialogue initiative shift
to the hearer.

Finally, Table IVa show that when the speaker proposes an ambiguous
or suboptimal action, the cue provides a moderate degree of support for the
hearer to take over the task initiative. However, the speaker’s proposal of an
invalid action has no effect on task initiative shift. We again believe that this
may be due to the agents’' roles in the TRAINS domain, causing the system
to leave it up to the user to propose a valid alternative to an invalid action.
On the other hand, Table 1Vb show that invalidity-action and ambiguity-
action strongly support the hearer taking over the dialogue initiative, while
the remaining analytical cues provide a moderate degree of support for the
hearer to take over the dialogueinitiative.

5.3. ERROR ANALYSIS AND DISCUSSION

We analyzed the cases in which the system, using the constant-increment-
with-counter method with A = .35, made erroneous predictions. TablesVaand
VDb, which summarize the results of our analysis, show the task and dialogue
initiative prediction errors grouped according to the cue classification in
Table 1. For each cue type, we grouped the errors based on whether or not a
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Table Vb. Dialogue Initiative Prediction Errors

CueType Subtype Shift No-Shift
error  total  error  total
End silence 13 41 0 53
No new info prompts 1 6 7 193
Questions domain 13 31 0 98
evaluation 8 28 5 7
Obligation fulfilled  discourse 12 198 1 5
Invalidity action 5 15 0 0
belief 6 19 0 0
Suboptimality 1 1 0 0
Ambiguity action 6 12 0 0
belief 3 12 0 0

shift occurred in the actual dialogue. For instance, the first row in Table Va
shows that when the cue invalidity-action is detected, the system failed to
predict both cases where atask initiative shift occurred. On the other hand, in
al thirteen cases where the cue did not result in a shift in task initiative, the
system made correct predictions. Table Vaa so showsthat when an analytical
cueisdetected, the system correctly predicted all but one case in which there
wasno shiftintaskinitiative. However, 60% of thetimewhen an anaytical cue
is detected, the system failed to predict a shift in task initiative.'* Similarly,
Table Vb shows that 43% of the time when an analytical cue at the task
level isobserved (invalidity-action, suboptimality, and ambiguity-action), the
system fails to predict a shift in dialogue initiative, while 29% of the time
when an analytical cue at the dialogue level is observed (invalidity-belief
and ambiguity-belief), the system failsto predict ashift in dialogueinitiative.
Thissuggeststhat whileincluding theseanaytical cuesimprovesthesystem’s
performance in tracking both task and dialogueinitiatives, perhaps other cues
need to be identified in order to more accurately model initiative shifts under
these circumstances. We leave identifying and incorporating these additiona
cues for future work.

Table Vb showsthat when aperceptible silenceis detected at the end of an
utterance, when the speaker utters a prompt, or when the speaker fulfills an
outstanding discourse obligation, the system is able to correctly predict the
next dialogue initiative holder in the vast majority of cases.’> However, for

1 In the case of suboptimal actions, we encounter the sparse data problem. Since there is
only one instance of the cuein the set of dialogues, when the cueis present in the testing set,
it is absent from the training set.

2 Thereason that the system may predict ashift when end silence and promptsare observed,
eventhough their bpa's(Table 1Vb) indicate that such cueshave no effect on dialogueinitiative
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the cue class questions, when the actual initiative shift differs from the norm,
i.e., speaker retaining initiative for evaluation questions and hearer taking
over initiative for domain questions, the system'’s performance worsens. Our
analysisshowsthat in the case of domain questions, the erroneous predictions
can begroupedintotwo classes. Thefirst classinvolvessituationsinwhich the
response to the question requires more reasoning than that typically expected
of adomain question, causing the hearer to take over the dialogue initiative.
For instance, in the following dialogue segment, the utterance in boldface
answers the question in (33). However, since this answer was not readily
availableto S, S takes over the dialogue initiative in (34) in order to figure
out the answer to U’s question.

(33) U: WE're picking up the tanker, it needs to then go back to Elmira
and have those oranges immediately processed into OJ, filling
the tanker and zp that off to Avon. How long will that take?

(34) S Okay, sowe get back to Corning, then we have to take the long
route to Avon since the other engine is on the track going the
other way, and that’ll get usto Avon at 2pm.

Thesecond classinvolvessituationsin which the hearer, in addition to provid-
ing aresponse to the speaker’s question, offers information that she believes
isrelevant or helpful to accomplishing the agents’ task. In the following dia-
logue segment, simply “ no”, or “ no, therearen’t” issufficient to answer U’s
question in (35). However, instead of merely answering the question, S pro-
vided extrainformation that he believesto be helpful toU in hisresponse.

(35) U: Do you know if there are oranges at the orange juice factory?
(36) S Uh no, the only oranges are in the warehouse.

In the case of evaluation questions, the erroneous predictions can again
be grouped into two classes. The first class involves situations in which the
result of the evaluationisreadily availableto the hearer; thusthereisno need
for the hearer to take over the dialogue initiative in answering the question.
For instance, in utterance (39) of the following dialogue segment, U asks Sto
evaluate a plan for shipping the bananas. However, since the agents have just
reviewed the plan in (37) and (38) and utterances prior to them, the answer
to U’'s question is readily available; thus S does not take over the dialogue
initiativeto review the proposed plan asin most other eval uation questions.

(37) U: So that would be 9am, and then if we take it by the top route
that would be another 4 hours.

shifts, is because these cues often co-occur with other cues which affect dialogue initiative
indices.
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(38) S Soit getsthereat 1pm.
(39) U: Okay, so that’'sa good enough plan for the bananas, right?
(40) S Right.

Thesecond classof errorsagainincludessituationsinwhich extrainformation
isprovided by the hearer, similar to the case in utterances (35) and (36) where
the hearer provided extrainformationin responseto adomain question. Based
onthisanalysis, webelievethat athoughit isdifficult to predict when an agent
may decide to provide extrainformation in responding to a question, taking
into account the cognitive load that a question places on the hearer may
allow us to more accurately predict dialogue initiative shifts. Furthermore,
our observation suggeststhat it may be desirable for the system to take into
account, in addition to theexisting cues, the possibility of providing additional
hel pful informationto user questionswhen determining the next task/dial ogue
initiative holders, if such information exists.

6. Generality of the Model

In the previous section, we discussed the performance of our system cross-
validated using an annotated corpus of TRAINSO1 dialogues. Oneinteresting
guestion to ask now is: is dialogue participants’ behavior in initiative shifts
particular to each domain, or isit a higher-level phenomenon that describes
how conversants interact with each other in general, regardiess of the appli-
cation domain? To answer this question, we investigated the generality of our
system by training it on the TRAINSO1 dialogues, and testing it on dialogues
from four other corpora.

Using the set of bpa's in Tables IVaand Vb, we evaluated the system on
subsets of dialogues taken from the following four corpora: the TRAINS93
dialogues(Heeman and Allen, 1995), airlinereservation dialogues (SRI Tran-
scripts, 1992), instruction-giving dialogues (Canadian Map Task Diaogues,
1996), and non-task-oriented dialogues (Switchboard Credit Card Corpus,
1992). In addition, we applied our baseline strategy which makes predictions
without the use of cuesto each corpus.

Table VI shows comparisons of the features of each of the five dialogue
corpora and of the system’s performance on these dialogues. Thefirst row in
Table VI showsthe number of turnswhere theexpert!? hol dsthe task/dial ogue
initiativein each corpus, with percentages shown in parenthesesin row 2. This
analysisshowsthat thedistribution of task and dialogueinitiativesvaries quite

B The expert is determined as follows: in the TRAINS domain, the system; in the airline

reservation domain, the travel agent; in the maptask domain, the instruction giver; and in the
switchboard dialogues, the agent who holds the dialogue initiative the majority of the time.
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significantly across different corpora, with the distribution biased toward one
agent in the TRAINS and maptask corpora, and split relatively evenly in
the airline and switchboard dialogues. The third row in the table shows the
results of applying our baseline prediction method to each corpus. The num-
bers shown are correct predictions in each instance, with the corresponding
percentages shown in parentheses in row 4. These results indicate the diffi-
culty of the prediction problem in each corpusthat the task/dialogueinitiative
distribution (rows 1 and 2) failsto convey. For instance, although thedia ogue
initiativeis distributed approximately 30/70% between the two agentsin the
TRAINSO1 dialogues and 40/60% in the airline reservation dialogues, row
4 in the table shows that when predicting dia ogue initiative holders without
the use of cues, the system achieves approximately a 75% correct prediction
rate in both domains. Thisindicates that although the dialogue initiative dis-
tributionratio isdifferent for the TRAINS91 and airline reservation domains,
the frequency of dialogue initiative shifts is about the same in these two
domains, namely, 25% of all diaogue turns. Row 5 in the table shows the
prediction results using the bpa’'s shown in Tables 1Va and IVb. The second
to thelast row showsthe improvement in absol ute percentage points between
our prediction method and the baseline prediction method, whilethe last row
showssuch improvement intermsof error reduction rate. Totest the statistical
significance between the results obtained by the two prediction methods, for
each corpus, we applied Cochran’'s Q test (Cochran, 1950) to the resultsin
rows 4 and 6. Thetests show that for al corpora, the differences between the
two agorithms when predicting the task and dialogue initiative holders are
statistically significant (p<.05 and p< 105, respectively).

Based on the results of our evaluation, we make the following observa-
tions. First, Table VI illustrates the generality of our prediction mechanism.
Although the system’s performance varies across domains, the use of cues
improvesthe system’saccuraciesin predicting thetask and dialogueinitiative
holdersin all cases.!* Second, Table VI shows the specificity of the trained
bpa's with respect to application domains. When trained on the TRAINS91
dialogues, the system performs similarly well on both the TRAINS91 and
TRAINS93 corpora.’® In terms of improvement in percentage points (second
to thelast row in table), the system’s performances on the collaborative plan-
ning dialogues(TRAINSI1, TRAINSI3, and airlinereservation) most closely
resemble one another. This suggests that the bpa's may be somewhat sensi-
tive to application environments since they may affect how agents interpret

14 With the exception of task initiative holder prediction in the maptask dialogues where
there is no room for improvement. This is because in the maptask domain, the task specifies
that the task initiative remain with one agent, the instruction giver, throughout the dialogue.

% Both of the TRAINS corpora contain dialogues on the planning of cargo shipping, with
the participantsin the TRAINS93 dial ogues solving more complicated problems than thosein
the TRAINS91 dialogues.
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cues. Third, our prediction mechanism yields better results on task-oriented
dialogues (all but the switchboard dial ogues). We believe thisis because such
dialogues are constrained by the goals; therefore, there are fewer digressions
and offers of unsolicited opinion, and thus fewer unsignaled initiative shifts,
as compared to the switchboard corpus.

7. Effects of Initiative Tracking on Response Gener ation

We argued at the beginning of this paper that in order for a dialogue system
to interact with its user in a coherent and cooperative fashion, it is necessary
for the system to be able to model initiative shifts between the participants
during the dialogues. Furthermore, we have discussed an initiative tracking
model that determines new initiative indices based on the current initiative
indices and the effects that cues observed during the current dialogue turn
have on changing the current indices. Since the current initiative indices
in turn depend on the initiative indices of the previous dialogue turn and
the effects of the cues observed during that turn, this dependency chain
backtracks until we reach the default initiative indices used at the beginning
a the dialogue. Thus, the initiative indices of the next dialogue turn are
affected by threefactors: 1) defaultinitiativeindices, 2) dialoguehistory (cues
observed during the course of the dialogue), and 3) effects of observed cues.
When incorporated into a response generation system, the initiative tracking
model can be used to determine the initiative indices for system turns, thus
allowing the system to tailor its responses based on the distribution of task
and dialogue initiatives. This will then alow a generic response generation
system to alter its behavior in different application domains, such as being
more active in correcting invalid proposals and suggesting better alternatives
in acollaborative planning domain, while being passive when playing therole
of the follower in an instruction-giving domain. In the rest of this section, we
show how varying the three factors that determine the initiative indices may
affect the system responsesto user utterances.

7.1. DEFAULT INITIATIVE INDICES

To illustrate the effect of the default initiative indices on response gener-
ation, consider two domains: the TRAINS domain and the airline reserva-
tion domain. In the TRAINS domain, the system’s task is to assist the user
in devising a plan to achieve his goal. A reasonable default initiative dis-
tribution for such a task may be m;_.,, ({U}) =.7, mi_qr ({5}) =.3, and
Mg—cur {U}) =.6; mg_cyr ({5}) =.4.0Ontheother hand, inthe airline reser-
vation domain, the system plays a more active role in hel ping the user make
her plan; thus a reasonable default initiative distribution for this task may be
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Mt—cur ({LT}) =61 mt—cur({s}) =-41 and Md—cur ({U}) =61 md—cur({s}) =
4.

Given these default initial initiative indices, now consider the following
dialogue segment in the TRAINS domain, where utterance (41) is the first
utterance in the dialogue:

(41) U: | need to get oranges to Avon.
(42) S Okay.

(43) U: Move engine E2 and the boxcar from Elmira to Corning, pick
up oranges and send themto Avon.

The initiative indices for utterance (41) are those of the default initiative
setting; thus we have,

my_any QUP =7 my_ca) ({51 =3
my_cay) {UP =6 my_cay ({5}) =4

Since no cue is observed during utterance (41), the initiative indices for
utterance (42) remain the same as that for (41). The initiative indices indi-
cate that the system should have neither the task or the dialogue initiative
in response to the user’s utterance. Thus, under this particular dialogue con-
text, it is reasonable for the system to generate an acknowledgment to the
user's proposal, asin (42). Utterance (42) triggers the discourse cue prompt.
However, our trained bpa's (Tables 1Va and 1Vb) show that prompts have
no effect on shiftsin task or dialogue initiative; thusthe initiative indices for
utterance (43) remain unchanged. The user’s utterancein (43) triggersthe cue
ambiguity-action, since there are two possible routes from Corning to Avon.
We have thetask initiativeindicesfor utterance (43) and the bpa representing
the effect of the observed cue, ambiguity-action, on task initiative shift (taken
from Table 1Va, with hearer instantiated as the system) as follows:

my_ a3 {UP =7 my_(43({5}) =3
Miaa(1S1) =35 my_0a (©) =.65

Furthermore, we have the dialogue initiative indices for utterance (43) and
the bparepresenting the effect of the observed cue on dia ogue initiative shift
asfollows:

my_ a3 {UP) =6 my_(43({5}) =4
Mieaa (US =7 Mg_ua(©) =3

Tables Vlla and VIIb show the intersection tableaus for computing the
new task and dial ogue bpa’s, respectively. Based on theintersection tableaus,
the initiative indices for the next dialogue turn can be computed as follows
(see Section 5.1):
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Table Vlla. Intersection Tableau for
mi—(43 D Mi—qa

{Ur(n  {St(3

{S}(35) 0 (245 {S} (.105)
© (65 {U}(455) {S} (.195)

Table VIlb. Intersection Tableau for
mq—(43) D Md—aa

{ur(e) {SH(4

{S}(7) 0(42) {S}(28)
©(3) {Ul(18) {S}(12)

My ({S}) =(.105+ .195) /(1— .245) =.4
my_any QU }) =.455/ (1— .245) =.6

Mg cany ({S}1) =(.28+ .12) /(1— .42) =.69
Mg cany QUY) =18/ (1 — .42) =.31

The new initiativeindicesindicate that the user should havethetask initiative
while the system should take over the dialogue initiative in the next turn. In
the case of an ambiguous proposal, such an initiative distribution may lead
the system to point out the ambiguity in the proposal (thus taking over the
dialogue initiative), but not actualy resolve the ambiguity (thus leaving the
task initiative with the user), asfollows:

(44) S Would you like to go from Corning to Avon through Dansville
or Bath?

Now consider asimilar dial oguesegment in theairlinereservation domain,
where utterance (45) is again thefirst utterance in the dialogue:

(45) U: | need to go to San Antonio on Friday.
(46) S Okay.
(47)U: I'd liketo leave Newark at around 8am.
Theanaysisof initiativeindicesfor thisdialogueis similar to that for the

previousdiaogue, wheretheinitiativeindicesfor utterance (47) are the same
astheinitial default indices:
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My (47) {U}) =6 My_(47) {sShH =4
my_any{UP) =6 my_ 7 ({5}) =4

The user’s utterance in (47) again triggers the cue ambiguity-action, since
there are no direct flights from Newark to San Antonio. Thus, computing the
new initiative indices based on theinitiativeindicesfor utterance (47) and the
effect of the observed cue, ambiguity-action, we have,'®

my_ a8y ({S}) =51 m,_(4g) {U}) =.49
mg_ (ag) ({5}) =.69 my_4g) ({U}) =31

The new initiative indices indicate that the system should take over both the
task and dialogueinitiativesin the next turn. Thus, instead of merely pointing
out the ambiguity in the proposal and querying the user for disambiguation,
as in utterance (44) in the previous example, the system may take a more
activerole in the planning process as follows:

(48) S You can either connect through Houston or Dallas. The con-
nection through Houston has a 45-minute layover and through
Dallas there's a 75-minute layover. Would you like to connect
through Houston?

These two dialogue segmentsiillustrate how the system’s response gener-
ation behavior can be affected by the initial initiative indices. Thus, one can
select the default initiativeindicesto reflect the degree of task/dialogueinitia-
tive the system is expected to have for the particular application domain. As
an extreme exampl e, an appropriate bparepresenting the default task initiative
indicesin the maptask domainis m;_.,, (giver) =1. In this case, regardless
of the observed cues, theinstruction giver always has the task initiative when
planning her utterances.

7.2. EFFECTS OF CUES

As discussed in Section 6, athough the trained bpa’'s performed very well
across different domains, they performed better in the domain in which the
bpa's were trained. This suggests that perhaps different bpa’s are needed to
capturethe different effectsthat acue may have oninitiative shiftsin different
application domains. For example, our trained bpa's in Tables IVa and 1Vb
show that observation of the cue invalidity-actionin the TRAINS domain has
no effect ontask initiative shift (m;_;,_+rqins (©) =1), but strongly suggestsa
shiftindialogueinitiative(mg—;q—trains ({hearer}) =7, mi_io—trains (©) =
.3). However, in a domain where the dial ogue participants play more equa

16 The intersection tableaus are similar to those in Tables Vlla and VIIb, and will not be
shown in subseguent exampl es.
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rolesin the planning process, such asin the airline reservation domain, more
appropriate bpa's for thiscue may be asfollows, where observation of the cue
provides a moderate amount of evidence for a shift in task initiative as well:

Mt—ia—airline ({hearer}) =.35 mi_iu_qirline (@) =.65
Md—ia—airline ({hearer}) =7 my_ia_qirtine (©) =.3

Toillustrate how varying the effects of cues may affect asystem’sresponse
to user utterances, consider the scenario in which the current initiativeindices
are asfollows,

mt_cur({l/r}) =.55 mt—cur({s}) =.45
Md—cur ({U}) =.6 md—cur ({S}) =4

and the user says

(49) U: WE'Il make OJ at Elmira, and ship it to Avon through Corning
and Dansville.

Utterance (49) triggers the cue invalidity-action since the track through
Dansvilleisunavailable. Based on the current initiative indices and the effect
of invalidity-action in the TRAINS domain (where hearer is instantiated as
the system) shown above, the initiative indices for the next dialogue turn is
asfollows:

m;_(s0) ({51) =45 m;_(s50) {U}) =.55
mg_(s0) ({51) =69 my_(s0) ({U}) =31

leading the systemto take over thedia ogueinitiativebut not thetask initiative
in its response to the user’s proposal. In the case of an invalid proposal, this
may lead to aresponse that points out the invalidity of the proposal but does
not suggest avalid aternative, asfollows:

(50) S We can't go by Dansville because we' ve got Engine 1 going on
that track.

Now consider a similar dialogue in the airline reservation domain where
the user proposes:

(51) U: | want to book a ticket from Newark to Tokyo through San
Francisco on March 1.

Again, this utterance triggers the cue invalidity-action, since the system
believes that al flights from San Francisco to Tokyo are sold out for that
date. Using the same initiative distribution for the current utterance as that
for utterance (49), and the bpa's representing the effect of invalidity-action
inthe airline reservation domain (m_ ;4 airtine @A My_iq—_airline), We have
the following initiative distribution for the next dialogue turn:
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m;_(s2) ({51) =56 m;_ (52 ({U}) =.44
my_(s2) ({51) =69 my_ (52 {U}) =31

Thiswill lead the system to take over both the task and dialogue initiatives
when responding to the user’s utterance as follows:

(52) S All flights from San Francisco to Tokyo are full, but | do show
availability from L.A. Would you like to do that instead?

Undoubtedly, thesystem could have used thebpa' strained for the TRAINS
domain and provided aresponse similar to that in utterance (50), such as“ You
can’t go by San Francisco because all flightsfrom San Francisco to Tokyo are
sold out” It isthen up to the user to suggest an aternative city for making a
connection. Although these two alternative system responses may eventually
lead to the same plan for the user, we believe that the response in utterance
(52) ismore helpful and perhaps more efficient (if the user in fact accepts the
system’sproposa) inthe airlinereservation domain. Thiseffect isachievedin
our model by using bpa's designed specifically for the application domain.’
Asanother example, inthe maptask domain, the effect of the cue request-take
over task can be reduced to nil to reflect the fact that the instruction follower
cannot ever take over the task initiative.

7.3. DIALOGUE HISTORY

The effect of dialogue history on initiative shift, and hence response gener-
ation, can best be illustrated with examples of dialogue segments from the
airline reservation domain where we hypothesize the cue invalidity-action to
provide a moderate degree of support for a shift in task initiative, as in the
previous section. Suppose that in the preceding dial ogue the user has stated
her goal to travel from Newark to San Francisco then to Seattle, that the
current initiativeindices are as follows,

Mt—cyr ({U}) =7 mt—cur({s}) =3
md—cur({U}) =7 md_cw({s}) =3

and the user says

(53) U: For the Newark to San Francisco leg, | would like United 805
leaving Thursday morning at 9am.

This utterance triggers the cue invalidity-action since the system believes
that United 805 is sold out. The new initiativeindices are

7 In this example, we hypothesized what we believe to be appropriate bpa's for the airline
reservation domain. In the actual development of a system, in order to tailor effects of bpa's
to specific domains, we need to annotate a corpusin the new domain and perform the training
process described earlier in this paper to obtain the new bpa’s.
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my_sqy {5} =4 my_s5s{U}) =6
My (54) ({51 =59 My_ (54) HUup =41

suggesting aresponseinwhichthesystemwill takeover thedialogueinitiative
but not the task initiative, such as the following:

(54) S I’'m showing that United 805 is sold out.
Now suppose that the user continues with:

(55) U: In that case, I'll go with Continental flight 51, leaving at
9:20am.

Since utterance (54) triggers the cue obligation fulfilled-dialogue and utter-
ance (55) again triggersthe cue invalidity-action, theinitiative indicesfor the
next dialogue turn will be:

my_ sy ({S1) =51 m;_(s) ({U}) =.49
mg_(se) {51 =75 my_(s6) ({U}) =.25

Thus, instead of merely pointing out the invalidity of the proposal, as in
utterance (54), the system will take over both the task and dial ogueinitiatives
and suggest avalid alternative, such asin the following:

(56) S That flight is full aswell. I'm showing that American Airlines
flight 104 isopen, and it leaves Newark at 9: 30am. W that be
ok?

The extended dialogue in this section illustrates the effect on dialogue
history on response generation, i.e., how the cumulative effect of previous
cues affects system behavior. Noticethat athough in both utterances (53) and
(55), the cue invalidity-action is observed, the system responded to them in
different manners, namely, by taking over merely the dialogue initiative in
responseto the former, whiletaking over both thetask and dialogueinitiatives
in the latter. This behavior reflects our expectation that in a collaborative
planning process, the system may not jump in and take over the planning
process at the user’s first mistake, but if the system senses that the user is at
alost, eg., making several mistakesin arow, a cooperative system will offer
help by proposing avalid plan.

7.4. DISCUSSION
In the previous sections, we showed how initiative shifts, and hence the sys-
tem’s response generation behavior, may be affected by the default initiative

indices, the effects of observed cues, and the discourse history. We have dis-
cussed how the default initiative indices and the effects of observed cues can
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be affected by the application domain and the role the system plays in the
domain. Furthermore, it is possible that, during its interactions with users,
the system may modify its default initiative indices to more specific indices
tailored to specific users, as well as adapt the bpa's that represent the effects
of observed cues based on user behavior. Such adaptation will then alow the
system to tailor its model of initiative tracking to individual users in future
interactions. Thus, our model of initiativetracking allows the system to tailor
its responses to user utterances based on the application domain, the sys-
tem’s role in the domain, user characteristics, as well as prior system-user
interaction in the dialogue history.

8. Future Work

We are currently investigating other potential cues that may provide addi-
tional information for signaling initiative shifts. To thisend, we analyzed the
coverage of our existing cues. Our analysis shows that the cues shown in
Table Il covered 92% of the shiftsin dialogue initiative in our experiment,
leaving 47 unsignaled shifts which can be grouped as follows. First, there
are 22 cases in which the hearer, a the end of a dialogue turn, takes over
the initiative to provide unsolicited but helpful information. Second, there
are 11 cases of interruptions, 7 in which the hearer completes the speaker’s
utterance and 4 in which the hearer interrupts the speaker and initiates a new
topic. Findly, there are 14 cases in which a shift in initiative occurred as
aresult of a return from a previously unsignaled shift in initiative. We are
currently investigating potential cues that may shed some light on the cause
of such unsignaled shifts. In particular, we are looking into how prosodic
information, such asintonationa patternsand final syllablelengthening, may
provide information on initiative shiftsthat our current cues, based solely on
linguistic and domain knowledge, fail to convey.

At present, the only evaluation that we have performed on our initiative
tracking model is an assessment of how well it can predict the task/dialogue
initiative holders in naturally-occurring collaborative dialogues. However,
we have not been able to evaluate the effect of this initiative model on the
response generation process and the quality of the resultant dialogues. In the
longer term, we plan to incorporate this initiative tracking modd into the
speech-to-speech transaction-based dia ogue system we are currently devel -
oping. The understanding component of this dialogue system will attempt to
automatically identify cues from the user’s utterances in order for the system
to determine the initiative indices for the next dialogue turn. The initiative
indiceswill then be used by the response generation component to determine
an appropriate response to the user’s utterance. This dialogue system will
then serve as a testbed for varying the system’s mixed-initiative behavior in
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dialogueinteraction and for eval uating the cooperativeness and coherence of
the dialoguesthat ensue.

9. Conclusions

In this paper, we presented a model for tracking shifts in initiative between
dialogue participants in mixed-initiative dial ogue interactions. We showed
why it is necessary to distinguish between task and dialogue initiatives, and
discussed how thisdistinctionalowsusto mode phenomenain collaborative
dialoguesthat existing frameworks are unable to explain. We identified eight
types of cues that affect shiftsininitiative in dialogues, and showed how our
evidential model for tracking initiativeis able to predict task/dialogueinitia-
tive shifts based on the distribution of the current task/dialogueinitiative, as
well astheeffectsthat observed cueshave on changing the current distribution.
Our experiments show that by utilizing the constant-increment-with-counter
adjustment method in determining the basi c probahility assignmentsfor each
cue, the system can correctly predict the task and dialogue initiative holders
in 99.1% and 87.8% of the dialogue turns, respectively, in the TRAINS91
corpus, compared to 96.8% and 74.9% without the use of cues. The dif-
ferences between these results are shown to be statistically significant using
Cochran’s Q test. In addition, we demonstrated the generality of our model by
applying it to dialoguesin other collaborative dialogue corpora. The results
indicate that although the basic probability assignments may be sensitive to
application environments, the use of cues in the prediction process consis-
tently provides substantial improvement in the system’s performance. Finally,
we showed how the use of an initiative tracking model in a dialogue system
will alow the system to tailor its responses to user utterances under different
circumstances, based on the application domain, system’srolein the domain,
dialogue history, and particular user characteristics.
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